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Editorial

Preface for “Big Data Mining and Analytics with Applications”

Hongzhi Wang ! and Chen Ye %*

1
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*  Correspondence: chenye@hdu.edu.cn

This is the preface for the Special Issue “Big Data Mining and Analytics with Applica-
tions”, which was published in the MDPI journal Mathematics. Among the 26 submissions
received for this Special Issue, the editors selected nine articles and one review paper that
successfully passed the peer-review process. They contain original research ideas that have
made significant advancements in the theory of Big Data Mining and Analytics with Appli-
cations. In particular, the topics discussed in these 10 papers are related to span predictive
modeling for spatiotemporal data (e.g., traffic, air quality, crowd flow), data quality and
repair, automated data understanding (e.g., table type prediction), advanced clustering
and user segmentation, scalable statistical learning (e.g., Bayesian variable selection), and
text mining applications (e.g., document classification, fake review detection). Together,
they highlight a strong focus on efficient, robust, and interpretable methods for big data
mining and analysis across domains.

Contribution 1 presents a two-stage hybrid extreme learning machine for short-term
traffic flow forecasting. By combining particle swarm optimization and gravitational
search algorithm to optimize extreme learning machine parameters, the model enhances
prediction accuracy and stability while retaining the fast training advantage of extreme
learning machines. Contribution 2 introduces a modified y-Sutte indicator for air quality
index prediction, which reduces computational complexity by using a shorter sliding win-
dow while maintaining high accuracy. Validated on datasets from Taiwan and Laos, the
method outperforms existing a-Sutte, 3-Sutte, and ARIMA models across multiple metrics,
demonstrating both efficiency and transferability. Contribution 3 proposes an automated
method for predicting web table column types by integrating CNN with a knowledge
base-based voting mechanism. Entities in the table are queried from a knowledge base to
identify corresponding categories, expanding the dataset and generating synthetic column
samples for data augmentation, thereby enhancing the model’s generalization capability.
The approach employs a CNN to predict each sub-column and averages the probabilities,
while entity description texts extracted from the knowledge base are used to compute
keyword coverage as voting probability. The final result is determined by comparing these
two probabilities. Contribution 4 implements a two-step cluster analysis methodology
to empirically segment travel application users. By employing a log-likelihood distance
measure that effectively handles both continuous and categorical variables and utilizing
information criteria (AIC/BIC) to automatically determine the optimal number of clusters,
this study overcomes the limitations of traditional distance metrics. The resulting identifi-
cation of four distinct user profiles provides a data-driven framework for understanding
real-world usage patterns, offering a methodological contribution to user segmentation in
Mobility-as-a-Service research. Contribution 5 proposes the VBSSLQR method, which effi-
ciently performs variable selection in high-dimensional quantile regression by integrating
the Spike-and-Slab Lasso prior with Variational Bayesian inference. This approach avoids
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the computational burden of MCMC sampling and non-convex optimization, enabling
scalable and uncertainty-aware variable selection without relying on sub-Gaussian error
assumptions. Contribution 6 provides a comprehensive survey on multi-source data repair-
ing, systematically categorizing error types into entity overlapping, attribute conflicts, and
value inconsistencies. By organizing existing methods into a unified taxonomy covering
entity resolution, truth discovery, and inconsistency repair, this review establishes a clear
methodological framework for the field. The survey further identifies key challenges
in compound-error repair and semantic-aware detection, offering valuable guidance for
future research in multi-source data quality management. Contribution 7 applies the con-
cept of gradient descent to clustering problems to improve the effectiveness of clustering
methods. A generic clustering objective function is proposed, enabling more intelligent
updates of cluster centroids. To address the slow convergence of gradient descent, Nesterov
momentum is incorporated. The method offers greater flexibility by allowing the use of
any differentiable distance function in the clustering objective function. Contribution 8
addresses the challenge of efficiently classifying and managing the massive documents gen-
erated in educational reform by designing and implementing an automated classification
system. After defining classification criteria, constructing a dataset, and preprocessing the
data (including tokenization, stop word removal, and part-of-speech tagging), text features
are extracted using the TF-IDF algorithm, and the Naive Bayes algorithm is selected for
classification. A software tool is developed to facilitate user interaction, visualizing the
distribution proportion of document categories. Contribution 9 aims to eliminate ‘water
army’ in e-commerce platform comment sections by combining TF-IDF and LSI models
to identify water army based on behavioral and content features. The processed reviews
are further analyzed using a TextCNN model for sentiment analysis, categorizing them as
positive or negative. LDA topic modeling is then applied to analyze themes in both positive
and negative reviews. Contribution 10 introduces spatial heterogeneity for large-scale
crowd flow prediction by employing two fully connected networks to cluster spatial units
into different types a posteriori and adaptively. Convolutional layers compress redundant
information in historical crowd flow to extract shared patterns of clusters. The temporal
evolution of these shared patterns is predicted, and they are mapped back to physical space
to derive trend flows. The difference between trends and actual flows is learned to enhance
prediction accuracy.

Looking ahead, future research should prioritize the integration of semantic awareness,
cross-domain generalization, and uncertainty quantification in big data mining and analyt-
ics. Building on the advances in this Special Issue, key directions include the following:
(1) developing unified frameworks for compound error repair that jointly resolve entity,
attribute, and value inconsistencies using deep semantic representations; (2) designing
adaptive spatiotemporal models that explicitly account for heterogeneous dynamics (e.g.,
in traffic, crowd flow, or air quality) through interpretable, physics-informed architectures;
(3) advancing scalable Bayesian and optimization-based methods for high-dimensional data
that provide reliable uncertainty estimates without restrictive distributional assumptions;
and (4) creating knowledge-enhanced learning systems that seamlessly fuse structured
knowledge bases with neural models for robust table understanding, text mining, and
anomaly detection in real-world applications. Such efforts will bridge the gap between
algorithmic innovation and practical deployment in complex, multi-source data ecosystems.

The Guest Editors extend their sincere appreciation to all of the authors for their
valuable contributions to this Special Issue. We are also deeply grateful to the anonymous
reviewers for their insightful and professional evaluation reports, which have significantly
enhanced the quality of the submitted manuscripts. Furthermore, we acknowledge the
excellent collaboration with the publisher, the constant assistance provided by the MDPI
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associate editors in bringing this project to the end, and the support of the Managing Editor
of this Special Issue, Ms. Helene Hu.
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A Two-Stage Hybrid Extreme Learning Model for Short-Term
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Abstract: Credible and accurate traffic flow forecasting is critical for deploying intelligent traffic
management systems. Nevertheless, it remains challenging to develop a robust and efficient fore-
casting model due to the nonlinear characteristics and inherent stochastic traffic flow. Aiming at
the nonlinear relationship in the traffic flow for different scenarios, we proposed a two-stage hy-
brid extreme learning model for short-term traffic flow forecasting. In the first stage, the particle
swarm optimization algorithm is employed for determining the initial population distribution of
the gravitational search algorithm to improve the efficiency of the global optimal value search. In
the second stage, the results of the previous stage, rather than the network structure parameters
randomly generated by the extreme learning machine, are used to train the hybrid forecasting model
in a data-driven fashion. We evaluated the trained model on four real-world benchmark datasets
from highways A1, A2, A4, and A8 connecting the Amsterdam ring road. The RMSEs of the proposed
model are 288.03, 204.09, 220.52, and 163.92, respectively, and the MAPEs of the proposed model are
11.53%, 10.16%, 11.67%, and 12.02%, respectively. Experimental results demonstrate the superior
performance of our proposed model.

Keywords: intelligent transportation system; traffic flow modeling; time series analysis; machine
learning; noise-immune learning

MSC: 05C21

1. Introduction

A pivotal enabler for an intelligent transportation system is the forecasting of traffic
flow in the short term [1]. Reliable traffic flow forecasting in real time is aiming to improve
traffic operation efficiency and alleviate traffic congestion, which plays a foundational
role in guidance implemented and traffic control [2]. An efficient response to traffic
congestion can avoid more economic losses and save driving time [3]. Therefore, it has
attracted great attention from commercial organizations, public institutions, and individual
drivers [4]. However, traffic flow contains seasonality masked by noise and random
behavior influenced by external factors, which makes accurate and reliable prediction still
a challenging mission [5].

There are different stages of the evolution of traffic prediction methods. A series of
models and theories have been constructed in the literature, which is usually roughly
classified by time series models, dynamics models, and machine learning models. Random
walk, historical average, autoregressive model, and its variants could be categorized as time
series models. A simple yet powerful method for making accurate traffic flow forecasting
is proposed based on a series of standard structures in traffic flow from the autoregressive

Mathematics 2022, 10, 2087. https:/ /doi.org/10.3390/math10122087 4 https:/ /www.mdpi.com/journal /mathematics
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integrated moving average (ARIMA) and its variants [6,7]. The Kalman filtering, which
forecasts the continuous changing of the traffic flow by simulating the evolution of the traffic
flow as a linear dynamic system, is the most typical dynamic mode [8,9]. Nevertheless,
complex and nonlinear characteristics of traffic flow could not be handled efficiently by
these two kinds of models due to their structure based on the stability assumption. Later,
researchers have employed machine learning for forecasting traffic flow with complex
and nonlinear features [10,11]. For instance, a k-nearest neighbor regression model based
on sample-rebalanced outlier-rejected is developed for the prediction of traffic in the
short term [12]. Cai et al. [13] demonstrated that there are more performance advantages
of the support vector machine regression model optimized by the gravitational search
algorithm than the original support vector machine in traffic flow forecasting. A noise-
immune boosting framework was developed by Zheng et al. for forecasting short-term
transportation flow [14]. Moreover, the search data-driven optimal models for traffic flow
forecasting could be searched by evolutional algorithms [15,16].

In recent years, the popularity of deep learning has increased rapidly in capturing
complex and nonlinear patterns in traffic [17-19]. In the early stage, when deep learning
is introduced into traffic flow forecasting, stacked autoencoder (SAE) networks [20,21]
and deep belief network (DBN) [22] are representative. Then, long short-term memory
networks and recurrent neural networks have also been drawn into short-term traffic flow
forecasting [23-25]. Luo et al. applied a graph convolution model to make use of the spatial
correlation of traffic flow for forecasting [26]. On this foundation, a host of spatiotemporal
prediction models is proposed for forecasting traffic in the short term [27-30].

All of the above deep learning models show their robust and significant performance
for traffic flow prediction. Nevertheless, the deficiency and low-quality training data may
cause these models to fall into local minimum [31,32]. All the network parameters are
optimized iteratively based on the gradient descent algorithm according to the principle of
empirical risk minimization in deep learning networks [19,33], which greatly improves the
computational complexity. Furthermore, determining an optimal network for a tangible
road network is based on corresponding expertise knowledge. That is to say, learning a
network model f for the nonlinear mapping between the historical traffic flow X and the
future traffic flow X is the goal of traffic flow forecasting, e.g., X = f(X). Nevertheless,
the best performance for every dataset is laborious to realize on a single optimal model f*
unless consuming massive computing resources.

The potential of evolutionary algorithms to exploit a model’s model is reconsidered to
deal with these issues. A meta model F is the learning object of it, and the optimal forecast-
ing model f* could be obtained from the traffic flow data spontaneously, e.g., f* = F (X, f).

In this paper, an uncomplicated but effective hybrid, which applies a data-driven
fashion to determining a suitable traffic flow forecasting model, is proposed as an example.
The combining PSO and GSA are used as a meta model in this example, and the ELM is a
base forecasting model. Extreme learning machine (ELM) declared by Huang et al. [34] has
been extensively employed for predicting short-term traffic flow with a fast learning rate
and simple network structure. On the premise that the activation function of the hidden
layer is infinitely differentiable, ELM ascertains the hidden layer biases and input weight
by random initialization; then, it employs the Moore-Penrose (MP) generalized inverse for
calculating the output weights matrices [33]. The special network structure of ELM could
avert or improve some problems such as local minimum, stopping criterion, and learning
rate, which are generated by gradient-based learning methods [35,36]. Nevertheless, it is
momentous to calculate the optimal hidden layer biases and input weight in ELM [15]. An
improper network parameter setting will lead to the problem of overfitting or a decline in
forecasting accuracy.

To combat the problem, this article reformulates the extreme learning machine ma-
jorized by particle swarm optimization combing gravitational search algorithm, termed a
PSOGSA-ELM hybrid model, for traffic flow prediction. During the fundamental idea of
our model, a data-driven optimization task replaces the selection of the optimal combina-
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tion for the hyperparameters of the ELM model, and then, the optimal solution for this task
is obtained by a hybrid heuristic swarm intelligent algorithm.
Our contributions to this paper are summarized as shown below:

e We apply the perspective of a meta model to rethinking the amelioration of traffic
flow forecasting models, with an example about a learning model optimized by a
data-driven hybrid evolutionary algorithm.

*  We establish a particle swarm optimization combining a gravitational search algo-
rithm optimized extreme learning machine model for forecasting traffic flow in the
short term.

*  We demonstrate the practicability of our motivation of the data-driven meta model by
sufficient experiments, whose results demonstrate the outperformance of the proposed
model to state-of-the-art models.

The remaining sections of this article are organized as follows. Section 2 reviews the
idea of a data-driven meta-model and demonstrates a hybrid extreme learning machine
optimized by combining particle swarm optimization and gravitational search algorithm.
Section 3 introduces the details of our empirical study on four base datasets gathered
from the expressways of Amsterdam, Netherlands. The summary of our study is given in
Section 4.

2. Methodology

In this section, an extreme learning machine is applied to establish the traffic flow
forecasting model first. Then, particle swarm optimization is employed for determining
the parameters of the gravitational search algorithm. Later, the resulting PSOGSA hybrid
module is used to optimize the extreme learning machine.

2.1. Extreme Learning Machine

Gradient descent algorithm is applied to renew the parameters in the training process
of traditional neural networks. This way, the output result of the neural network can
gradually approach the expected one with a decrease in the sum of square errors. There are
differences between the conventional feedforward neural network and the extreme learning
machine, which is a machine learning algorithm based on a feedforward neural network
with a single layer. In ELM, calculating the hidden layer parameters is the approach to
determining the output weight, and the hidden layer is built stochastically. This network
structure makes the algorithm have faster convergence speed and lower computational
complexity, and it also has advantages in fitting ability and generalization performance
compared with the traditional gradient-based learning algorithm [37,38]. The standard
ELM three-layer structure is shown in Figure 1.

Output layer

Figure 1. The number of hidden layers in extreme learning machine is only one with three parameters:
hidden layer biases w, input weight x, and output weight ¢.
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The detailed description of ELM traffic flow forecasting model is as follows. First,
the traffic flow at the ath measurement location at the ith time interval could be assumed
as ‘ulga). Then, we employ {(e(l),t(l))}fi ; for representing N traffic flow training sam-
ples. After that, the traffic flow at the past and current v — 1 time interval is set as
ell) — [ l@u e yl(a)]le, in which A is the number of measurement locations and v
is the time lag. Later, the factual data of the i specimens for the traffic flow prediction model
are represented by f()) = | Si)l] 4 . The feedforward neural network with a wy hidden
nodes hidden layer is demonstrated as:

Hp =T, M

in which H = ( gij)i:l,...,N,jzl,‘..,wo indicates the output matrix of the hidden layer. Among
them, g;; = f( X]-Tei + wj) denotes the output of the jth hidden node with regard to e;.
The input nodes and the jth hidden neuron could be linked by a weight vector x; =
Xj Xj2r s )(jn]T. w; represents the bias of the jth hidden neuron. The matrix of output
weights is expressed as § = [B1, B2, - - -, Bw,) ', and we can connect the output nodes and
the corresponding jth hidden neuron by the weight vector j = 1,. .., wy. To the right of the
formula, the objective matrix is denoted as T = [t1,tp,...,t N}T. The operating principle
of ELM is to initialize the hidden deviation and input weight randomly. Then, a rational
activation function is chosen to ascertain the matrix H. After that, by calculating the least-
squares (LS) solution of the linear system, which plays a role in training the feedforward
neural network, the output weight ¢ could be calculated. The solution procedure is

demonstrated as Equation (2).
B=H'T, @)

in which H' denotes the Moore—Penrose (MP) generalized inverse of matrix H.

2.2. Standard Gravitational Search Algorithm

Rashedi et al. [39] proposed a novel heuristic optimization algorithm based on Newto-
nian laws of gravity and law of motion. In gravitational search algorithm, mutual attraction
occurs between all substances under the action of gravity force. Heavier substances that
may be close to the global optimal value will make other substances move toward them-
selves because the heavier substances have greater attraction. Consequently, the solving
process of the problem to be optimized is transformed into the process of finding heavier
substances [40]. Assume that v substances are distributed in a d-dimensional exploitation
space; then, Equation (3) represents the position of the xth substances.

ax:(z}c,zi,...,ti,...,zg’()forx:1,2,...,0, (3)

where a? is the location of the xth substances in the d-dimensional space. The xth substance

is gravitated by the yth substance at the fyth iteration, as shown in Equation (4).

My (to) X Mx(to)
ny(t()) +4

F{,(to) = G(to) (&(to) — 4 (t0)), 4

in which M,(tp) is the inertial masses of the substance x which is affected by gravity,
and the force producing substance y is represented as M, (fp). J denotes a tiny appropriate
constant and the Euclidian distance between substance x and substance y is Zy, (fo). G(t) =

Goe_g(%o) represents a gravity constant which gradually decreases during the iteration
process, and it is also the controller of the optimized accuracy process. S represents the
total iterations, { denotes the manually adjusted constant, and the initial value of G; is Gy.
The total gravity acting on the xth substance is the stochastic weighted sum of the force
applied from another substance in the dth dimension.
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ny(to): i mndF (to), )

y=1y#x

where rand, € (0,1) denotes a stochastic value employed for increasing the stochastic
features of GSA. A global search tactic on the solution space is applied to keep the GSA from
sinking into the local minima at the beginning of the optimization process. Then, the global
exploitation fades out and local exploitation fades in with the running of the algorithm.

In the process of standardizing exploration and exploitation, the optimization ability
of GSA could be improved. After that, the number of the agent is decreased to maintain
the balance of exploitation and exploration. Other substances are subjected to gravity
from a group of substances with larger mass (A,s; corresponding optimal solution) [39].
Equation (6) could strengthen the performance of GSA, whereas by the time function, Ay,
decreases with the increase of the number of iterations.

1%

Fi,(t) = Y randyF{(to). (6)

y#xrye/\best

The acceleration of substance x at time t( in the d-dimension is shown as Equation (7)
based on Newton’s second theorem.

d
“z (tO) = ]ch((ttoo)) ’ (7)

where My (to) is the inertial mass of the xth substance. The velocity and direction of the
substance are regulated by the acceleration function. The velocity and position of the
substance is updated under the guidance of Equations (8) and (9) in every iteration.

v (tg +1) = randy x (ko) + al(ty), 8)

Gto+1) = l(to) + v (tg +1). ©)

In Equation (9), the position and speed of the substance at the fyth iteration is denoted
as v (ty) and 1 (to). Then, we can calculate the inertia mass according to the size of the
fitness value. The distance between the substance and the optimal value decreases with
the increase of its inertial mass, which demonstrates that the attraction of the substance is
inversely proportional to its moving velocity. Later, the inertial mass of the substance is
updated as following;:

_ fitx(ty) — worst(ty)
mx(to) = best(ty) — worst(ty)’ (10)
_ mx(tO)
in which
worst(ty) = ggx fite(to), (12)
best(ty) = eqazm fitx(to), (13)

and where fity () denotes the fitness value of the xth substances at time t.

2.3. Standard Particle Swarm Optimization

According to the observation of the social behavior of biological organisms, Kennedy
and Eberhart propose an evolutionary computation algorithm termed particle swarm
optimization (PSO) [41]. PSO explores the best solution in the specified search space
through free-flying particles. These particles could be regarded as candidate solutions,
and seeking the best particle in the path is the process of seeking the best solution. That is
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to say, the best solution found so far has the same performance as the independent solution
of each particle.

In D-dimensional space, a population composed of Ny particles can be assumed
as P = (P, Py, ..., Py), in which the Ith particle is denoted as a D-dimensional vector
b= lpn,pr -, P p]T. The advantages and disadvantages of the current position can
be determined according to the calculation results of the fitness value corresponding to
the particle position P;, based on the objective function. There is a speed representing the
direction and the distance of each particle. p = [p;1, 12, - - ., pip]T denotes the speed of the
th particle. The position and speed of the particles are updated in each iteration of the PSO,
as shown in the following:

g+1

05 = ¢ps, + wiki (5 — piy), (14)
1 1
Pﬁ = P(zgd + Pf{; , (15)

inwhich Q = [g1,92,.-.,qp]" is the global best position of colony and Q; = [q;1, 912, - - -, qip] "
is the individual best position of the ith particle. The inertia weight is ¢ and the number of
hidden layer nodes is g. w1 and w, are employed for representing the factors of learning.
The range of the speed is denoted as [Vgyin, Vomax] and terms 1 and «; are stochastically

ascertained in range U(0,1).

2.4. ELM Optimization Learning Based on Data Driven

The installation of the ELM network structure has a non-negligible influence on the
forecasting accuracy of the traffic flow model. In this article, we employ PSO instead of
the original random method for generating the initial population of GSA, to improve its
performance. Then, the hybrid evolutionary algorithm is employed for completing the
data-driven optimization tasks, which are transformed from a selection of input weight
and hidden layer threshold in ELM. Figure 2 demonstrates the workflow of the obtained
data-driven traffic flow forecasting model, which is termed the PSOGSA-ELM model.
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Figure 2. The network structure of the proposed PSOGSA-ELM.

3. Experiments
3.1. Data Description

In this section, four benchmark traffic datasets are employed for appraising the
PSOGSA-ELM model. Wang et al. [42] collect these datasets from four freeways Al,
A2, A4, and A8, which end at Amsterdam A10 Ring Road. MONICA loop detectors are
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employed for collecting these datasets from 20 May to 24 June 2010, and the detection
location is demonstrated in Figure 3.
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Figure 3. Base road conditions of Al, A2, A4, and A8 highways in Amsterdam.

The raw traffic flow data are summarized by rolling stocks every hour per minute, which

consists of five weeks. The following is the fundamental message of the four motorways.

The Al freeway is an extremely significant route in Europe whose extraordinary
position is the link between the German border and Amsterdam. The first 3+ barrier-
separated lanes with high-occupancy vehicle (HOV) in Europe is located on the Al
freeway. Therefore, forecasting traffic flow accurately is thrown down the gauntlet
because the flow on an HOV vehicle lane changes dramatically over time.

The A2 expressway links the Belgian border and the city of Amsterdam, which is one
of the expressways with the highest traffic flow in the Netherlands. The data collected
before the road widening in 2010 could be employed for evaluating the performance
of the proposed framework when the road falls into traffic congestion in our research.
As a section of the Rijksweg 4, the A4 expressway in the Netherlands is another high
priority, starting from Amsterdam and ending at the Belgian border.

A8 is the shortest of the four freeways, starting from the A10 motorway at interchange
Coenplein to the Zaandijk, and the total length is less than 10 km.

Li et al. [43] proposed a statistical learning method, which is applied for correcting

and complementing the missing values in the original data collected by the detector.
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3.2. Evaluation Criterion

In this article, two frequently used criteria are applied to test the forecasting perfor-
mance. The root means square error (RMSE) demonstrates the average difference between
the predictive value and the measured value. The mean absolute percentage error (MAPE)
calculates the percentage of the differences. The mathematical definitions of the two criteria
are shown in Equations (16) and (17), respectively.

50
RMSE = J pio Y. (2(po) — ulpo))?, (16)
po=1
_ L | a0) = (o) | | 1000
MAPE = B, pozzll u(70) x 100%, (17)

where 1(po) and u(pg) denote the predictive value and the measured value of the pyth
sample.

3.3. Performance Evaluation

To assess the prediction performance of PSOGSA-ELM, we compare the proposed
model with some traffic flow models which are commonly applied in the intelligent
transportation system.

Historical average (HA): HA is employed for forecasting the average of the identical
time on an identical day in the weeks before a given time in a day.

Exponential smoothing (ES): Exponential smoothing (ES) is a particular weighted
moving average method (MA), which is an important category of time series analysis and
prediction methods [44]. The forecasted values during the observation period are further
affected by the recently observed values due to the unequal weights given by the observed
values at various times. To mirror the flatness of the trend change, we employ the double
exponential smoothing method for setting parameter «¢ in the model to 0.4.

Artificial neural network (ANN): ANN is a kind of nonparametric learning model
with a single hidden layer neural network structure. According to the network parameters
criteria in [45], we set the MSE target value as 0.001, the maximum number of neurons as
40, the number of hidden layers as 1, and the expansion speed of the radial basis function
as 2000. Based on the default value, 25 neurons are set to add between displays.

Decision trees (DTs): The DT model, which is based on the classification and regres-
sion tree (CART), is employed for forecasting traffic flows in our experiment. In CART,
the robustness against missing data and noise is strong, and the prior hypothesis is not
necessary. The detailed knowledge about CART is in [46].

Autoregression (AR): The AR has been widely applied to forecasting traffic flow as a
linear regression model. In AR, the linear combination of stochastic variables at a previous
moment is employed for describing the random variables at a later moment, and then, the
randomness of traffic flow could be handled effectively. We set the parameter p from 0 to 8
according to the suggestion in [20].

Seasonal autoregressive integrated moving average (SARIMA): In the data collected
regularly, there are usually sequential lag relationships, whose correlation could be further
excavated and applied by the SARIMA model for forecasting the traffic flow [35]. We set
the parameters of the model as SARIMA(1,0,1) x (0,1,1)1008, ¢o = 0.8, 69 = 0.4, ©9 = 0.8.

Support vector machine regression (SVR): The detailed description of SVR is in [20].
In our experiment, the kernel function of the SVR model is selected as the radial basis
function (RBF). The maximum difference between traffic flow determines the cost parameter
C, in which the regression horizon is set to 8.

To prove the optimized capability of the hybrid data-driven model, the ELM optimized
by genetic algorithm (GA-ELM) and the standard extreme learning machine is compared
with the proposed model. Since substances are randomly distributed in GA and hybrid

11
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PSOGSA, each run will generate different results. Therefore, the outcomes of 100 runs are
regarded as the outcomes on every benchmark dataset for the GA-ELM model and the
PSOGSA-ELM model in this comparative experiment.

We can find in Tables 1 and 2 that the PSOGSA-ELM has remarkable advantages in
forecasting the performance of all four benchmark datasets.

Table 1. The RMSE (vehs/h) of different forecasting models on datasets collected from Al, A2, A4,
and A8, respectively.

Model Al A2 A4 A8
HA 404.84 348.96 357.85 218.72
ES 315.82 226.40 237.76 174.67
ANN 299.64 212.95 225.86 166.50
DT 316.57 224.79 243.19 238.35
AR 301.44 214.22 226.12 166.71
SARIMA 308.44 221.08 228.36 169.36
SVR 329.09 259.74 253.66 190.30
ELM 300.67 208.84 224.54 172.69
GA-ELM 291.42 211.43 228.57 169.25
PSOGSA-ELM 288.03 204.09 220.52 163.92

Table 2. The MAPE (%) of different forecasting models on datasets collected from A1, A2, A4, and

A8, respectively.

Model Al A2 A4 A8
HA 16.87 15.53 16.72 16.24
ES 11.94 10.75 11.97 12.00
ANN 12.61 10.89 12.49 12.53
DT 12.08 10.86 12.34 13.62
AR 13.57 11.59 12.70 12.71
SARIMA 12.81 11.25 12.05 12.44
SVR 14.34 12.22 12.23 12.48
ELM 11.92 10.32 12.09 12.58
GA-ELM 11.86 10.30 11.87 12.26
PSOGSA-ELM 11.53 10.16 11.67 12.02

As shown in Table 1, the RMSEs of proposed model are 12.48%, 21.42%, 13.06%,
and 13.86% lower than the RMSEs of SVR at A1, A2, A4, and A8, respectively. The RMSEs
of the proposed model are 8.80%, 9.85%, 7.25%, and 6.15% lower than the RMSEs of ES
at A1, A2, A4, and A8, respectively. The RMSEs of the proposed model are 3.87%, 4.16%,
2.36%, and 1.55% lower than the RMSEs of ANN, at A1, A2, A4, and A8, respectively. As
shown in Table 2, the MAPEs of the proposed model are 8.82%, 8.89%, 3.15%, and 3.38%
lower than the MAPEs of SARIMA at Al, A2, A4, and A8, respectively. The MAPEs
of the proposed model are 3.27%, 1.55%, 3.47%, and 4.45% lower than the MAPEs of
standard ELM at A1, A2, A4, and A8, respectively. The MAPEs of the proposed model are
2.78%, 1.36%, 1.68%, and 1.96% lower than the MAPEs of GA-ELM at A1, A2, A4, and A8,
respectively.

Then, Akaike Information Criterion (AIC) is introduced into our experiment, as demon-
strated in Table 3.

Table 3. Comparative experiment on AICc.

Model Al A2 A4 A8
FLM 15.429 15.544 15.168 14.267
GA-ELM 15.416 15.522 15.136 14.161

PSOGSA-ELM 15.325 15.430 15.055 14.156

12
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AIC includes both simplicity and accuracy as references while evaluating the perfor-
mance of different models [47,48]. In Table 3, we discover that the AIC of the PSOGSA-ELM
model is the smallest of the three models related to ELM. That is to say, our proposed
model performs better in terms of accuracy and simplicity.

In Figure 4a—d, the deviation between the short-term traffic flow predicted values of
the model and the practical measured values are visualized intuitively. The purple lines
demonstrate the measured values, whereas the green lines represent the predicted values.
The errors between the predicted value and measured value divided by the ground truth,
termed the relative error of the model, are plotted with a black line. In Figure 4, we can
find the related errors calculated by experiments approached 0 most of the time, which
proved the outstanding performance of the PSOGSA-ELM model in the scenes of Al, A2,
A4, and AS.
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Figure 4. (a-d) show the predicted values of the PSOGSA-ELM model, the measured values in a
week, and the forecasting related error, respectively.

In addition, an evaluation index dedicated to traffic flow forecasting, termed GEH
statistics [49-51], is also employed for analyzing the results. Table 4 lists the GEH statistics
value of the prediction outcomes of proposed models on four base datasets.

Table 4. GEH statistics of the GSA-ELM model.

Dataset Al A2 A4 A8
GEH 6.13 4.48 4.88 4.81

In Table 4, we can find that the GEH of the prediction results for most benchmark
datasets is less than 5. On the Al dataset, the value of GEH is 6.12, which is probably
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because the Al dataset has stronger volatility than the other three datasets. The fitting
performance of the model is in good accordance with the evaluation standard of GEH.

3.4. Ablation Study

The fluctuation of traffic flow over a continuous time rather than minute-to-minute
fluctuation is the object of traffic flow forecasting study [21,42]. Consequently, we regard
the traffic flow data aggregation of a 1-min average in the subsequent 10 min as the 10-min
data and employ it for forecasting tasks. The original data made of 5 weeks of measurement
is classified as a training set and testing set in our experiment. The training set includes
the samples in the first four weeks and the testing set consists of the samples in the fifth
week, whereas the number of samples measured every week is 1008. The time interval
is stipulated as 8 and hidden layer nodes of ELM are set to 30. On this basis, we apply
the classical sigmoid function as the activation function. The specific parameter settings
of PSO and GSA are shown in Table 5. MAPE and RMSE are employed for evaluating
the optimization performance of PSOGSA. The trend for the forecasting performance
corresponding to the number of algorithm iterations is demonstrated in Figure 5. In Table 5,
it obvious that the values of RMSE and MAPE both tend to smooth when the number of
iterations is more than 80, which testifies to the rationality of setting the maximum number
of iterations of the GSA module as 100.

Table 5. The parameters setting of GSA module and PSO.

Algorithm Paramater Value
PSO Range of inertia weights [0.4,0.9]
Number of particles 40
cl 1.7
c2 1.3
Maximum Iterations 150
GSA Population size 300
Go 100
v 20
Maximum Iterations 100
007 T T T T T T T T
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Figure 5. The change trends of MAPE and RMSE with the number of iterations of GSA.
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For evaluating the ability of PSOGSA to optimize ELM network structure parameters
based on data-driven methods, we introduce a genetic algorithm (GA), which is a popular
optimization algorithm, to our comparative experiment. The non-specific parameters of
GA are set to be the same as PSOGSA for a fair comparison. The number of iterations of
GA is also stipulated as 100, whereas the variation probability is 0.03, the generation gap is
0.95 and the crossover probability is 0.85. Detailed information on the genetic algorithm
optimized ELM (GA-ELM) is shown in [52]. As two characteristic periods, the morning peak
and afternoon peak are chosen for evaluating the optimization performance of PSOGSA
and GA in determining the parameter of ELM. Among them, the time interval from 7:30
to 9:30 represents the morning peak and that from 13:30 to 14:30 represents the afternoon
peak. Tables 6 and 7 demonstrate the forecasting performances of three types of models
during the morning and afternoon high peak periods, respectively.

Table 6. The forecasting performance during the morning peak period while optimizing ELM with
different optimization algorithms.

The Morning Peak Period Groundtruth ELM Prediction GA-ELM PSOGSA-ELM

6/11/7:30 3546 3274.033 3270.369 3392.933
6/11/8:30 3792 3700.290 3724.208 3756.983
6/11/9:30 4184 3691.265 3734.778 3801.143
6/14/7:30 2670 2641.334 2662.170 2649.311
6/14/8:30 3116 2934.568 2957.073 2976.761
6/14/9:30 3094 3005.691 3023.728 3033.094
6/15/7:30 2817 2999.734 3012.434 2920.417
6/15/8:30 2893 2846.403 2808.657 2807.973
6/15/9:30 3154 3225.806 3200.339 3239.240
RMSE 217.03 206.39 164.44
MAPE 5.01 4.69 3.76

Table 7. The forecasting performance during the afternoon peak period while optimizing ELM with
different optimization algorithms.

The Afternoon Peak Period Groundtruth ELM Prediction GA-ELM PSOGSA-ELM

6/11/13:30 3948 3957.867 3973.349 3956.204
6/11/14:00 4373 4179.630 4437.895 44,407.233
6/11/14:30 3542 3976.427 4030.626 3968.726
6/14/13:30 3817 3369.284 3346.841 3376.680
6/14/14:00 4135 3734.672 3744.345 3812.346
6/14/14:30 4197 4261.105 4384.840 4272.334
6/15/13:30 3732 3394.333 3430.046 3431.599
6/15/14:00 4032 3818.189 3842.358 3827.597
6/15/14:30 4549 3895.383 3947.706 3908.953
RMSE 361.78 356.10 338.08
MAPE 7.62 7.57 6.82

In Figures 6 and 7, the forecasting error, which is the absolute value of the measurement
minus the forecasting, is shown in two categories: the morning and the afternoon rush hour,
respectively. Tables 6 and 7 demonstrate that the RMSE and MAPE of the PSOGSA-ELM
model are lower than the other comparable models in these periods. In Figures 6 and 7,
the PSOGSA-ELM model realizes a lower forecasting error than other comparison models
in different scenarios. Thus, the network structure of the ELM model could be optimized
by hybrid PSOGSA better than GA during the high peak period in the morning and
afternoon. Moreover, we also consider the traffic flow in a low traffic period. Midnight in
the morning, covering the period from 23:30 to 00:30 is considered the low traffic period in
our experiment. During this time, the violent fluctuation of RMSE could be caused by a
small forecasting error.
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Figure 6. The forecasting errors during the morning peak period while optimizing ELM with different
optimization algorithms.
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Figure 7. The forecasting errors during the afternoon peak period while optimizing ELM with
different optimization algorithms.

When the traffic flow is low at midnight, the prediction results from ELM optimized
by different algorithms are shown in Table 8. Figure 8 shows the forecasting errors of
three models during this period, which illustrates that PSOGSA is better than the genetic
algorithm in determining the network parameters of ELM. Consequently, the optimization
performance for the ELM of hybrid PSOGSA is better than GA under different traffic flow
situations. To further reduce the stochasticity of the prediction performances, the traffic
flow in more diversified periods is employed for a comparative experiment of several
models, as shown in Figure 9.
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Table 8. The forecasting performance during the low traffic period at midnight while optimizing
ELM with different optimization algorithms.

The Midnight Period Ground Truth ELM Prediction GA-ELM PSOGSA-ELM

6/11/23:30 297 235.481 238.125 238.980
6/12/00:00 243 236.766 233.857 241.629
6/12/00:30 229 337.797 313.061 309.774
6/12/23:30 297 264.544 247.249 259.573
6/13/00:00 192 232.681 243.316 212.192
6/13/00:30 426 402.075 342.899 374.851
6/13/23:30 241 246.560 236.844 236.777
6/14/00:00 187 336.153 323.598 261.377
6/14/00:30 284 368.125 335.396 316.246
RMSE 73.25 69.88 48.20

MAPE 2447 24.02 15.93
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Figure 8. The forecasting errors during the low traffic period at midnight while optimizing ELM with
different optimization algorithms.

To assess the comprehensive performance of the hybrid model proposed in this
article, ELM, GA-ELM, and PSOGSA-ELM are selected for a comparative experiment
about running time. In Table 9, we can find that the running time of ELM is the fastest
of the three due to its random parameter generation process. Nevertheless, the target
of the data-driven model, minimizing the forecasting error, could hardly be realized by
randomly generated parameters. Meanwhile, on the basis of determining the parameters
reasonably of the forecasting model, PSOGSA-ELM still maintains a low running time,
which is lower than GA-ELM. The training of the proposed model costs about 83 seconds
in our experiments on the benchmark dataset. Fortunately, we only need to train the model
one time. The forecasting time of the proposed model is the same as the general extreme
learning machine, i.e., less than 0.1 second. The parameters of the proposed model are
automatically optimized in a data-driven fashion, and the only required input is traffic flow
data. Therefore, the algorithm can be effectively applied to other traffic scenes at different
locations without human interaction.
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Figure 9. Under the conditions of large traffic flow fluctuations, the forecasting performance of
different algorithms optimized ELM is shown as (a—f).

Table 9. The computational time of ELM, GA-ELM, and GSA-ELM.

Model Computational Time (s)
ELM 0.0516
GA-ELM 100.2139
PSOGSA-ELM 83.8456

With accurate predicted future traffic flow, the policymakers can adjust the time slice of
the traffic lights to make perspective traffic management based on the future traffic flow for
effective leverage of the road resources. The policymakers can also adjust the driving rules
to control the traffic on the road network to optimize the allocation and management of
road resources. Moreover, the spreading of the future traffic flow by public media can also
induce vehicles to choose alternative ways spontaneously to improve the traffic conditions.

4. Conclusions

In this paper, we develop a two-stage data-driven hybrid extreme learning model
for short-term traffic flow forecasting. Comparative experiments on the trained model
show that the RMSEs of the proposed model are 3.87%, 4.16%, 2.36%, and 1.55% lower
than the RMSEs of the state-of-the-art model, at four benchmark datasets, respectively.
The MAPEs of the proposed model are 2.78%, 1.36%, 1.68%, and 1.96% lower than the
MAPEs of the state-of-the-art model at four benchmark datasets, respectively. Conse-
quently, the experimental results demonstrate the model can automatically determine the
optimal hyperparameters of the extreme learning machine in a data-driven fashion. Since
the hyperparameters of the model are optimized automatically in a data-driven manner,
the model can be conveniently deployed to different intelligent traffic systems without
human intervention. In the future, we will improve forecasting accuracy by spatiotemporal
learning on other models.
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Abstract: Air pollution has become an essential issue in environmental protection. The Air Quality
Index (AQI) is often used to determine the severity of air pollution. When the AQI reaches the red
level, the proportion of asthma patients seeking medical treatment will increase by 30% more than
usual. If the AQI can be predicted in advance, the benefits of early warning can be achieved. In recent
years, a scholar has proposed an a-Sutte indicator which shows its excellence in time series prediction.
However, the calculation of a-Sutte indicators uses a fixed weight. Thus, a f-Sutte indicator, using a
dynamic weight with a high computation cost, has appeared. However, the computational complexity
and sliding window required of the B-Sutte indicator are still high compared to the a-Sutte indicator.
In this study, a modified «-Sutte indicator, using a dynamic weight with a lower computational cost
than the B-Sutte indicator, is proposed. In order to prove that the proposed y-Sutte indicator has good
generalization ability and is transferable, this study uses data from different regions and periods to
predict the AQI. The results showed that the prediction accuracy of the y-Sutte indicator proposed
was better than other methods.

Keywords: Air Quality Index; a-Sutte indicator; -Sutte indicator; ensemble model; prediction;
time series

MSC: 37M10; 62M10

1. Introduction

In recent years, air pollution has become an essential issue of environmental protection.
According to the World Health Organization (WHO), seven million deaths worldwide
were linked to air pollution in 2012 [1]. The International Agency for Research on Cancer
(IARC) also classified air pollution as a human carcinogen for the first time in 2013 [2]. In
Taiwan, ambient air pollution is assessed using the Pollutant Standards Index (PSI), which
is outdated and does not measure the impact of various pollutants. Therefore, in December
2016, the Environmental Protection Bureau of Taiwan, Executive Yuan changed into a single
index, the Air Quality Index (AQI), conforming to the standards of the United States. The
WHO Air Quality Guidelines (AQG) noted that “long-term exposure to the AQI rating of
‘orange’ increases lung cancer mortality by 15 percent”. The first Global Conference on Air
Pollution and Health also noted that “29% of lung cancer deaths, 24% of strokes, 25% of
heart attacks, and 43% of lung disease deaths are due to air pollution injuries”. When the
AQI reaches the “red” level, the proportion of asthma patients seeking medical treatment
increases by 30%, compared to safer conditions. It will cause eye discomfort, dry throat,
itching, and skin allergies in the public.

There are many methods for air quality prediction [3-7], with most recent studies using
deep learning. Compared with time series analysis, the deep learning method takes a long
time to calculate. Therefore, most air quality prediction research uses various time series
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analysis methods to predict air quality quickly. In recent years, Ahmar et al. [8] proposed
the a-Sutte indicator (based on time series analysis), which showed its excellence in time
series prediction; however, the calculation of the a-Sutte indicator uses fixed weights,
and predictive power may be limited. Shih et al. [9] proposed the more accurate S-Sutte
indicator, which uses dynamic weight. The S-Sutte indicator uses the data of the first seven
days for training, and adopts the error dynamic weight method. The results showed that
the prediction accuracy of the f-Sutte indicator is slightly better than that of the a-Sutte
indicator. However, the computational complexity of the a-Sutte indicator and the S-Sutte
indicator are O(1) and O(2n), respectively. The computational complexity and sliding
window required of the B-Sutte indicator are still too high compared with the a-Sutte
indicator. Therefore, a modified y-Sutte indicator, that reduces the computational time
complexity of the B-Sutte indicator is proposed in this study. The < -sutte indicator only
uses the data of the previous five days to make the prediction, and the computational cost
is less than the B-Sutte indicator.

One of Taiwan’s most famous industrial zones is The No. 6 Naphtha Cracking Com-
plex (Mailiao). According to the “Risk Assessment Plan for environmental and Health
Impacts of Air Pollution on Coastal Areas” report, since the first phase of the operation
was completed in August 2000, the air quality of Yunlin County has changed, increasing
mortality and cancer rates. To verify the validity of the y-Sutte indicator proposed in this
study, we will conduct AQI predictions in the No. 6 Naphtha Cracking Complex regions of
Taiwan. In order to prove the transferability and generalizability of the -Sutte indicator
proposed in this study, this study also uses a data set of the Vientiane area to predict the
AQI over the past two years in units per hour. Several time series analysis indicators will
be included in the study and their performance will be compared.

2. Preliminary
2.1. Air Quality Index (AQI)

In recent years, due to the increasingly prosperous development of industrial areas,
transportation, and other factors, air pollution has become increasingly serious. The
original “PSI index” and “PM2.5 index” air quality evaluation indexes can no longer cover
all air pollution sources. The Environmental Protection Bureau of Taiwan, Executive Yuan
changed the air quality assessment index to the “AQI Index” on 1 December 2016. The
AQI was implemented by the US Environmental Protection Agency in 1999 [10]. AQI
calculation mainly uses the concentration values of SO2, NO2, CO, O3, PM10, PM2.5, and
other pollutants for conversion; in the calculation process, the Individual Air Quality Index
(IAQI) is calculated first, and the sub-index values of different pollutants are converted.
Then, the maximum value of each sub-index on the day is used as the AQI of the station on
that day [11].

2.2. Related Work on AQI

AQI may be affected by many factors, such as meteorological conditions and strong
emission sources [11], fossil fuels such as coal and oil [12], the COVID-19 epidemic [13],
weather variables (such as maximum temperature, minimum temperature, wind, and
whether it rains or snows) [14], etc. Previous studies used univariate and multivariate
techniques to compare air quality predictions, and the results showed that univariate tech-
niques had better results in AQI prediction [15]. Therefore, this study will use univariate
techniques for AQI prediction.

In recent years, there have also been many types of research on air quality predic-
tion, most of which use deep learning methods. For example, AQI data transformed by
empirical mode decomposition (EMD) can be inputted into SVR to obtain better predic-
tions [3]. Wu & Lin [4] used LSTM combined with quadratic decomposition and optimiza-
tion algorithms. Wang et al. [5] proposed a new CT-LSTM method, which combined the
Chi-square test (CT) and long- and short-term memory (LSTM) network models into a
prediction model. Phruksahiran [16] adopted the ensemble prediction method using the
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geographically weighted prediction method (GWP). Yan et al. [17] established multi-time
and multi-place deep learning models (LSTM, CNN, CNN-LSTM). However, Liu et al. [18]
explained in their study that SVR (Support Vector Regression) could solve the problem of
input vector dimensions, but it is difficult to use large-scale data in training, and SVR is
sensitive to the selection of parameters and kernel functions. Although deep learning has
strengths, such as its adaptability to data and learning power, the correctness of the model
needs to go through complex verification, and the training speed is often slow.

2.3. Sutte Indicator

In the stock market, the stock trends of are relatively unstable. Therefore, Ahmar [19]
proposed using the Sutte indicator, which is a method used to analyze the trend of stock
prices in the past and predict the trend of stock prices in the future. The Sutte indicator
used the list of LQ45 stocks listed on the Indonesian Stock Exchange to predict future stock
price movements. The results were compared with those of SMA and MACD. The results
showed that the Sutte indicator had good accuracy in MSE, MAD, and MAPE.

2.4. a-Sutte Indicator

The a-Sutte indicator [8] is an improved version of the Sutte indicator method, which
provides better accuracy. It can not only predict stock price trends, but also be used to
predict various time series data. The a-Sutte indicator only uses the previous four pieces
of data {d(t—1),d(t—2),d(t—3),d(t —4)} for prediction, and the sliding window sizes
are four. Due to the fixed weight in the calculation of the x-Sutte indicator being fast, the
a-Sutte indicator has practicability in predicting any type of data [20].

2.5. B-Sutte Indicator

The B-Sutte indicator [9] is an improved version of the a-Sutte indicator, which has
been used to predict the cumulative number of COVID-19 cases and the number of new
cases in the US. Their results showed that the B-Sutte indicator was more accurate than
the a -Sutte indicator. In the prediction process, the sliding window size of the B-Sutte
indicator was seven, and the dynamic weight was calculated according to the error function
of passed days.

2.6. Autoregressive Integrated Moving Average (ARIMA)

The autoregressive integrated moving average (ARIMA) is a common time series data
prediction model which can predict future data from previous and present time series data.
The ARIMA has the advantages of a simple structure, typical, fast modeling speed, and
high accuracy of prediction compared to other time series models [21]. The ARIMA has
also been shown to achieve good results regarding the prediction of air quality data [22-24].
Ahmar [8] has also combined the ARIMA with many other methods (regression, Holt-
Winters, etc.) to establish and evaluate his proposed a-Sutte indicator. In order to compare
the prediction accuracy of the proposed y-Sutte indicator, a typical ARIMA was selected
for comparison in this study.

2.7. Ensemble Model

Previous studies have pointed out that the performance of an ensemble model is
generally better than that of a single model, and the integration of single models can be
used to solve different problems in various fields [25]. In recent years, most ensemble
models have been used for time series prediction. Ahmar & Del Val [26] proposed a
method named SutteARIMA, which uses an «-Sutte indicator and ARIMA in combination
to establish an ensemble model for short-term the prediction of COVID-19 cases, as well
as the Spanish stock market. The results showed that the performance of the proposed
ensemble model was better than that of a single model. The SSA ensemble model proposed
by Shih et al. [9] was used to predict the cumulative number of COVID-19 cases and the
number of new cases in the United States; they found that the BSA ensemble model had the
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best predictive performance. Ejohwomu et al. [27] also used the ensemble model to predict
PM2.5 concentrations, and the proposed ensemble model was found to produce the best
prediction results. Therefore, this study also wanted to know whether the ensemble model
would be better than the single model of the y-Sutte indicator proposed in this study; thus,
the results of the ensemble model were also included for comparison.

3. Materials and Methods
3.1. Data Collection

Data for this study were collected from the Daily Air Quality Index (AQI) data from
the Environmental Information Open Platform of the Environmental Protection Depart-
ment, Executive Yuan (https://data.epa.gov.tw/dataset/detail/ AQX_P_434, accessed on
8 January 2022) [28]; the data were collected from January 2017 to December 2021, and the
original data contained 11 variables, as shown in Table 1. Kumar & Goyal [29] pointed out
that the change in air pollutant concentration emitted in the past can provide a reference for
future air quality predictions. Therefore, the three variables”station name,” “monitoring
date,” and AQI in the data set were used in this study.

Table 1. Dataset variable description.

Variable Definition
siteid station number
sitename station name
monitordate monitoring date
aqi AQI Value
so2subindex Sulfur dioxide sub-index
cosubindex Carbon monoxide sub-index
o3subindex Ozone sub-index
pm10subindex suspended particulates sub-index
no2subindex Nitrogen dioxide sub-index
038subindex Ozone 8-h sub-index
pm25subindex fine suspended particulates sub-index

3.2. The a-Sutte and Proposed «y-Sutte Indicator

Definitions and descriptions of notations in this study are shown in Table 2.

Table 2. Notation of symbols.

Notation Definition
da(t) Observations at day ¢
d(t—k) Observations at day t — k
D; The predicted value of day i
0(t), 6 Observations on day d(t — 5)
8(t),6 Observations on day d(t — 4)
a(t), a Observations on day d(t — 3)
B(t), B Observations on day d(t — 2)
y(t), ¥ Observations on day d(t — 1)
Ap(t), Ap o(t) —0(t)
Ax(t), Ax a(t) —o(t)
Ay(t), By B — ()
pz(1), Az 2E) - B(E)
ea(t), ep(t), eq(t Error function
wy(t), wy(t), we( Dynamic weighting function

The a-Sutte indicator was proposed in 2017, and can be used to predict a variety of
different time series data [8]. During the forecasting process, the a-Sutte indicator only
uses the previous four data points (v, B, «, 6) to make a next-point forecast. It is therefore
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flexible when using any type of data [8]. The equation of the a-Sutte indicator is shown in

Equation (1):
A
[ o] 4[]
D; = 32 2 1

As can be seen in Equation (1), the a-Sutte indicator divides static weight, which
is 1/3, into three different error items to make the final forecast. Although the B-Sutte
indicator [9] uses dynamic weight to achieve a better result than the a-Sutte indicator, the
sliding window size of B-Sutte indicator is 7 in calculating the dynamic weight. To reduce
the computational cost further, the sliding window size of our new proposed y-Sutte
indicator is set to 5 in calculating dynamic weights. The equations of the proposed y-Sutte
indicator are shown in Equation (2).

D; = wq(t)-a(t) +wy(t)-b(t) +we(t)-g(t) )

where

_|at) —6(t) B(t) —a(t) _ (@) = B(#) _|e(t) —o(t)
o) = <52 oo = B R w0 = [ o - [ o
and
C T = a0 9= a0 @
o MY Ty Y TS

where

ea(t) = [a(t) —c(t)], ep(t) = |a(t) —a(t)], eg(t) = |a(t) —b(t)] (5)

3.3. Overall Experimental Process

This section will introduce the overall experimental process of the single model and
the ensemble model in detail. The overall experimental scenario is shown in Figure 1.
The proposed -Sutte indicator was evaluated and compared with other single models
and ensemble models. This study first carried out the prediction of a single time series
model through the evaluation stage to compare different evaluation metrics to find the best
prediction method. The ensemble model was also carried out according to a similar process.
This study aims to establish whether a single time series model is sufficient to meet the
prediction results in the prediction of AQI, or whether an ensemble model is needed to
achieve a better prediction.

Daily Air Quality Index
(AQI) Data

¥

Data pre-processing

' 1
' 1
: |
' 1
| 1 '
| | '
[ psuee | ARIA :
1 1
: i

Evaluation

Figure 1. The overall experimental scenario.
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The experiment was divided into two stages. The first stage was the evaluation of
a single time series model. The y-Sutte indicator proposed in this study was compared
with other methods (a-Sutte, B-Sutte, and ARIMA) using various evaluation metrics. Next
was the evaluation stage of the ensemble model. Similar to the previous step, various
evaluation metrics of the ensemble model (SutteARIMA, BSA, 7vSA) were compared.

3.3.1. Evaluation Process of Time Series Single Models

The evaluation process of the time series single models included data pre-processing,
weight training, prediction of the a-Sutte indicator, the B-Sutte indicator, the -Sutte
indicator, and ARIMA.

The detailed research process was as follows:

1. Data pre-processing: To ensure the authenticity of the data, the negative value and
outliers were removed during the preprocessing;

2. The y-Sutte indicator used a sliding window size of 5 to make the prediction as shown
in Figure 2. For example, the -Sutte indicator used d(1), d(2), d(3), d(4), and d(5) to
predict Dg, then used d(2), d(3), d(4), d(5), and d(6) to predict D7, and so on;

3.  Thesliding window size of the <y -Sutte indicator proposed in this study was set to
5, and took d(1), d(2), d(3), d(4), and d(5), and used Equation (3) to calculate the
variation of {c(t), a(t), b(t), g(t)};

4. After the calculation, three error values {e,(t), €;(t), e¢(t)} of c(t), a(t), and b(t) were
calculated using Equation (5);

5. The results from Step 4: £,(t), ,(t), £¢(t) were adopted to Equation (4) to calculate
the dynamic weights {w,(t), wy(t), we(t)};

6. The weight obtained in Step 5 was put into Equation (2) to calculate the predicted
value Dg;

7. The four methods (a-Sutte indicator, f-Sutte indicator, y-Sutte indicator, and ARIMA)
of the time series single model were all evaluated using evaluation metrics.
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Figure 2. Sliding window of the -Sutte indicator.

3.3.2. The Evaluation Process of the Ensemble Models

The ensemble model evaluation process was divided into data preprocessing, weight
training, SutteARIMA ensemble model prediction, BSA ensemble model prediction, YSA
ensemble model prediction, and were evaluated by the chosen metrics.

The detailed evaluation process is described as follows:

1. Data pre-processing: To ensure the authenticity of the data, the negative value and
outliers were removed during the preprocessing;

2. The ARIMA method used the same dataset, then averaged the results of the a-Sutte
indicator and ARIMA, to become the final result of the Sutte ARIMA;
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3. The results of the other two methods, the 5-Sutte indicator, and the y-Sutte indicator,
were averaged with the ARIMA results to form the results of the BSA, and the y/SA
ensemble models;

4. The results of the three ensemble models were evaluated using the evaluation metrics.

3.4. Evaluation Metrics

This study applied four general metrics in the evaluation, including mean absolute
percentage error (MAPE), mean absolute error (MAE), root mean square error (RMSE), and
coefficient of determination (R?). The smaller, the better for the first three indicators, and
the bigger, the better for the last one.

The range of MAE and MAPE is from 0 to infinity. When the predicted value is
completely consistent with the real value, MAE will be equal to 0; that is a perfect model.
The greater the error, the greater the value of MAE. When MAPE is 0%, it means a perfect
model; when MAPE is greater than 100%, it means an inferior model. The smaller the
MAPE value is, the better accuracy the prediction model has. RMSE can measure the
average difference between the predicted value and the actual value, and estimate the
accuracy of the prediction model to predict the target value. The lower the RMSE value,
the more accurate the prediction model [3]. R2 ranges from 0 to 1. If R2 =0, it indicates that
the model fit is poor; on the contrary, if R? = 1, the model fit is perfect. The larger the value
is, the better the model fit is [30]. The forecast results of this study were obtained by using
R, with the SutteForecastR package. Ahmar et al. [8] established the first a-Sutte indicator,
using the stock price prediction of Turkish stocks as an experiment, and employed multiple
forecasting methods (ARIMA, Regression, etc.) with MSE and RMSE as the evaluation
metrics, and showed that the results of the a-Sutte indicator were the best. Therefore, this
study also adopted the same methodology by using a different dynamic weighting function
to evaluate the prediction results of the y-Sutte indicator proposed.

4. Results
4.1. Time Series Single Model Evaluation

Four time series methods (the a-Sutte indicator, the B-Sutte indicator, the y-Sutte
indicator, and ARIMA) were evaluated for the prediction of the daily AQI for the No. 6
Naphtha Cracking Complex regions. The sliding window size of each method was different.
The a-Sutte indicator was used to show the predicted values by the alpha.sutte() function
of the sutteForecastR package in R. The S-Sutte indicator had the sliding window size set
to 7, and the -Sutte indicator was set to 5. The ARIMA used the auto.arima() function in
the FORECAST package in R to present the predicted value. Figure 3a shows the five-year
prediction trend chart of the Naphtha Cracking Complex regions, both for the single time
series and Figure 3b shows the five-year prediction trend chart for the ensemble model for
comparison, where the X-axis is the year, and the Y-axis is the AQI value. According to the
trend of the predicted value and the actual value in Figure 3, the rise and fall were very
similar. However, and the pros and cons of the method could not be evaluated immediately.
The time series model results predicting AQI daily over five years with the evaluation
metrics are shown in Table 3.

Table 3 shows the comparisons of AQI prediction results (including ARIMA, the
x-Sutte, the B-Sutte, and the y-Sutte) daily in the No. 6 Naphtha Cracking Complex region
in the past five years, as well as a variety of evaluation metrics (MAPE, MAE, RMSE, and
R?); bold font represents the best evaluation result. The results showed that the 7-Sutte
ranked at the top in all evaluation metrics.
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Figure 3. Five-year prediction chart of No. 6 Naphtha Cracking Complex regions. (a) Time series
model; (b) Ensemble model.

Table 3. Prediction results of the time series model in No. 6 Naphtha Cracking Complex region.

Evaluation
Metrics a-Sutte B-Sutte v-Sutte ARIMA
MAPE 35.52503 35.33326 28.15433 44.45941
MAE 20.40166 20.35359 16.3663 16.3663
RMSE 28.86724 28.69002 23.18071 34.22783
R? 0.4682005 0.4660149 0.5347211 0.1757319

4.2. Ensemble Model Evaluation

This study evaluated the prediction results of the three ensemble model methods
(SutteARIMA, BSA, vSA) for the daily AQI of the No. 6 Naphtha Cracking Complex region.
All methods used sliding windows, but the sliding window size of each method was
different. The Sutte ARIMA first used the Auto.arima () function in the Forecast package of
R to present ARIMA’s predicted value, then took the average value of the a-Sutte indicator
and obtained the results of SutteARIMA. The SSA ensemble model was based on a sliding
window size of 7, and the final result was the average of the S-Sutte indicator and ARIMA
results. The sliding window size for the the 7SA ensemble model was 5, and the final
result was averaged by the -Sutte indicator and ARIMA results. Figure 4a shows the
prediction trend chart of the ensemble models in 2021, for example; the single time series,
in Figure 4b, is also shown for comparison. As it is difficult to see the difference from
each trend chart, the prediction results of ensemble model in after the daily AQI in No. 6
Naphtha Cracking Complex region was evaluated using MAPE, MAE, RMSE, and R?,
which are shown in Table 4.

Table 4 compares the ensemble model forecast results of the No. 6 Naphtha Cracking
Complex regions over five years. This study has compared the proposed y-Sutte indicator
with other ensemble models (SutteARIMA, the BSA, the ySA) using specific evaluation
metrics (MAPE, MAE, RMSE, R?). In Table 4, the bold font represents the best evaluation
result. The proposed y-Sutte had the best evaluation results in both the single time series
model and the ensemble model.
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Figure 4. 2021 prediction chart of No. 6 Naphtha Cracking Complex regions. (a) Ensemble model;

(b) Single time series.

Table 4. Results of the ensemble model in No. 6 Naphtha Cracking Complex regions.

Evaluation
Metrics SutteARIMA BSA 7SA v-Sutte
MAPE 32.60922 32.29693 32.1901 28.15433
MAE 17.25304 17.18177 17.10884 16.3663
RMSE 24.52663 24.45834 24.21541 23.18071
R? 0.4643722 0.4633891 0.4499986 0.5347211

5. Discussion

5.1. Transferable

“Transferable” refers to the fact that findings can be applied to objects or occasions
other than the research context to understand people’s feelings about the same experi-
ence [31]. In order to verify that the method proposed for short-term AQI prediction can be
applied to different datasets, Zhang et al. [7] showed in their study that the accuracy of
the proposed method was the highest in any dataset, which also demonstrated its transfer-
ability. In order to verify the transferability of the proposed < -Sutte indicator, four time
series model methods (the a-Sutte indicator, the B-Sutte indicator, the -Sutte indicator,
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and ARIMA) and three ensemble model methods (Sutte ARIMA, the BSA, and the ySA)
were applied to the AQI data of the Vientiane district, the capital city of Laos. The hourly
AQI dataset for Vientiane is from the Air Quality data of the United States Consulate in
Laos (https:/ /www.airnow.gov/, accessed on 8 January 2022) [32] from January 2019 to
December 2020; there are six variables in the original data. Three variables, “name of the
station,” “date of monitoring,” and “air quality index,” are used in this study; the variables
and definitions of the dataset are shown in Table 5.

Table 5. Variables and definitions for the Vientiane area.

Variables Definitions
Site name of the station
Date.LT. date of monitoring
AQI air quality index
AQI.Category Categories of air quality index
Raw.Conc. -
QC.Name -

Figure 5 shows the prediction trend of the two-year time series model and ensemble
model in the Vientiane area of this study. The trend chart for 2020 is shown in Figure 6. The
data preprocessing method and research process in the Vientiane area were the same as in
the No. 6 Naphtha Cracking Complex region. The difference between the two is that the
former predicts the AQI in days, while the latter predicts the AQI in hours. The comparison
between the evaluation metrics of the other method is shown in Table 6.
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g . ' | ! ' 4k B AR

201908 2019.07 201909 201911 2020.01 2020.03 2020.08 2020.07 202009
Time

Figure 5. Two-year trend chart of the time series model and ensemble model in the Vientiane area.
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Figure 6. Time series model and ensemble model trend chart of the Vientiane area in 2020.
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Table 6. Prediction results of time series model and ensemble model in the Vientiane area.

Evaluation
Metrics «-Sutte B-Sutte y-Sutte ARIMA SutteARIMA BSA YSA
MAPE 22.78845 22.61683 19.79801 63.85786 35.03214 34.90172 38.71741
MAE 10.90479 10.77376 9.059488 29.66419 15.5703 15.54959 17.72079
RMSE 16.08355 15.8108 13.76311 45.62253 23.58507 23.58148 26.33336
R? 0.9175967 0.9200563 0.9286815 0.4358475 0.7988707 0.7991491 0.7499707

Table 6 shows the evaluation results of predicting the AQI in the Vientiane area by
hours in the past 2 years; The table shows the comparison of different evaluation metrics
(MAPE, MAE, RMSE, and R?) in the single time series model (the a-SUtte, the B-Sutte, the
y-Sutte, and ARIMA) and the ensemble model (SutteARIMA, the BSA, and the ySA). The
bold font represents the best evaluation result. The y-Sutte was still the top method among
all models. This study also found that the y-Sutte indicator had good results for both day
and hour predictions.

5.2. Discussion

In this study, the previous time series models (the a-Sutte indicator, the B-Sutte indi-
cator, the -Sutte indicator, and ARIMA) and ensemble models (SutteARIMA, the BSA,
and the 7SA) were compared in their ability to predict the daily AQI of No. 6 Naphtha
Cracking Complex region in Taiwan, and the hourly AQI of the Vientiane area in Laos.
The results of these two different regions are shown in Table 7 with the evaluation metrics
(MAPE, MAE, RMSE, and R2). Bold font represents the best result across evaluations. The
-Sutte indicator proposed in this study has the best prediction results compared to all
others. It can be seen that the -Sutte indicator proposed in this study has good prediction
performance in different regional datasets and different time segments. The results are
discussed as follows:

1. The a-Sutte indicator [8] uses fixed weight, while the y-Sutte indicator proposed in
this study used dynamic weight to make predictions. The effect of dynamic weight
on prediction was better than fixed weight because the weight was adjusted at all
times according to the sliding window. Therefore, the prediction results of the 5-Sutte
indicator [9] in another study was also better than the a-Sutte indicator; this was
verified in this study. Figures 7 and 8 show the operation of the sliding window of
the a-Sutte indicator and the S-Sutte indicator. Although the prediction results of the
B-Sutte indicator were slightly better than that of the a-Sutte indicator, the required
time window size was much larger than that of the a-Sutte indicator.

2. The B-Sutte indicator [9] used the dynamic error weight and the sliding window
size of 7 (in Figure 8), while the y-Sutte indicator proposed in this study also used a
different error dynamic weight to make predictions, with a sliding window size of
only 5 (in Figure 3). In addition, the computational complexity of the a-Sutte indicator,
the B-Sutte indicator, and the y-Sutte indicator were O(1), O(2n), and O(n), respectively.
The computational cost of the y-Sutte indicator was relatively low compared to the
B-sutte indicator. Nevertheless, the prediction results of the y-Sutte indicator were
better than the S-sutte indicator, indicating that the prediction results may be better if
an appropriate error function and sliding window size are selected.

3. Although the prediction results of the ARIMA model, which had a relatively high
calculation time, was not better than that of the -Sutte indicator proposed in this
study, the prediction results of ARIMA were still better than that of other time series
models, indicating that the ARIMA prediction model is still feasible to use in time
series analysis.

4. Traditionally, the prediction results of the ensemble model were better than those of
the single model. However, if the prediction results of the single model selected are
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not very good, then they will weaken the advantages of the ensemble model; this was
verified in the experiment of this study.

Table 7. The prediction results of the time series and ensemble models in two regions.

Area Metrics a-Sutte B-Sutte v-Sutte ARIMA SutteARIMA BSA YSA
MAPE 35.52503 35.33326 28.15433 44.45941 32.60922 32.29693 32.1901
Maili MAE 20.40166 20.35359 16.3663 16.3663 17.25304 17.18177 17.10884
arhiao RMSE 28.86724 28.69002 23.18071 34.22783 24.52663 2445834 24.21541
R? 0.4682005 0.4660149 0.5347211 0.1757319 0.4643722 0.4633891 0.4499986
MAPE 22.78845 22.61683 19.79801 63.85786 35.03214 34.90172 38.71741
Vienti MAE 10.90479 10.77376 9.059488 29.66419 15.5703 15.54959 17.72079
rentiane RMSE 16.08355 15.8108 13.76311 45.62253 23.58507 23.58148 26.33336
R? 0.9175967 0.9200563 0.9286815 0.4358475 0.7988707 0.7991491 0.7499707
Window Predict
! l
d@t) | a) | d@) | d@) [as) [ae) |dm) |de) [ de) [dao)] | Ds |
—_— NOVE —p
ldw) |d@) [dE) [aw |de) |de) |do) | de) | de) |dao)] | b |
— INOVE —p
ldw) [d@) [ d@) [aw [de) [de) |dm [ die) [ de) [dao)] [ D ]
— MOVE —Pp
ldw [d@2) [d@) | a@ |dos) [de) [dn) | die) [de (a0 [ b |
— move —p
L d) | d2) | d@E) [d@) | de) | de) | dz) | de) | de) |dao | Dy |
—_— MOoVe —p
[dw) [d@) [de) [d@ [de) [de) [do) [de) [de) (400"  [Dy |
— OVE —Pp
[dw) [d2) [dE) [d@ [des) [de) [do [de) [do [daao |  [Dy |
|
Figure 7. Sliding window of the a-Sutte indicator.
Window Predict
d $
d1) | d2) | de) | aw@ | de) | de) | dm) | de) | de) |dao)] | bs |
— IMovVe —p
Ld) [d@ [de) [ d@) [ds) [de) | dm | de) |de) [da0)] [ Dy |
— move —p
[a) [d@ [de) [aw [de) [ae) [do [dae) [ae) |40  [Do ]
—_— MovVe —p
ldw) [d@ [dB) [d@) [ds) [de) | dm |de) |de) [dao) [ by |

Figure 8. Sliding window of the B-Sutte indicator.

32



Mathematics 2022, 10, 3060

6. Conclusions

Ahmar et al. [8] proposed the a-Sutte indicator based on time series analysis, which
was shown to be excellent in time series prediction; however, the calculation of the a-Sutte
indicator uses fixed weights. Shih et al. [9] proposed another more accurate B-Sutte
indicator which used dynamic weight. However, the computational complexity and sliding
window required of the B-Sutte indicator were still too high when compared with the
«-Sutte indicator. Therefore, a modified y-Sutte indicator to reduce the computational time
and complexity of the B-Sutte indicator was proposed in this study. The computational
complexity of the a-Sutte indicator, the f-Sutte indicator, and the y-Sutte indicator were
O(1), O(2n), and O(n), respectively. The computational cost of the y-Sutte indicator was
relatively low compared to the B-sutte indicator. Nevertheless, the prediction results of the
-Sutte indicator were better than both the a-Sutte indicator and the S-sutte indicator. The
-Sutte indicator only used the data of the previous five days to make predictions, and
the computational cost was less than the p-Sutte indicator. The final results showed that
the evaluation metrics of the v -Sutte indicator (MAPE, MAE, RMSE, and R?) were better
than those of the other six methods (the a-Sutte indicator, the B-Sutte indicator, ARIMA,
SutteARIMA, the BSA, and the ySA) in all areas. In addition, this study also proved the
transferability of the -Sutte indicator as an air quality predictor in the Vientiane area.
Therefore, the -Sutte indicator is an effective air quality prediction indicator.

This study has the following limitations and recommendations for the future:

1. To calculate dynamic weight, the training calculation time of the -Sutte indicator
proposed in this study was higher than that of the a-Sutte indicator which uses a fixed
weight. The calculation cost was lower than that of the S-Sutte indicator with dynamic
weight. However, the prediction results of the y-Sutte indicator was among the best.
Nevertheless, if the prediction results are arbitrary and with acceptable accuracy, the
a-Sutte indicators may be the best option.

2. In addition to the daily AQI prediction in the Mailiao district, this study also con-
ducted the hourly AQI prediction experiment in the Vientiane district. The results
showed that the y-Sutte Indicator also had good prediction ability in different periods,
representing this method’s transferability and generalization.

3. The main reason why the modified y-Sutte indicator was proposed is that although
the prediction abilities of the B-Sutte indicator established by Shih [9] were slightly
better than those of the a-Sutte indicator, the calculation cost was higher than that of
«-Sutte. Therefore, this study proposed a more efficient modified y-Sutte indicator.

4. In the prediction of AQI, other variables should be considered in the future, such as
wind direction, nearby stations, climate, etc.

5. For the ensemble model, combinations of the -Sutte indicator with other time series
methods in the future to form a better model should be explored, such as the Holt-
Winters Model.

6. Inaddition, perhaps deep learning and artificial neural networks can be compared
together in the future. Wang [33] proposed an optimized echo state network for
effective time series prediction. Compared with other artificial neural networks, the
most apparent advantage of echo state network (ESN) is its more straightforward
network structure and lower computational cost. Two real-time series datasets were
used for prediction experiments, and the experimental results of the optimized ESN
were also quite excellent. Xu [34] proposed multi-variable LSTM (MV-LSTM) to better
capture the different temporal dynamics of multivariate sequences in an interpretable
form. This model dramatically improves the prediction model’s performance and
has a good effect on the housing load prediction. By evaluating each variable’s
contribution to the prediction, the multi-quantile prediction of multiple time steps in
the future can be generated.
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Abstract: Web tables are essential for applications such as data analysis. However, web tables are
often incomplete and short of some critical information, which makes it challenging to understand the
web table content. Automatically predicting column types for tables without metadata is significant
for dealing with various tables from the Internet. This paper proposes a CNN-Text method to deal
with this task, which fuses CNN prediction and voting processes. We present data augmentation and
synthetic column generation approaches to improve the CNN’s performance and use extracted text
to get better predictions. The experimental result shows that CNN-Text outperforms the baseline
methods, demonstrating that CNN-Text is well qualified for the table column type prediction.

Keywords: column type prediction; knowledge base; convolutional neural network (CNN); text data
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1. Introduction

In recent years, the information contained in the vast data ocean has been mixed
with the exponential growth of web data. Thus, the way by which to extract useful
information from web data and put it into practice has become a hotspot. In data analytics,
understanding web table content’s semantic structure and meaning are invaluable in
popular areas such as data integration, data cleaning, machine learning, and knowledge
discovery. Tables on the web page are high-value data because they are often used to present
important information in an organized and easily readable way. Thus, the organization
and structure of tables on a web page make them a valuable source of data for many
applications. However, web tables may lack essential information, making information
collection difficult.

Example 1. Figure 1 shows a web table example crawled on the Internet, which doesn’t have a
column header, column schema, and table title. It is unclear what the data in each column represents,
making it difficult to understand the table content.

1 Windermere 5.69 sq mi(14.7 km2)
2 Kielder Reservoir 3.86 sq mi(10.0 km?)
3 Ullswater 3.44 sq mi(8.9 km?)
4 Bassenthwaite Lake 2.06 sq mi(5.3 km2)
5 Derwent Water 2.06 sq mi(5.3 km?)

Figure 1. A web table example.
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To reasonably use the table’s contents without column name information, it is possi-
ble to understand the semantic information in the table with the help of additional and
sufficient relevant information, such as tabular master data [1], domain experts [2], and
crowdsourcing [3]. However, these resources may be scarce and are usually costly to
employ. Fortunately, there exists an increasing availability of knowledge bases (KBs) such
as Yago [4], DBpedia [5], and Freebase [6], which are well-curated and cover a large portion
of web data. Thus, we can annotate table elements with entity or type information in the
KBs to understand the semantics of each column in the web table.

Challenges. However, dealing with the column-type prediction task with the help of
KBs suffers from several issues. First, because the web tables often come from complex
semistructured webpages, metadata (such as table names and column names) are often
missing, incomplete, or ambiguous. The lack of such semantically rich information poses
a vast challenge to existing column-type prediction approaches [7-9]. Secondly, the per-
formance of a model varies with the specific architecture and hyperparameters used, as
well as the quality and amount of training data. Existing methods [10,11] that use a single
model to complete column-type prediction tasks are not compelling enough. Thirdly, the
metadata and the cells in the table lack contextual information; thus, it is difficult to predict
correct column names.

In this paper, we propose a CNN-Text model for tackling these challenges. First, we use
the lookup method to provide more semantic information related to tabular contents and pro-
pose a data augmentation approach to generate additional data for robustness. For the second
challenge, we introduce the method of combining CNN with voting to obtain more accurate
results. For the third challenge, we rationally use the text extracted from the knowledge base
to provide contextual information of entities to help improve prediction accuracy.

Contributions. We summarize our contributions as follows.

e  We propose a novel model CNN-Text, which contains the CNN and voting modules,
which makes the column-type prediction results more accurate.

e  We propose a data augmentation method for column-type prediction, which enables
the CNN model to have better generalization ability.

e  We conducted a series of experiments to demonstrate that CNN-Text is effective
and the performance has been significantly improved compared with the baseline
methods.

2. Related Work

The tabular data-prediction task aims to match table elements with semantic types,
including cell-entity and column-type predictions. Recent methods mainly focus on column-
type prediction [7-9,11-13], except that PGM [10], TabGCN [14], and Meimei [15] simul-
taneously finish these two tasks. However, TabGCN requires a complex algorithm to
transform data into graphs and is sensitive to dirty data. Furthermore, PGM and Meimei
use the Markov random field framework for prediction, which uses costly handcrafted
features. Tabbie [8] averages embedding of rows and columns for obtaining embedding of
cells. TURL [7] and Doduo [11] utilize the transformer to build features with respective
pretraining methods. The above techniques need large quantities of artificially labeled
corpora for training. Colnet [12] and TCN [9] capture features by convolutional networks.
Note that the idea of Colnet is close to ours, but our methods construct a novel framework
combined with a keyword coverage voting mechanism and get better performance on
real-world datasets.

Representation learning. Nowadays, the representation learning approaches can be
divided into three categories: discrete methods [16,17], distributed methods [18,19], and
deep learning methods [7,8,11,12,14]. The discrete representation methods use discrete
vectors for representation, which cannot express the semantic information of words and
will encounter the problem of sparse data and loss of information. The distributed rep-
resentation methods model the relationship between the context and the target word by
considering the contextual information. However, such methods are mainly based on
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statistical computing, and the feature representation effect depends on the corpus size.
The representation methods based on deep learning use deep neural networks to extract
features and represent them as embeddings for various downstream tasks. Based on
Word2vec [20], we use CNNSs to capture deeper semantic information of tables.

Collective approaches. The collective approaches accomplish the objective by com-
bining multiple learning tasks. Current ensemble methods for table annotation tasks are
mainly divided into joint inference methods [10,15,21,22] and iterative methods [7,8,11,12].
The joint inference method combines the prediction results of multiple learners to obtain
the final goal. The iterative method updates the model parameters through multiple epochs
using optimizers to obtain better scores on the evaluation dataset. Both methods achieve
good results with metadata (such as column names and table names) but perform poorly
on tabular data consisting only of cells. We combine the strengths of these two methods
while using the CNN model to iteratively update the parameters to obtain better results.
We also use the joint inference method to combine the CNN prediction results and the text
classifier prediction results on the two datasets.

3. Problem Definition

In this section, we first define the table and text and then define the problem of
column-type prediction.

Table definition. Given a table set T, table t € T contains at least one unlabeled column
K, composed of the attribute descriptions of various entities E = {eq,e,... }.

Table dataset details. The T2Dv2 [12] includes common table entries on the Inter-
net, with 237 labeled primary key (PK) columns and 174 labeled nonprimary key (NPK)
columns, where each label corresponds to a fine-grained DBpedia class. Limaye has various
tables collected from Wikipedia. We use the version derived from the literature [23], which
contains 84 PK columns with labels.

Text definition. Suppose a text set S is obtained from KBs, wherein each piece of text
s € S describes an entity e in the table t € T, and its content may contain multiple entities e
and classes c that contribute to the column-type prediction.

Column-type prediction. The tabular data prediction task includes the cell entity
prediction, the column-type prediction, and the column pair relation prediction tasks.
Following [12], we focus on the column-type prediction task, which aims to predict a
possible class ¢ € C for an unlabeled column K in strict mode or a set Cx = {c1,¢p,...} € C
of possible classes in tolerant mode.

4. Methodology

This section introduces the overall structure of CNN-Text, as shown in Figure 2. CNN-
Text includes four essential parts: lookup, data augmentation, CNN training, and column-
type prediction. The lookup module is designed to obtain tabular semantic information
from the KB. Then, the data augmentation module enriches the dataset based on the
abovementioned information for CNN training. Finally, we fuse the prediction of CNN
and voting to obtain the final prediction results, where voting utilizes the explanatory text
extracted from the KB. We elaborate on each part in detail in the following sections.

4.1. Lookup

Looking up the KBs for external tabular information is the crucial step of our CNN-
Text framework. As seen from Figure 3, the structured data in the KBs includes classes
and entities with many-to-many logic relationships. A class can contain multiple entities,
while an entity can also belong to various classes. Thus, we can easily find the relationship
between entities and entities, entities and classes, or classes and classes by looking up
the KBs.
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Figure 2. The architecture of CNN-Text.

Figure 3. The relationships between the classes and the entities in a KB.

We propose expanding the training set based on the original dataset through a KB.
Figure 4a shows an example of a table structure. The entities in the same column belong
to a specific class shown in the table header, e.g., {e1, e, e3} belongs to c¢;. Considering
an entity may belong to multiple classes in a KB, we expand the training set in three
steps. First, we extend classes by querying the KB based on the class name, finding similar
classes for each class in the original table. As shown in Figure 4b, the classes {c4, ¢5,c6},
{c7,¢c8,c9}, {c10, €11, €12} represent the similar classes queried by class c1, ¢y, ¢3, respectively.
The second step is to find other possible classes from the KB which contain entities in the
table based on the entity names, e.g., the class c13 is queried by the entity e;. Finally, we
query the KB to get more entities corresponding to each known class, where the retrieved
entities will be supplementally added to the training set of the corresponding class. For
instance, {ej, ..., exn} are the retrieved entities queried by classes {c4,¢s,...,c17} from
the KB.

When expanding the training set for different columns, there may be cases in which
different columns have the same class, and we merge all of them to be the extra training
set. After finishing the above operations for every class and entity in table t € T, we get a
larger dataset for the following data augmentation, training, and voting process.
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Figure 4. (a) An example of table t. (b) Entity and class expansion for table .

4.2. Data Augmentation

To capture intrinsic relationships among entities, alleviate overfitting, and enrich the
dataset, we propose generating three types of synthetic column samples. Before this, we
divide entities into corresponding categories.

Entity categorization. After expanding the training set with more classes and entities
during lookup, we propose a data augmentation approach to generate three types of
entities for synthetic column generation, i.e., negative entity, special positive entity, and
normal positive entity. Then we use them to generate synthetic columns for CNN training.
Specifically, for a specific class ¢, if an entity e belongs to c and is contained in table t, then e
is defined as a special positive entity of c. Similarly, we define the entity belonging to the
class but derived from the KB instead of table ¢ as the normal positive entity. Last but not
least, suppose the entities e; and e; come from different classes c; and cp. We define ¢; as
the negative entity of c; and e as the negative entity of c.

Synthetic column samples. Based on three types of entities, we augment synthetic
column samples for training. Specifically, to generate a j-length special positive sample SP
for class c, each special positive entity is combined with (j — 1) randomly selected special
positive entities. Similarly, a j-length normal positive sample NP for class ¢ includes j
randomly selected normal positive entities. While for the generation of the negative sample
NG for class ¢, the special/normal positive and negative entities are mixed, where the
number of positive and negative entities must be greater than 1.

i

Example 2. As shown in Figure 5, we have a training set of class “Fish”: “Spotted bass”, “Crappie”,

“European perch”, “Rainbow darter”, etc. Suppose j = 3, we combine each entity with other two

entities as one synthetic column, such as [“Spotted bass”, “Rainbow darter”, “Golden edhorse”],
[“Crappie”, “Cottus carolinae”, “Flathead catfish”], etc.

Remark 1. The synonyms for the class name can augment the training set through the KB search.

Thus, we also enrich the dataset by replacing some entities with their synonyms to improve CNN-
Text’s robustness.
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Entity of class “Fish”

Synthetic column 1
Synthetic column 2
Synthetic column 3
Synthetic column 4
Synthetic column 5
Synthetic column 6
Synthetic column 7
Synthetic column 8
Synthetic column 9

Synthetic column 10

Spotted . European Rainbow Common Roanoke Cottus q Golden
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bass perch darter carp logperch carolinae Redhorse
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Figure 5. An illustration of synthetic columns.

4.3. The CNN Training

This section describes the CNN model, where we elaborate on column embedding
generation and CNN training.

Column embedding. We transform columns into vectors as CNN inputs for training.
Specifically, for each column K, we split all the entities and integrate them into a word
sequence wi, Wy, . .., Wy, where n is the length of each word sequence and w;, refer to the
n-th word in the word sequence. To simplify computation, we guarantee that all word
sequences are of the same length n. If the word sequence length is greater than n, we
discard redundant parts of word sequences. If the word sequence length is less than 1, we
use NaN to fill in the missing pieces of sequences of insufficient length.

Then, we convert column K into the embedding features x(K) € R™*? via word
vectorization and vector superposition, as follows:

x(K) =v(wy) @ v(wy) @ - - - @ v(wy), 1)
where v(-) represents the d-dimensional vector representation of w with a shape of 1 x d,
and ® represents a vector dimension superposition. v(-) can be obtained by Word2vec
methods [20], where similar words get vectors with close distances. Therefore, we obtain
the column embedding x(K) € R" x d for column K, which will be transmitted to CNN
as inputs.

Example 3. Consider there exists a column containing entities “Trivial. Pursuit”, “Shadowrun”,
“Go (game)”, and “Bakugan Battle Brawlers”. To generate word embedding, we removed trivial
symbols, converted all words to lowercase, and concatenated all words into a sequence: “trivial
pursuit shadowrun go game bakugan battle”. If n is 5, the word sequence will be truncated to
“trivial, pursuit, shadowrun, go, game” and then converted to column embedding according to
Equation (1). Although if n is 10, the sequence will be supplemented to “trivial, pursuit, shadowrun,
go, game, bakugan, battle, NaN, NaN, NaN”, and then converted to column embedding.

Convolution neural network. Considering that the CNN s are effective at exploring the
regional syntax of words [12], we use the CNN model to extract the features of a synthetic
column composed of multiple words. The architecture of the entire CNN model is shown
in Figure 6, including a convolution layer, a pooling layer, a fully connected layer, and a
sigmoid activation layer. The convolution base layer is responsible for extracting features,
the pooling layer is used to reduce the dimension for alleviating huge parameters and
preventing overfitting, the fully connected layer is used to change the feature dimension,
and the sigmoid activation layer is to output the prediction result. Considering feature

41

Flathead
catfish

Flathead catfish

Flathead catfish

Flathead catfish

Flathead catfish



Mathematics 2023, 11, 560

vectors belonging to different classes have various significant partial features to focus on,
we train an individual binary classifier in the CNN model for each candidate class for much
more proper attention over specific partial features. Thus, the output dimension after the
fully connected layer is 1.

The CNN input is the embedding x(K) of a column K. We use a convolutional
layer that includes m multiple filters to extract features, the kernel size of each filter w is
I x d, and the height | has various choices (e.g., 2,3,4). We obtain the feature vector f via
convolution layer,

f=h(x(K) ®W+b), (2)

where W, b is the weight matrix and bias matrix, respectively. @ denotes the convolution
operation, and /() is an activation function. The feature vector f; output by the i-th filter
hasasizeofd x (n—j+1),

fi = h(w e x(K);.ij-1+ bi), ®)

where e represents the matrix dot product operation. We process these feature vectors by
using a max pooling layer that stacks the maximum value of each feature vector together,
and then we get a vector f with size m x 1,

f = [max(f,), max(fy),..., max(f,)]. 4)

Then we use a fully connected (FC) layer and sigmoid function to predict the label of

a column for a specific candidate class from the learned distributed feature representation
as follows,

p = sigmoid(h(W e f + b)), (5)

where W € R"*1 is the weight matrix, b € R'*! is the bias matrix.

Finally, CNN-Text uses the cross-entropy loss function to calculate the loss based on
the predicted label of each column and its true label and reversely updates the parameters
after derivation. The computation formula is shown in Equation (6):

n
Loss = =}  p(xi)log(q(xi)), ©)
i=1
where p, g, and n represent the predicted label, the true label, and the number of class types,
respectively.
CONV Pooling layer Binary Classifier(for each class)
(m kernels)
F_Cmures Max FC layer Sigmoid
Input: x(K) 2xd kernel ] H Output
) / i /Q\
W2 4xd kernel - = \
W3 [ =
- : — - H —_ . 14
OH .
3Xd kernel - / . (=) (0,1
\ —
Wy : 1, @

Figure 6. The CNN architecture (for one specific candidate class prediciton).
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4.4. Column-Type Prediction

Introducing and utilizing additional information is very effective for annotating tab-
ular data that often lack metadata. In addition to CNN prediction, CNN-Text designs a
voting module to provide different prediction results based on KB’s textual information.
Then, an ensemble approach is proposed to fuse the prediction results of the CNN model
and voting.

Candidate Class. To find the possible classes a column belongs to, CNN-Text uses the
lookup method in the KB. For entity e;, we get 1, c» that e; belongs to from the KB, and
for ey, we get c3 that e, belongs to. We defined the classes of each entity in a column as the
candidate classes of the column. If a column K contains eq, ¢, the candidate class for this
column will be ¢4, ¢3, c3.

Text extraction. For an entity e, besides looking up its class ¢ in the KBs, CNN-Text
extracts its unstructured, explanatory description text s to obtain more attribute information.
For example, for the entity “Arduino”, looking up the KB for its classes, we get the keywords
“Device” and “Information Appliance”. While searching for its text description, we get an
entire paragraph of sentences, as shown in Figure 7. Then, we adopt part-of-speech tagging
tools [24-26] to extract keywords which may be the entities or classes, such as “open-source
hardware”, “software company”, “digital devices”, “microcontrollers”, and “kits”. From
the example, we can infer that an in-depth description of an entity can be obtained by
extracting unstructured text from the KB. This description has a higher probability of
including multiple possible classes to which it belongs.

Entity Text

Cold Pike is a fell in the English Lake District. It is a satellite of Crinkle Crags and stands above

Cold Pike the Upper Duddon Valley.
High Hartsop Dodd High Hartsop Dodd is a fell in the English Lake District, an outlier of the Fairfield group in the

Eastern Fells. It stands above Kirkstone Pass on the road from Ullswater to Ambleside.

Arduino is an open-source hardware and software company, project, and user community that
designs and manufactures single-board microcontrollers and microcontroller kits for building
digital devices. Arduino board designs use a variety of microprocessors and controllers. The
boards are equipped with sets of digital and analog input/output (I/O) pins that may be interfaced
to various expansion boards or breadboards and other circuits. The boards feature serial

Arduino communications interfaces, including Universal Serial Bus (USB) on some models, which are
also used for loading programs. The microcontrollers can be programmed using the C and C++
programming languages, using a standard API which is also known as the Arduino language,
inspired by the Processing language and used with a modified version of the Processing IDE. In
addition to using traditional compiler toolchains, the Arduino project provides an integrated
development environment (IDE) and a command line tool developed in Go....

Figure 7. Explanatory text for entities.

Voting. With the extracted text, we vote on all candidate classes for a given column,
and the voting result determines whether it belongs to the corresponding class. Specifically,
we gather all defining words (e.g., entities and types related to the class) into a keyword
vocabulary and calculate the keyword coverage in all extracted text corresponding to
entities under that given column. The coverage is defined as v, i.e., the probability of the
column belonging to each candidate class c.

CNN Prediction. For a column, the trained CNN model predicts the probability
{p“1,...,p} for all candidate classes {cy,...,cs}. As the time complexity of permuting
and combining all entities as input is exponential, we adopt two methods to build multiple
subcolumns: (1) the sliding window method to select a continuous part of entities or (2)
random selection. The number of subcolumns for each column sample is defined as 77, and
we evaluate the model performance under different # in the experiments. The CNN model
predicts the probability for each subcolumn, and finally, these results are averaged to get
the CNN prediction result,

pi, )

1
c _
pr =
=1

= |~

1
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where p{ represents the probability of the i-th subcolumn belonging to candidate class c.
Ensemble. Voting utilizes keyword features through the statistical method, and CNN
captures the context information among the entities. To take advantage of both methods,
we use an ensemble approach [12] to calculate the final probability s of each candidate
class ¢ by fusing the CNN and voting results,
&= {ZJC, v‘:<q)2-orvczg01; ®)
p¢, otherwise,

where @1 and ¢; are hyperparameters (0 < ¢, < @1 < 1). The formula illustrates that we
accept the voting result when it is greater than or equal to ¢; or less than ¢,. Otherwise,
we reject it and adopt the predicted result from CNN. Last but not least, we create a
prediction threshold € for judging whether the final result can provide sufficient evidence
for column-type prediction; that is, we accept column K to be predicted as class c if s© > e.

5. Experiments
5.1. Experiment Setup

Datasets. We use two datasets to demonstrate CNN-Text’s performance. The statistics
of datasets are summarized in Table 1, where # Cell(Avg.) represents the average number of
cells in the table. Considering the few labeled samples in datasets, we adopt the synthetic
columns generated by the data augmentation as the training data while keeping the original
labeled part of the dataset as the test set for evaluation. The random subcolumn generation
will construct # subcolumn training sample for each synthetic column sample. Specifically,
we use 17 X 84 training samples and 84 validation (or testing) samples for Limaye, and we
use 1 x 411 training samples and 411 validation (or testing) samples for T2Dv2.

Table 1. Dataset statistics.

Dataset # Column (Labeled) # Cell (Avg.)
T2Dv2 411 124
Limaye 84 23

Compared methods. To verify the effectiveness of CNN-Text, we compare our model
with the SOTA methods ColNet and T2K Match. We summarize these methods below.

e  T2K Match [13] is an iterative matching method that combines schema matching and
instance matching, the major process of which includes candidate selection, value-
based matching, property-based matching, and iterative matching.

e  ColNet[12]is a framework that utilizes a KB, word representations, and machine learn-
ing to automatically train prediction models for annotating types of entity columns.

Implementation details. We implement the proposed CNN-Text method in Tensorflow
and Word2Vec [20] Library. For Word2Vec, we use GoogleNews pretrained corpus [27],
which contains 300-dimensional vectors for three million words and phrases. We use Spacy
as the part-of-speech tagging tool. For external information, we use Wikipedia to extend
the entity and the class in lookup process, and we use DBpedia to query unstructured text.
All the experiments are performed on an R9-3900X server with 32G RAM and 1080Ti GPU.
The training epoch is set to 50. The average training time per epoch for CNN module in
CNN-Text ranges from 0.5556 s for Limaye to 8.5657 s for T2Dv2, and the training time of
ColNet is similar. But for the prediction process, CNN-Text takes 19.98 s for T2Dv2 and
2.95 s for Limaye whereas ColNet takes 12.6 s for T2Dv2 and 2.34 s for Limaye. We adopt
precision, recall, and F1-score metrics to compare our method’s performance with other
baseline methods. To ensure the repeatability and validity of the model, all experiments
were repeated five times, and the scores were averaged to obtain the final results. To verify
the model’s performance on both single-label and multilabel classification, we use the
“tolerant” mode and the “strict” mode for evaluation, which involve different truth datasets.
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Generally, we got only one or two truth values in strict mode, while tolerant typically has
more (up to five) truth values for each label of column. Therefore, we compute metrics’
scores for strict mode based on a single-label classification problem, but scores for tolerant
mode are based on a multilabel classification problem. The length of subcolumn for ColNet
and CNN-Text is set to 2 and 4 (subsequent experiments will demonstrate). For CNN-Text,
we manually optimize ¢ and ¢, to 0.5 and 0.08, respectively.

5.2. Experimental Results

Tables 2 and 3 illustrate the performance of various methods on the Limaye dataset
and T2Dv?2 dataset respectively, where we only use the augmented data derived from the
whole original dataset as the training set and use original labeled columns as the test set.
Limaye does not have labeled NPK columns, so we can only accomplish the type prediction
for PK columns. First, T2K Match only adopts the candidate matching method, which
cannot fully utilize the semantic features buried in columns. Therefore, T2K Match achieves
the worst results on all datasets and in all evaluation modes. On the Limaye dataset,
CNN-Text outperforms other methods in both modes, which can contribute to the impact
of combining the CNN prediction with the voting mechanism. CNN module focuses on
capturing the critical entity information in the column, and its prediction results are more
inclined to the types labeled in the original dataset. At the same time, the voting mechanism
adopts a method similar to knowledge base matching, which can efficiently complete the
prediction for those types from the knowledge base. Therefore, the combination of this
method and CNN can make up for the defect that CNN cannot predict the type from the
knowledge base well. In the strict mode, the recall of CNN-Text can be improved by nearly
6%, and the Fl-score can be improved by 2.9% and the precision is generally improved.
While in the tolerant mode, the F1-score of CNN-Text has a 4.7% improvement compared
with ColNet, with significantly increased precision and naturally enhanced recall. On the
T2Dv2 dataset, CNN-Text achieves comparable performance with Colnet, while both are
still much higher than T2K Match. These results indicate that the extracted text of T2Dv2 is
dirty to describe the corresponding entity, bringing about poor voting results.

Table 2. Performance comparison on T2Dv?2.

. All Columns PK Columns
Evaluation Mode Method Precision  Recall F1 Precision  Recall F1

T2K Match 0.664 0.773 0.715 0.738 0.895 0.809

Tolerant ColNet 0.886 0.807 0.847 0.942 0.906 0.924
CNN-Text 0.868 0.829 0.848 0.923 0.912 0.918

T2K Match 0.624 0.727 0.671 0.729 0.884 0.799

Strict ColNet 0.749 0.757 0.753 0.853 0.874 0.864
CNN-Text 0.743 0.767 0.754 0.843 0.883 0.863

Table 3. Performance comparison on Limaye.

. PK Columns
Evaluation Mode Method Precision Recall F1

T2K Match 0.560 0.408 0.472

Tolerant ColNet 0.796 0.799 0.798
CNN-Text 0.811 0.791 0.801

T2K Match 0.453 0.330 0.382

Strict ColNet 0.603 0.639 0.620
CNN-Text 0.607 0.697 0.649

Data augmentation validation. To show the effect of data augmentation, we added
a comparative experiment on whether to use the data generated by data augmentation
to train the model. For Limaye, the average number of original samples and augmented
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samples per class are 42 and 2492 respectively. For T2Dv2, the average number of original
samples and augmented samples per class are 320 and 17,493 respectively. We divided
the original dataset into 70% of the training set and 30% of the test set, and the data
augmentation was only conducted on 70% of the training set. We train three variants of
models: (A) using only 70% of the original dataset, (B) using only the augmented dataset
from 70% of the training set, (C) using both 70% of the original dataset and the dataset
generated by data augmentation. The results are shown in Tables 4 and 5. We can find that
variants (B) and (C) using the augmented dataset outperform variant (A), which only uses
the original dataset in both restrict and tolerant mode, and the greatest improvement is
achieved for the Limaye dataset in tolerant mode, close to 42%. Therefore, it demonstrates
the effectiveness of data augmentation. Across all experiments, variant (B) performs best in
most cases. It achieves the highest precision and F1-score in all tolerant modes and most
strict modes. Variant (B) achieves better scores than variant (C), showing that only using
the dataset generated by data augmentation as the training set can alleviate the overfitting
problem of using a mixed dataset used by variant (C). Therefore, using the different dataset
from data augmentation as the training set is worthwhile. It is also worth considering why
the model performs differently on different datasets. The experiment results on the Limaye
dataset have better results because the Limaye dataset has relatively straightforward and
tidy data fields, and we can get better results when querying the KB and voting. But
T2Dv2 contains many special or dirty characters, and the text extracted from KB contains
less valuable keywords. These two problems make it difficult for CNN prediction and
precise voting.

Table 4. Validation experiment results (precision, recall, F1-score) on T2Dv2.

Mode Strict (All Columns) Tolerant (All Columns) Strict (PK Columns) Tolerant (PK Columns)

Metric Precision Recall F1 Precision Recall F1 Precision Recall F1 Precision Recall F1
(A) 0.5679 0.0335 0.0632 0.4610 0.1130 0.1810 0.7931 0.0587 0.1094 1.0000 0.0270 0.0520
(B) 0.5097 0.1142 0.1866 0.4851 0.2495 0.3295 0.7931 0.0587 0.1094 1.0000 0.0270 0.0520
©) 0.4952 0.1135 0.1846 0.4908 0.2516 0.3327 0.6555 0.1992 0.3056 1.0000 0.1230 0.2180

Table 5. Validation experiment results (precision, recall, F1-score) on Limaye.

Mode Strict Tolerant

Metric Precision Recall F1 Precision Recall F1
(A) 0.1459 0.5533 0.2310 0.1980 0.8074 0.3180
(B) 0.6186 0.4918 0.5479 0.7004 0.7664 0.7319
© 0.5644 0.5205 0.5416 0.4561 0.7869 0.5774

Ablation study. We conduct the ablation experiment to verify the effect of CNN-Text,
which ensembles the voting and CNN modules. Table 6 shows the experiment results of
CNN, Voting, and CNN-Text, from which we can see that CNN-Text utilizes the advantages
of CNN and Voting, therefore achieving the best performance.

Table 6. Ablation experiment results (precision, recall, and F1-score) on Limaye.

. PK Columns

Evaluation Mode Method Precision Recall F1
CNN 0.763 0.820 0.791
Tolerant Voting 0.732 0.660 0.694
CNN-Text 0.811 0.791 0.801
CNN 0.576 0.619 0.597
Strict Voting 0.571 0.447 0.501
CNN-Text 0.607 0.697 0.649
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Effect of the number of subcolumns. We investigated the effect of subcolumn number
1 on the experimental results (precision, recall, F1-score). Figure 8 shows the results of
ColNet and CNN-Text, which indicates that the performance of CNN-Text is better than
ColNet under the same number of subcolumns. What is more, the scores of ColNet achieve
the highest when 7 is set to 4, whereas CNN-Text performs best when it comes to 2. To
maximize their performance, we set 17 of ColNet and CNN-Text to 2 and 4, respectively.

Case study. To prove the performance of CNN-Text, we select several examples from
the Limaye dataset to analyze why text can improve the performance of CNN-Text. In the
strict mode, there is only one truth value of the dataset, and there can only be one strict class
“Book” in “file151614_2_cols_rows105.csv”. For Colnet, the highest predicted probability is
“Work” (probability is 0.91), while the probability of the actual class “Book” is only 0.80, so
Colnet will incorrectly predict the type as “Work”. While for CNN-Text, after introducing
text features, the predicted probability of “Book” will increase from 0.80 to 1.00, which
leads the detection model to output the correct classification result “Book”. The same goes
for another file “file223755_0_cols1_rows27.csv”. Therefore, in the strict evaluation mode,
the recall can be improved a lot, so as to the F1-score, and from the prediction probability
of other classes, the text features we used do not affect the expression of the original model

too much.
1.00 T T 1.00 T
Precision Precision
Recall 0.6680 0.7172 Recall
F1 F1
0.65 - 0.70 + 0.6885 b
0.6311 0.6311 0.6967 0.6762
0.6629 () 6601 0.6680
0.5984 0.5993 0.6522
0.60 —— 0.65 + 7
0.5867 0/5820 0.6489 0.6340
0.5728 0.5672 0.6162 0.6298 06163
0.55 0.5480 0:0009 0.5433 0.60 0.6071
' 0.5594 ' 5605 1 ' '
0.5151 0.5719
0.00 - ‘ ; ; ; 0.00 - ‘ ; ‘ ; ; T
0 1 2 3 4 5 0 1 2 3 4 5 6
Number of sub-column Number of sub-column
(a) (b)

Figure 8. (a) The performance of ColNet in different # of sub-columns. (b) The performance of
CNN-Text in different 77 of subcolumns.

For Limaye, when evaluating CNN-Text, the prediction threshold € is set to 0.5. As a
result, in the two files in Table 7, although CNN-Text improves the prediction probability
of the truth value under the strict mode, CNN-Text and ColNet can predict all the truth
values, so the model prediction effect of the two models is similar under the tolerant mode.
Similarly, to verify this phenomenon’s universality, we select other data for further analysis.
In Table 8, we use bold text to indicate that the prediction value is accepted by exceeding
the threshold € of 0.5. Intuitively, CNN-Text and ColNet can classify almost all classes
correctly under tolerant mode. But CNN-Text can identify the class “College” that ColNet
cannot predict in “file101640_0_cols1_rows31.csv”, which also verifies that CNN-Text has a
certain degree of improvement in tolerant mode.
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Table 7. Partial example prediction probability table for Limaye in strict mode.

. Predicte Result

Filename(.csv) Truth Value Target ColNet CNN-Text

Place 0.09 0.09

Architectural Structure 0.09 0.09

Work 0.91 0.91

Location 0.10 0.10

Sport Facility 0.08 0.08

. Book 0.8 1.00

file151614_2_cols1_rows105 Book Television Show 031 031

Person 0.16 0.16

Agent 0.19 0.19

Film 0.32 0.32

Organisation 0.13 0.13

Written Work 0.81 0.81

File 0.76 1.00

. . Musical Work 0.28 0.28

file223755_0_cols1_rows27 Film Work 0.99 0.99

Album 0.18 0.18

Table 8. Partial example prediction probability table for Limaye in tolerant mode.

. Predicte Result

Filename(.csv) Truth Value Target ColNet CNN-Text

Location 0.15 0.15

College 0.31 1.00

Agent 0.92 0.92

Place 0.14 0.14

University, Soccer Club 0.03 0.03

Educationallnstitution, City 0.05 0.05

file101640_0_cols1_rows31 Agent, Populated Place 0.03 0.03

Collage, Educational Institution  0.95 0.95

Organisation Person 0.05 0.05

Architectural Structure  0.14 0.14

Building 0.16 0.16

University 0.94 1.00

Organisation 0.92 0.92

. Work Software 0.97 0.97

file227142_1_cols1_rows7 So ftwa/r o Work 0.96 0.96

Device 0.41 0.41

6. Conclusions

We propose CNN-Text, a novel column-type prediction model based on CNN and
voting. Compared with baseline methods, with little difference in time cost, however, CNN-
Text can extract more meaningful textual information from the knowledge base as a piece
of solid evidence for prediction, eliminating the prediction failure caused by insufficient
information in the web table data. We evaluate CNN-Text on T2Dv2 and Limaye datasets
in strict and tolerant modes. The evaluation results demonstrate that CNN-Text is well
qualified for the column-type prediction task. Note that current dataset for column-type
prediction is scarce, small and precious. We do not adopt the pretraining method as it will
require a huge cost. In the future, we aim to find more valuable datasets to develop our
model with the pretraining method.
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Abstract: There is a significant and supported trend toward the achievement of ensuring contin-
uous door-to-door travel in the pan-European transport network. Many innovative programs
are dedicated to this topic through assigned projects. This paper is based on the concrete partial
results of the H2020 project Shift2Rail IP4 to support the deployment of mobility as a service
(IP4MaaS). Attitudes towards travel for demonstration sites were assessed based on the outputs of
a sample of respondents from two countries. Cooperation in working on the IP4Maa$S project was
also provided by a partner from Slovakia (UNIZA) and the Czech Republic (OLTIS). Mathematical
statistical tools were used to evaluate the available data to find a connection with promoting
mobility as a service. This paper aims to identify differences in travelers’ needs with a focus on
using applications using two-step cluster analysis. The research resulted in the identification of
differences in traffic behavior within Maa$S activities when comparing different clusters reflecting
preferences for using a website or mobile application.
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1. Introduction

The door-to-door strategy is gradually coming to the fore, even with the idea of
providing continuous transport services connecting several operators within one digital
platform. Promoting door-to-door mobility is a very current topic that is being studied in
numerous studies. Research in Dresden focused on identifying the needs and preferences
of public transport users for mobile applications to support mobility [1]. As part of
transport planning, the decision of transport routes and the inclusion of private door-to-
door services to ensure transport service is taken as a key element [2]. In Singapore, a
public transport routing approach was assessed, including door-to-door shared services [3].
The option of continuous traffic service also applies to the reduced-mobility population.
Research in Barcelona highlighted the importance of door-to-door transportation services
even for disadvantaged road users, emphasizing the influence of road characteristics
and the need for priority-based trip allocation [4]. Research in Turkey examined the
impact of the availability of transport infrastructure and the attractiveness of the region on
regional mobility [5].

Digitization in general provides a wide range of available data, which makes it possible
to understand and link user behavior. Processing data from multiple communication
systems and interconnected subsystems helps in the development of smart cities [6]. In
the context of the design of a smart city, the interaction between mobile applications and
transport itself is especially important. When setting up a functional system, a process
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consisting of a sufficient amount of traffic data, map documents, and outputs from real-time
sensors or transport operators is considered [7]. The identification of factors influencing
urban tourists’ receptivity as well as citizens traveling for work or school is an important
input when assessing mobility [8]. The effective operation of public transport systems is
closely related to a detailed understanding of the behavior of its participants. In Hong
Kong, research focused on evaluating spatial, temporal, modal, and targeted user group
parameters based on data from smart cards [9]. Knowing the social demographics of
passengers is the basis for the future design of transport services. This topic was addressed
by a study that used data extracted from traffic cards to understand and assess the travel
habits of different population groups [10]. A study in Canada focused on assessing the
impact of transport mobility benefits on older non-working citizens [11]. Business trips
have a significant impact on the increased demand for transport services. A Swedish
study tested the interaction of the application of mobility services with the reservation
and implementation of business trips in the context of public transport as well [12]. Part
of the provision of transport is also the offer of shared mobility services in urban areas.
Understanding the decision-making process when choosing public transport or alternative
shared means plays a significant role in setting up a mobility plan [13]. A French study
evaluated mobility with lower density, and the results showed that it is in such cases that
carpooling and walking in conjunction with mobile apps are most applied [14]. Shifting
traffic in cities to public transport services ensuring mobility is also closely related to a
properly set parking policy, especially in city centers [15]. The choice of transport mode is
also connected with the assessment of safety. Travel users perceive the provision of safe
driving very sensitively and have high expectations for intelligent transport systems [16,17].

Cluster analysis is widely used in various areas, including the transport sector. In a
Portuguese urban area, cluster analysis was used to investigate the segmentation of public
transport users and their perception of satisfaction with transport services, revealing four
user segments [18]. London’s public transport network was an area of research that consid-
ered the heterogeneity of commuters and assessed the diversity of urban residents as well
as temporal attributes within days and sequences of activities [19]. Another English study
focused on the approach to the analysis of travel workflows based on geodemographic
classification [20]. The recognition of the important predictor was identified through cluster
analysis in traffic congestion, while the factors influencing the management, flow, and
functioning of traffic were outlined [21]. The impact of transport on carbon dioxide emis-
sions in Chinese cities was also examined using a two-stage cluster analysis, which was
divided into various categories based on the degree of impact of each driver [22]. Another
study focused on traffic from the point of view of motorcyclists, and segmented motorcycle
crashes into homogeneous clusters through cluster analysis [23].

Mobility as a service (MaaS) can be expressed as a tool to achieve sustainable mobility
and increase the share of trips by public transport [24]. It is based on the idea of access
to a centralized platform for planning, payment, and travel management along with
the combination of several types of transport [25]. From another point of view, MaaS
emphasizes the need to focus on finding the most acceptable way of moving and deciding
to make that move [26]. The term MaaS represents a tool to support mobility. Numerous
studies are devoted to this topic. The London study pointed to the potential of the mobility
as a service package from the point of view of supporting shared modes. More than
half of the respondents confirmed that they would be interested in trying new modes
of transport and, thus, supporting travel by shared modes [27]. MaaS is defined as a
user-oriented service concept providing people with door-to-door mobility solutions. The
importance of future planned bus transport in the context of MaaS appears to be an
essential element in strengthening public transport [28]. The possibility of unified search,
reservation, and payment through a digital platform helps to promote mobility. Even
though it focuses more on passenger transport, the idea of integration of freight transport
was also investigated, as the means of freight transport affects the capacity of road traffic
and, thus, affects mobility [29]. The MaaS scheme operates in various industries, and
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it is described in many studies. Another London study focused on examining newly
existing mobility services such as car sharing or bike sharing and their impact on urban
mobility [30]. The legislative framework within the digital market in the context of Maas
is addressed by research that pointed to the need to harmonize the legal framework for
personal multimodal transport [31]. A Dutch study also addressed the topic of MaaS
implementation and its impact on passengers’ transportation, in which five different
clusters were identified concerning individuals” inclinations [32]. An Australian study
assessed consumer preferences, where willingness to use MaaS was shown to be dependent
on age and life stage [33]. A German study addressed MaaS from the perspective of
identifying key motivational determinants and their interrelationships [34].

The Maas initiative provides a comprehensive approach to solving urban mobility
through a single interface, with technical support and a journey planner as desirable
elements [35]. From the results of research on the use of MaaS in Metro Manila, it was
concluded that the respondents highlighted the reliability and cost savings, and about
80% of them would use the Maa$S application [36]. A Belgian pilot study looked at the
possibilities of replacing the car with the effects of MaaS, with findings indicating the impact
of Maa$S on car ownership and use [37]. Another study on MaaS focused on mobility as a
service preferences in the context of understanding potential demand from the perspective
of different subscription options [38]. The international Delphi study gathered the opinions
of experts on the future implementation of MaaS, in which their attitudes and reactions to
vulnerabilities as well as opportunities were considered [39]. The impact of shared mobility
on MaaS was addressed in a case study in Madrid, where emerging shared mobility
operators and their provided transport services were investigated [40]. Travel behavior and
the connection to MaaS were addressed in another study, where the preference for public
transport from the perspective of passengers with a motor vehicle was compared [41].
The need for innovation and the provision of public benefits to the traveling public was
highlighted as a significant prerequisite for the future preference for MaaS [42].

Solving key social trends such as reducing greenhouse gas emissions or solving
problems with congested roads are positive effects that are expected. Shift2Rail IP4 supports
MaaS routing to offer transport services and specific route settings directly with individual
operators through a digital platform. The IP4MaaS project aimed to support the deployment
of MaaS schemes by testing technologies developed under IP4 within Shift2Rail through
complementary IP4MaaS projects through demonstration implementation. This project
involved 26 participants from eight countries (Belgium, Spain, Greece, Italy, Poland, Croatia,
the Czech Republic, and Slovakia) to achieve jointly set goals. Project activities between
partners were strengthened by mutual co-creation such as brainstorming, workshops,
and imaginative activities with the aim of harmonizing opinions and achieving set goals
through project demonstrations [43].

2. Materials and Methods

The data from our questionnaire survey led to us obtaining the needs and expectations
of potential users within Maa$S activities. We used a conversational survey using the Coney
tool, while the questions were asked via chat. It was easy to answer the list of questions in
the form of an online interview through this platform. The original English version was
translated into several languages, while our partial survey used the Czech language. The
survey was anonymous and took place from 1 March 2022 to the end of April [43]. The
questionnaire was answered by respondents over the age of 18. The questionnaire was
divided into two sections: a socio-demographic section (age, gender, social status) and an
application section focusing on functionality and user-friendliness. We segmented users
using two-step cluster analysis in the statistical analytical program SPSS 26. This program
was used to calculate the relative importance of the predictor (see Figure 1) based on the

formula below. . )
VI, = —log (sig;) )

maXje() (—log10 (sigj) )
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where:

() is a set of predictor and evaluation fields;

sig; is a p-value computed by applying a certain test. If sig; equals 0, set sig; = MinDouble,
where MinDouble is the minimal double value [44].

3. With which gender identity do you most identify? '

6. Which of these options would you prefer?

2. How old are you?

13. Is it important for you to book online all payable parts of the trip
that you are planning, and receive the tickets right within the app?

9. First off, how important is it for you that this app already includes all '
possible means of transport and all different service providers in the -
same place (instead of using different applications)

5. How often do you happen to make such a trip?

0.0 0.2 0.4 0.6 0.8 1.0

Least Important Most Important

Figure 1. Predictor importance of all inputs.

Clustering is a known way of segmentation in many areas, including k-means, hier-
archical clusters, and two-step clusters. Two-step cluster analysis is a different algorithm
from traditional clustering techniques for handling categorical and continuous variables,
determining the automatic selection of the number of clusters, and scalability. In other
words, the method uses categorical and continuous variables [45]. Two-step cluster anal-
ysis is useful when the dataset has a complex structure or when there is no clear prior
knowledge about the number of clusters. This approach provides a flexible and effective
way to uncover the underlying structure in the data and generate meaningful insights.

Distance measures explain how the similarity between two clusters is computed
using log-likelihood and Euclidean distance. Euclidean measures only use continuous
variables, in contrast to log-likelihood distance. This method assumes that all variables
are independent. Moreover, continuous variables should be normally distributed, and
categorical variables should be multinomial.

2.1. Log-Likelihood Distance

The log-likelihood distance (also known as the log-likelihood ratio) is a measure of
the difference between two probability distributions. It is commonly used in information
theory and machine learning to compare the fit of two models to a given set of data. The log-
likelihood distance is defined as the difference between the log-likelihood of the observed
data using one model and the log-likelihood of the same data using a second model. A
smaller log-likelihood distance between two models indicates that the two models are more
similar in their predictions for the observed data, while a larger log-likelihood distance
indicates that the models are less similar. In other words, a model with a higher log-
likelihood is considered to be a better fit for the data, and the log-likelihood distance can
be used to compare the goodness-of-fit of different models. Finally, using log-likelihood
distance in two-step cluster analysis can provide a more robust clustering method compared
to methods that only use Euclidean distance or other measures of similarity. The distance
between clusters i and j is defined as

diyg) =&+ &~ &aj )

54



Mathematics 2023, 11, 2192

(B ()

k=1 k=1
A Lo /N N
Eq =Y (K410 ( Skl)) 4
sk 1_21< N, g N, 4)

where:

KA is the total number of continuous variables;

KB is the total number of categorical variables;

Ly is the number of categories for the kth categorical variable;

N is the total number of data records in cluster s;

Ngi is the number of records in cluster s whose categorical variable k takes the 1 category;
6i is the estimated variance of the continuous variable k;

651( is the estimated variance of the continuous variables k in cluster j;

d(j)(j) is the distance between the i and the j;

(1,j) is the index representing cluster formed by combining clusters i and j [45].

2.2. Optimal Cluster Number

The optimal number of clusters is identified by the maximum value of the ratio of
distance measures according to [46,47] in the statistical analytical program IBM SPSS 26.
BIC and AIC are calculated for each number of clusters within a specific range. These
indicators identify the optimal number of clusters. AIC (Akaike information criterion) and
BIC (Bayesian information criterion) are both measures of the goodness-of-fit of a statistical
model used to compare different models and select the best one. Both AIC and BIC balance
the model’s goodness-of-fit with its complexity, as a model with too many parameters can
easily fit the data too well, but at the cost of overfitting. In general, AIC and BIC provide
similar information, but BIC tends to favor simpler models, while AIC is more balanced
between fit and complexity. The choice of which measure to use depends on the specific
problem and the trade-off between model fit and complexity that is desired. BIC statistics
for a partition with R clusters are calculated as:

R
BICg = —2 ) & +m.log(N) (5)
r=1
with
KB
my = R{ZKA + Y (L — 1)} (6)
k=1
where:

BICR is the Bayesian information criterion;
my, is the ratio in the r-cluster developed during the hierarchical clustering stage;
Ly is the number of groups in k categorical variables [47,48].

In addition, we also monitored the ratio of BIC changes and the ratio of distance
measures. However, the statistical analytical program automatically determines the optimal
number of clusters without the author’s decision [49].

2.3. Cluster Quality

The silhouette coefficient is a measure of the quality of a clustering solution in unsu-
pervised machine learning. It provides a way to assess the similarity of the data points
within a cluster and the dissimilarity between different clusters. The silhouette coefficient
ranges from —1 to 1, where a value close to 1 indicates that the data points in a cluster
are well separated and similar to each other, while a value close to —1 indicates that the
data points in a cluster are dissimilar and assigned to the wrong cluster. A value close to
0 indicates that the data points are indifferently similar to their cluster and the neighboring
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clusters. In other words, the silhouette value identifies poor classification (from —1.0 to
0.2), fair classification (from 0.2 to 0.5), and good classification (from 0.5 to 1.0) [50]. This
coefficient is computed for each data point, and the average silhouette score for all data
points provides an overall measure of the quality of the clustering solution. The silhouette
score can be used to compare different clustering solutions and to determine the optimal
number of clusters for a given dataset. The silhouette value is calculated as

bi—ai

SWi = max(aj, b;) @
Yy o D

aj = ]Ecg(]?éli 1 (8)
I'lq -

by Yjec, Dij ©)
Np

n .
SC = L:;SWI (10)

where:

SWi; is the silhouette coefficient for the ith object;

SC is the average silhouette coefficient;

a; is the average of the minimum distance between the ith objects in the same cluster
(average intra-cluster distance);

b; is the average of the minimum distance between the ith objects in a different cluster
(average inter-cluster distance);

Cg, Gy, are cluster elements;

D;; is the distance;

ng, ny, are the number of objects in the gth (hth) cluster;

n is the total number of observations [50,51].

It is a widely used metric for evaluating clustering solutions and is particularly useful
for datasets with defined clusters or for datasets with a large number of clusters.

3. Results

Optimal cluster number. Table 1 reveals important metrics such as BIC, BIC change,
ratio of BIC, and ratio of distance measures determining the optimal number of clusters.
The maximum value of the ratio of distance measures identifies four clusters as the
optimal number.

Cluster quality. The silhouette measure is higher than 0.2. This metric represents the
fair zone. These results demonstrate that the behaviors are significantly different from each
other, but respondents in individual groups have similar features and preferences.

Cluster structure. Table 2 shows that the total number of respondents is 350, but all
four clusters consist of 261 respondents. Other respondents are excluded due to missing
data. As can be seen, clusters consist of different numbers of respondents. We find that
the third cluster consists of more than 80 respondents (31.40%). On the other hand, the
first cluster includes fewer than 50 respondents (18.00%).

Moreover, Figure 1 shows that the most significant predictors are gender (100%), user
preference focusing on using a website, mobile application, or both (63%), and age category
(54%). Other predictors are less significant. Predictor importance explains the relative
importance of each predictor.
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Table 1. Optimal cluster number based on ratio of distance measures.

Number of Schwarz’s Bayesian a . Ratio of Distance
Clusters Criterion (]%IIC) BIC Change Ratio of BIC Changes b Measures ©

1 2794.695

2 2603.075 —191.62 1.000 1.220
3 2459.052 —144.023 0.752 1.127
4 2339.487 —119.565 0.624 1.648
5 2295.396 —44.091 0.230 1.058
6 2257.667 —37.728 0.197 1.066
7 2226.747 —30.92 0.161 1.061
8 2201.740 —25.007 0.131 1.325
9 2200.588 —-1.152 0.006 1.027
10 2201.336 0.749 —0.004 1.088
11 2207.889 6.552 —0.034 1.052
12 2217.721 9.832 —0.051 1.031
13 2229.430 11.709 —0.061 1.020
14 2242.326 12.896 —0.067 1.201
15 2265.164 22.838 —-0.119 1.042

2 The changes are from the previous number of clusters in the table. P The ratios of changes are relative to the
change for the two-cluster solution. ¢ The ratios of distance measures are based on the current number of clusters
against the previous number of clusters.

Table 2. The total sample divided into four clusters.

N % of Combined % of Total
Cluster 1 47 18.00% 13.40
2 70 26.80% 20.00
3 82 31.40% 23.40
4 62 23.80% 17.170
Combined 261 100.00% 74.60
Excluded Cases 89 25.40

Total 350 100.00%

Figure 2 shows that the respondents are divided into four clusters. These clusters
are made up of respondents with similar demographic characteristics and preferences for
using applications. As can be seen, these clusters are created using six input categorical
variables such as gender, age category, trip frequency, and user preferences. The color scale
distinguishes predictors by within-cluster importance (see the legend).

Table 3 demonstrates that the first cluster consists exclusively of respondents aged
18 to 24. Other age groups are not represented in this cluster. On the other hand, the
fourth cluster consists of respondents from 25 to 64 years old; both age categories from
25 to 44 and 45 to 64 have equal representation. Finally, the second and third clusters
have diverse representations in all age categories. We find that the second cluster consists
primarily of respondents from 18 to 24 years old, unlike the third cluster. This cluster
consists of respondents from 25 to 44 years old (44.80% of this age group).

Table 3. The age of the respondents and their division into clusters.

18-24 Years 25-44 Years 45-64 Years
Frequency % Frequency % Frequency Y%
Cluster 1 47 42.70 0 0.00 0 0.00
2 32 29.10 17 19.50 21 32.80
3 31 28.20 39 44.80 12 18.80
4 0 0.00 31 35.60 31 48.40
Combined 110 100.00 87 100.00 64 100.00
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Input (Predictor) importance

1o Mos Wos o4 [Jo2 [Joo

Cluster 3 2 4 1
Label
Description
Size 31.4% (82) 26.8% (70) 23.8% (62) 18.0% (47)

3. With which gender 6. Which of these

identity do you most  options would you 2. How old are you? 2. How old are you?

identify? prefer?

6. Which of these 3. With which gender
2. How old are you? options would you  identity do you most

prefer? identify?

13. Is it important for
you to book online all
payable parts of the
trip that you are...

3. With which gender 3. With which gender
identity do you most  identity do you most
identify? identify?

Inputs

9. First off, how 9. First off, how ) )
" . ) . 5. How often do you 6. Which of these
important is it for you [important is it for you ha . - h " id
ppen (o] nlake suc options wou you
that this app already | that this app already : =

trip? brefer?
includes all possible... | includes all possible... auip prefer

9. First off, how 9. First off, how
important is it for you |important is it for you
that this app already | that this app already
includes all possible... | includes all possible...

5. How often do you
happen to make such [EBs GNEE IR
a trip?

13. Is it important for
you to book online all
payable parts of the

5. How often do you
happen to make such
a trip?

6. Which of these 5. How often do you
o LRI LBVl happen to make such

prefer? a trip?

Figure 2. The four user clusters (inputs sorted by within-cluster importance).

Table 4 reveals that the first cluster consists only of men, unlike the third group. On
the other hand, the second and fourth groups are made up of both sexes, but the majority
are men.

Table 4. The gender of the respondents and their division into clusters.

Female Male
Frequency % Frequency %
Cluster 1 0 0.00 47 28.80
2 3 3.10 67 41.10
3 82 83.70 0 0.00
4 13 13.30 49 30.10
Combined 98 100.00 163 100.00

Table 5 demonstrates that respondents in the second and third clusters often go on
trips, unlike the other groups.
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Table 5. The frequency of trips and their division into clusters.

Very Often Frequently Rarely Sometimes Never
Frequency % Frequency % Frequency % Frequency % Frequency %
Cluster 1 6 10.70 13 18.30 11 21.60 16 23.20 1 7.10
2 20 35.70 21 29.60 7 13.70 18 26.10 4 28.60
3 16 28.60 27 38.00 21 41.20 18 26.10 0 0.00
4 14 25.00 10 14.10 12 23.50 17 24.60 9 64.30
Combined 56 100.00 71 100.00 51 100.00 69 100.00 14 100.00
Table 6 shows that mobile applications are popular for three of the four clusters; the
exception is the second cluster. This cluster prefers a web application as opposed to a
mobile application.
Table 6. The user preferences and their division into clusters.
Web App Mobile App I Do Not Care
Frequency % Frequency % Frequency %
Cluster 1 0 0.00 47 24.50 0 0.00
2 29 76.30 15 7.80 26 83.90
3 9 23.70 68 35.40 5 16.10
4 0 0.00 62 32.30 0 0.00
Combined 38 100.00 192 100.00 31 100.00
Table 7 demonstrates that access to information about all possible means of transport
in the same place is extremely and very important for most users.
Table 7. The degrees of importance of having traffic schedules and services in one place and their
distribution into clusters.
Extremely Important/Very Important ~ Moderately Important Not Important at All/Slightly Important
Frequency Y% Frequency % Frequency %
Cluster 1 45 19.40 1 5.60 1 9.10
2 55 23.70 6 33.30 9 81.80
3 72 31.00 10 55.60 0 0.00
4 60 25.90 1 5.60 1 9.10
Combined 232 100.00 18 100.00 11 100.00
Table 8 reveals that respondents substantially prefer online booking and quick access
to tickets in the app in all clusters except the second cluster.
Table 8. The degrees of importance of having access to all tickets in one app and their distribution
into clusters.
Extremely Important/Very Important Moderately Important Not Important at All/Slightly Important
Frequency % Frequency % Frequency %
Cluster 1 47 25.10 0 0.00 0 0.00
2 24 12.80 27 58.70 19 67.90
3 70 37.40 6 13.00 6 21.40
4 46 24.60 13 28.30 3 10.70
Combined 187 100.00 46 100.00 28 100.00
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Moreover, Appendix A contains the tables dividing respondents into clusters accord-
ing to selected variables.

Cluster comparison. Figure 3 compares all four clusters. We find that the third (red)
cluster consists only of women who prefer mobile applications to web applications (almost
83%). Most women are between 25 and 45 years old (47.6%). These women often go on
trips, and online booking of all parts of the trip and quick access to transport information
in one application is very or extremely important. The other groups include mainly men.
Moreover, the first (green) cluster comprises only men. Men prefer the mobile app in all
clusters except the second cluster. The results show that most of the men are between
18 and 24 years old. Finally, frequent travel is typical for the second (light blue) cluster, with
a lower preference for online booking of all parts of the trip as the only cluster. However,
information about all possible means of transport is very or extremely important. Even
though the first (green) and fourth (dark blue) clusters travel less often than the other
groups, both groups prefer one mobile application with all important information about
means of transport and online booking with easy access to tickets.

With which gender identity do you most identify?

female male

Which of these options would you prefer?

Web app Mobile app I do not care

How old are you?

18-24 yars 25-44 yars 45-64 yars

Is it important for you to book all payable parts of the trip you are
planning online, and receive the tickets right within the app?

Extremely important/Very important Moderately important Not important/Slightly important

How important is it for you that this app includes all possible means
of transport and all different service providers in the same place
(instead of using different applications)?

Extremely important/Very important Moderately important Not important/Slightly important

How often do you happen to make such a trip?

Very often Frequently Rarely Sometimes Never

H:E:H:N:

Figure 3. Cluster comparison.
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4. Discussion

The field of transport offers a lot of data, which with proper analysis and interpretation
can bring a lot of benefits. The following studies performed cluster analysis for sequencing
enormous amounts of traffic data to categorize them according to related characteristics
and understand mutual associations [52,53]. The cluster segmentation technique made it
possible to sort travel attendees based on travel distance and frequency of attendance to
present a proposal for market applications [54]. In our case, the respondents were divided
according to similar demographic characteristics as well as preferences for using a web
or mobile application. Two-step cluster analysis was used in the selection of transport
simulation model parameter values for the rapid processing of enormous amounts of data
with both continuous and categorical variables [55]. Our dataset was also redistributed
using a two-step clustering method based on the significance of the variables. Cluster anal-
ysis was applied to create homogeneous transport markets, where markets of comparable
sizes were combined into one group [56]. The assignment of our sample resulted from
grouping into homogeneous groups according to travel behavior. In another study, pas-
senger demand for public transport services was predicted through the spatial clustering
of applications [57]. Our research focused on comparing the preferences of users using a
web or a mobile application. A study in the United States assessed the interaction between
travelers and online travel systems using cluster analysis [58]. Support for spatial planning
of transport in cities is related to the efficient processing of traffic data. Cluster analysis
evaluated travel data in terms of the interaction of travel flows and spatial structure [59].
The impact of fares on the status of public transport was investigated by a study in Italy
that used cluster analysis to segment passengers [60]. In our article, we examined the
preference for online reservations with easy access to tickets. The prediction of the flow of
passenger transport was conducted using cluster analysis, which divided the stations into
six categories concerning their patterns of passenger transport [61].

Our paper focused on identifying differences in passenger needs through a statistical
analytical tool. Two-step cluster analysis was applied to a wide range of available data
from a survey reflecting traffic behavior within Maa$S activities. The sample consisted
of approximately 300 respondents divided into four clusters. The most influential pre-
dictors were gender, user preferences for using a website or mobile application, and age
composition. The third cluster was made up of working-age women who prefer mobile
applications to web applications, for whom quick access to online booking information is
essential. The other groups were dominated by men, while the first cluster was composed
exclusively of men. Even though the second cluster in terms of frequent travel was not
extremely interested in online booking, the opposite was true in the other clusters. In
the first, third, and fourth clusters, respondents preferred reservations through a mobile
application, while they rated the availability of traffic information as extremely important.

The limited sample that was available for analytical purposes can be considered a
limitation of our research. As part of further research activities, we would be interested in
expanding awareness of Maa$ activities among the public as well.

5. Conclusions

Traffic movement prediction is determined by the demand for transport services.
Identifying real demand is an essential aspect that is facilitated by constantly advancing
and improving intelligent transport systems with designed mobility applications. Profiling
public transport users is an important prerequisite for understanding the perception and
behavior of passengers using public transport services. Achieving the segmentation of
public transport participants with the same or at least related features is possible through
cluster analysis.

In recent years, the Maa$ initiative has been developed, which focuses on understand-
ing travel behavior and combines the offer of transport services of operators on one global
platform. The intention of this direction is the possibility of providing online reservations,
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payments, and the availability of travel information for business but also private trips by
supporting all modes of transport within the framework of public transport.

In this paper, the partial results of the demonstration activities of Shift2Rail IP4 for the
Slovak and Czech sides were evaluated. Data reflecting travel attitudes were obtained from
the online conversational inquiry tool. Cluster analysis was used to evaluate the sample, in
which an optimal number of four clusters was identified. Individual clusters consisted of
different numbers of respondents with similar characteristics.

This article aimed to identify the differences in the needs of passengers to determine
the direction of the use of the application with a focus on the future development of
mobility as a service. The importance of individual predictors was determined based
on the attitudes towards the input variables. The three most important predictors were
considered in descending order, namely gender, web or mobile application preference, and
age category. The results of our research indicated that respondents are interested in timely
traffic information and prefer a mobile application for online booking. The benefit of this
paper was to highlight the partial demographic results affecting travel activities within
MaaS for the Czech and Slovak sides. The results of this research for the Czech and Slovak
participation are useful for supplementing the overall evaluation of the perception of MaaS
in the world.
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Appendix A

Table A1. Age structure.

Cluster
Age 1 2 3 4 1 2 3 4
abs. %
18-24 years 47 32 31 0 100.00 45.71 37.80 0.00
25-44 years 17 39 31 0.00 24.29 47.56 50.00
45-64 years 21 12 31 0.00 30.00 14.63 50.00
Total 47 70 82 62 100.00 100.00 100.00 100.00
Table A2. Gender structure.
Cluster
Gender 1 2 3 4 1 2 3 4
abs. %
Female 0 3 82 13 0.00 4.29 100.00 20.97
Male 47 67 0 49 100.00 95.71 0.00 79.03
Total 47 70 82 62 100.00 100.00 100.00 100.00
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Table A3. Frequency of trip.

Cluster
Frequency of Trip 1 2 3 4 1 2 3 4

abs. Y%
Very often 6 20 16 14 12.77 28.57 19.51 22.58
Frequently 13 21 27 10 27.66 30.00 32.93 16.13
Rarely 11 7 21 12 23.40 10.00 25.61 19.35
Sometimes 16 18 18 17 34.04 25.71 21.95 27.42
Never 1 4 0 9 2.13 5.71 0.00 14.52
Total 47 70 82 62 100.00 100.00 100.00 100.00

Table A4. User preference.
Cluster
Preference 1 2 3 4 1 2 3 4

abs. %

Web app 0 29 9 0 0.00 4143 10.98 0.00
Mobile app 47 15 68 62 100.00 21.43 82.93 100.00
I do not care 0 26 5 0 0.00 37.14 6.10 0.00

Total 47 70 82 62 100.00 100.00 100.00 100.00
Table A5. Degree of importance of having access to all possible means of transport and all different
service providers in the same place.
Cluster
Importance 1 2 3 4 1 2 3 4
abs. %
Extremely important/Very important 45 55 72 60 95.74 78.57 87.80 96.77
Moderately important 1 6 10 1 2.13 8.57 12.20 1.61
Not important at all/Slightly important 1 9 0 1 213 12.86 0.00 1.61
Total 47 70 82 62 100.00 100.00 100.00 100.00
Table A6. Degree of importance of all payable parts of the trip.
Cluster
Importance 1 2 3 4 1 2 3 4
abs. %
Extremely important/Very important 47 24 70 46 100.00 34.29 85.37 74.19
Moderately important 0 27 6 13 0.00 38.57 7.32 20.97
Not important at all/Slightly important 0 19 6 3 0.00 27.14 7.32 4.84
Total 47 70 82 62 100.00 100.00 100.00 100.00
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Abstract: The quantile regression model is widely used in variable relationship research of moderate
sized data, due to its strong robustness and more comprehensive description of response variable
characteristics. With the increase of data size and data dimensions, there have been some studies
on high-dimensional quantile regression under the classical statistical framework, including a high-
efficiency frequency perspective; however, this comes at the cost of randomness quantification, or the
use of a lower efficiency Bayesian method based on MCMC sampling. To overcome these problems,
we propose high-dimensional quantile regression with a spike-and-slab lasso penalty based on
variational Bayesian (VBSSLQR), which can, not only improve the computational efficiency, but also
measure the randomness via variational distributions. Simulation studies and real data analysis
illustrated that the proposed VBSSLQR method was superior or equivalent to other quantile and
nonquantile regression methods (including Bayesian and non-Bayesian methods), and its efficiency
was higher than any other method.

Keywords: quantile regression; spike-and-slab prior; variational Bayesian; high-dimensional data

MSC: 62-08

1. Introduction

Quantile regression, as introduced by Koenker and Bassett (1978) [1], is an important
statistical inference about the relationship between quantiles of the response distribution
and available covariates, and can offer a practically significant alternative to the traditional
mean regression, because it provides a more comprehensive description of the response
distribution than the mean. Moreover, quantile regression can capture the heterogeneous
impact of regressors on different parts of the distribution [2], has excellent computational
properties [3], exhibits robustness to outliers, and has a wide applicability [4]. For these
reasons, quantile regression has attracted extensive attention in the literature. For example,
see [5] for a Bayesian quantile regression with asymmetric Laplace distribution used to
specify the likelihood, [6] for a Bayesian nonparametric approach to inference for quantile
regression, ref. [7] for a mechanism of Bayesian inference of quantile regression models,
and [8] for model selection in quantile regression, among others.

Although there is a growing literature on quantile regression, to the best of our knowl-
edge, little of the existing quantile regression models have focused on high-dimensional
data with variable numbers and larger sample sizes. In practice, a large number of variables
may be collected and some of these will be insignificant and should be excluded from
the final model. In the past two decades, there has been active methodological research
on penalized methods for significant variable selection in linear parametric models. For
example, see [9] for ridge regression, ref. [10] for a least absolute shrinkage and selection
operator (Lasso), ref. [11] for smoothly clipped absolute deviation penalty (SCAD), ref. [12]
for elastic net penalty, and ref. [13] for adaptive lasso methods. These methods have
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been extended to quantile regression; for example, see [14] for a Li-regularization method
for quantile regression, and ref. [15] for variable selection of quantile regression using
SCAD and adaptive-Lasso penalties. Nevertheless, the aforementioned regularization
methods discussed are both computationally complex and unstable. Additionally, they
fail to account for prior information about parameters, which can lead to an unsatisfactory
parametric estimation accuracy. In recent decades, Bayesian approaches to variable selec-
tion and parameter estimation have garnered significant attention. This is because they can
substantially enhance the accuracy and efficiency of parametric estimation, by imposing
various priors on model parameters, consistently selecting crucial variables, and providing
more information for variable selection than penalization methods for highly nonconvex
optimization problems. For example, see [16] for a Bayesian Lasso where the L; penalty is
involved in Laplace prior, [17] for a Bayesian form of adaptive Lasso, ref. [18] for Bayesian
Lasso quantile regression (BLQR), and [19] for Bayesian adaptive Lsso quantile regression
(BALQR). The literature mentioned above implemented the standard Gibbs sampler for
posterior computation, which is not easily scalable for high-dimensional data, where the
number of variables is large compared with the sample size [20].

To address this issue, the Bayesian variable selection method with a spike-and-slab
prior [20] has been favored by researchers, and this can be applied to high-dimensional
data at the cost of a heavy computation burden. As a computationally efficient alternative
to Markov chain Monte Carlo (MCMC) simulation, variational Bayes (VB) methods are
gaining traction in machine learning and statistics for approximating posterior distributions
in Bayesian inference. High-efficiency variational Bayesian spike-and-slab lasso(VBSSL) has
been explored for certain high-dimensional models. Ray and Szabo (2022) [21] used a VBSSL
method in a high-dimensional linear model, with regression coefficient’s prior specified
as a mixture of Laplace distribution and Dirac mass. Yi and Tang (2022) [22] used VBSSL
technology in high-dimensional linear mixed models, with a interesting prior parameter
as a mixture of two Laplace distributions. However, to the best of our knowledge, there
has been little work done on a VBSSL method for quantile regression. Xi et al. (2016) [23]
considered Bayesian variable selection for nonparametric quantile regression with a small
variable dimension, in which a spike-and-slab prior was chosen as a mixture of the point
mass at zero and normal distribution. In this paper, to reduce the computational burden
and quantify the parametric uncertainty, we propose quantile regression with spike-and-
slab lasso penalty based on variational Bayesian (VBSSLQR), in which the prior is a mixture
of two Laplace distributions, with a smaller or larger variance, respectively.

The main contributions of this paper are as follows: First, our proposed VBSSLOR
method can perform variable selection for high-dimensional quantile regression at a rela-
tively low computational cost, and without the need for nonconvex optimization, while also
avoiding the curse of dimensionality problem. Second, in contrast to mean regressions, our
proposed quantile approach offers a more systematic strategy for analyzing how covariates
impact the various quantiles of the response distribution. Third, in ultra-high-dimensional
regression, the mean regression errors are frequently presumed to be subGaussian, which
is not required in our setting.

The rest of the paper is organized as follows: In Section 2, for high-dimensional data,
we propose an efficient quantile regression with a spike-and-slab lasso penalty based
on variational Bayes (VBSSLQR). In Section 3, we randomly generate high-dimensional
data with n = 200 and p = 500 (excluding intercept items), and perform 500 simulation
experiments, to explore the performance of our algorithm and compare it with other
quantile regression methods (Bayesian and non-Bayesian) and nonquantile regression
methods. The results show that our method is superior to other approaches in the case of
high-dimensional data. We applied VBSSLQR to a real dataset that contained information
about crime in various cities in the United States, and compared it with other quantile
regression methods. The results showed that our method also had a good performance
and excellent efficiency with real data, and the relevant results are shown in Section 4.
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Some concluding remarks are given in Section 5. Technical details are presented in the
Appendices A-D.

2. Models and Methods
2.1. Quantile Regression

Consider a dataset of n independent subjects. For the ith subject, let y; be the response,
while x; = (1, xi1, ..., Xiy )T isan (r +1) x 1 predictor vector, a simple linear regression model
is defined as follows:

yi=x/B+te,i=12,---,n 1)

where B = (Bo,B1, - ,Br)' is the regression coefficient vector with By corresponding to the
intercept terms, and ¢; represents the error term with unknown distribution. It is usual to
assume that the tth quantile of the random error term is 0; thatis, Q- (¢;) =0for0 < 7 < 1.
According to this assumption, the form of Tth quantile regression of model (1) is specified
as follows:

Qy, (tlx;) = x/B, @

where Qy.(7|x;) is the inverse cumulative distribution function of y;, given x; evaluated at
7. The estimate of the regression coefficient vector § in Equation (2) is

p=argmin| Y tly;—xpl+ Y (1-7)lyi—x/pl

BER™H1 i%‘inﬁ ityi <xip ®)
= argmin Z ot (yi - x—irﬁ)'
BeRH1 i=1

where the loss function p () = p x (T —I(y < 0)) with the indicator function I(-).

In light of [5,24], minimizing Equation (3) is equivalent to maximizing the likeli-
hood of n independent individuals with the ith one distributed as an asymmetric Laplace
distribution (ALD) specified as

plilxi B0, 7) = T(la_T)eXp{—pT (y_”) } (4)

g

where the local parameter y; = x] B, the scale parameter ¢ > 0, and the skewness parameter
T is between 0 and 1; obviously, ALD is a Laplace distribution when v = 0.5 and y; = 0.
However, it is computationally infeasible to carry out statistical inference based directly on
Equation (4) involving the nondifferentiable point y;. Following [25], Equation (4) can be
rewritten in the following hierarchical fashion:

yi = x] B+kizi + Vkozl,
Lid.
zilo "~ Exp(%),

N ©)
& N(O, ),
z; is independent of ¢;,
where k1 = %, ky = ﬁ and Exp (}7) denotes the exponential distribution with

mean o, whose specific density function is p(z;|c) = 1 exp (— (lrzi)l(zl- > 0). Equation (5)
illustrates that an asymmetric Laplace distribution can also be represented as a mixture
of exponential and standard normal distributions, which allows us to express a quantile
regression model as a normal regression model, in which the response has the following
conditional distribution:

vilxi, B, zi, 0 nd N<x—,rﬁ + kiz;, kz(TZi) .
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For the above-defined quantile regression model with high-dimensional covariate
vector (r is large enough), it is of interest to estimate the parameter vector § and to identify
the critical covariates. To this end, we considered Bayesian quantile regression based on
spike-and-slab lasso, as follows:

2.2. Bayesian Quantile Regression Based on a Spike-and-Slab Lasso

As early as 2016, Xi et al. [23] applied a spike-and-slab prior to Bayesian quantile
regression, but their proposed prior was a mixture of zero particle and normal distribution
with large variance, and the estimate of posterior density was obtained using a Gibbs
sampler. To offer novel theoretical insights into a class of continuous spike-and-slab priors,
Rockova (2018) [26] introduced a novel family of spike-and-slab priors, which are a mixture
of two density functions with spike or slab probability. In this paper, we adopt a spike-and-
slab lasso prior with a mixture of two Laplace distributions with large or small variance,
respectively [26], which facilitates the variational Bayesian technique for approximating
the posterior density of parameters and for improving the efficiency of the algorithm. In
light of ref. [26], given the indicator 7; = 0 or 1, the prior of B in the Bayesian quantile
regression model (5) can be written as

(Bly) Hﬂﬁ;l% ]_[[vj‘fo(ﬁjl?to) (1—7/)¥1(Bj|M)], 6)

where the Laplace density ¥o(B;[Ao) = A exp(—Ao|B;|) and ¥1(Bj[A1) = % exp(—A1]B)l)
with precision parameters Ay and A; satisfying that Ay > A4, the indicator variable set
v ={vlj = 0,1, ,r}, the jth variable is active when 7; = 0, and inactive otherwise.
Similarly to [27], the Laplace distribution for the regression coefficient §; can be represented
as a mixture of a normal distribution and an exponential distribution, specifically the
distribution of B; can be expressed as a hierarchical structure, as follows:

ﬁj |h0]' 1]/’)/] ng 7] (O’h%j) + (1 B IYj)N(O’h%j)’

.. /\2
103 B (; )
@)

2
2 2 iid. /\1
h1j|/\1 ~ Exp<2>,

Y "X B(7my),

where B(7t,) denotes the Bernoulli distribution, with 77, being the probability that indicator
variable i equals one for j = 0,1, - - - ,r, and specifies the prior of 77, as a Beta distribution

o

2

Be (a Toys bm), where hyperparameters A, and b”w )\%, and )\% are regularization parameters
to identify important variables, for which we consider the following conjugate priors:

AZ ~Ga(vy,,1),A2 ~Ga(ry,,1),

where Ga(a, b) denotes the gamma distribution with shape parameter a and scale parameter
b. As mentioned above, Ay and A; should satisfy that Ay > A4, to this end, we select
hyperparmeters v,, and v,, to satisfy that v), > v,,. The prior of scale parameter ¢ in (5)
is an inverse gamma distribution IG(a,, by ) of the hyperparameters 4, = 1 and b, = 0.01
in the paper leading to almost non-informative prior.

Under a Bayesian statistical paradise, based on the above priors and likelihood of
quantile regression, it is required to induce the following posterior distribution 77(8|D)
p(6,D), where 6 = {B,z,0, 'y,h h3,A3,7A3, 7, }, the latent variable set z = {z]i =

,n}, b3 —{h 1j=01,---,r}, hz—{h |j=0,1,---,r}, observing set D = {y, x}
with the response set y={yili=1,---,n} and covariate set x = {x;|i =1,--- ,n}. Based
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on the hierarchical structure (5) of the quantile regression likelihood p(y;|x;, ) and the
hierarchical structure (7) of the spike-and-slab prior to regression coefficient vector B, we
derive the joint density

n

p(6,D) = [T N(yi | x] B+ kizi, kaoz;)Exp(z; | o~ 1)Ga(A|vp,, 1)Ga(A% vy, 1)
i=1

(1-7)) A2 A2

XH{ (810,13 " [NB;10,3)] " Exp (| 0 Exp (| L)

X HB(’y]- |1, 7ty )Be(tyar, , br, )IG(0|as, by)

j=0
n 1 (yi—x]B—kiz)?\ 1 z; o
] (k=) p(kafa Lop(<3) () tep(-2]) (g)
i=1
i 2 (1777>
x (A2) o Vexp(— H! ( ]>] ! eXP<_]>}
212, /2 202,
=0 ] 0 h] 1j
A A A% -1 by —1
8 Z()exp<20h%j> 71 ( h%]) H” — )R (1 )

b gn —a,—1 th
X r(aa)U exp(f;)
Although sampling from the aforementioned posterior is simple, it becomes increas-

ingly time-consuming for higher dimension quantile models. To tackle this issue, we
developed a faster and more efficient alternative method based on variational Bayesian.

2.3. Quantile Regression with a Spike-and-Slab Lasso Penalty Based on Variational BAYESIAN

At present, the most commonly variational Bayesian approximation posterior distri-
bution methods use mean field approximation theory [28], which has the highest efficiency
among variational methods, especially for those parameters or parameter block with conju-
gate priors. Bayesian quantile regression needs to take into account that the variance of
each observation value is different, and each y; corresponds to a potential variable z;, which
will result in the algorithm efficiency of quantile regression being lower than that of general
mean regression. Therefore, in this paper, we use the variational Bayesian algorithm of
the mean field approximation, which is the most efficient algorithm, to derive the quantile
regression model with the spike-and-slab lasso penalty.

Based on variational theory, we choose a densities for random variables 6 from varia-
tional family F, which having the same support © as the posterior density 77(6 | D). We
approximate the posterior density 77(0 | D) by any variational density q(6) € F. The varia-
tional Bayesian method is to seek the optimal approximation to 77(6 | D) by minimizing the
Kullback-Leibler divergence between q(0) and 7(0 | D), which is an optimization problem
that can be expressed as:

q"(8) = argminKL[q(6) || (6| D)],
q(0)eFr

where KL[q(6) || 72(6 | D)] = [g q(6)log—4 40) 19 which is not less than zero and equal to

n(0[D)
zero if, and only if, q(6 ) = 7'[(9 | D). The posterior density (8| D) = £ FS? [;) with the joint

distribution p(8, D) of parameter 6 and data D and the marginal distribution p(D) data D.
Since p(D) = [g p(6, D)d6, which does not have an analytic expression for our considered
model, it is rather difficult to implement the optimization problem presented above. It is
easy to induce that

log p(D) =KL[q(0) || (0| D)] + L{q(8)} > L{q(8)},
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in which the evidence lower bound (ELOB) £{q(6)} = Ey(g)[log p(6, D)] — E (g [log q(8)]
with Eg)[-] representing the expectation taken with respect to the variational density
q(6). Thus, minimizing KL[q(6) || 77(6 | D)] is equivalent to maximizing £{q(0)} because
logp(D) does not depend on 6. That is,

q"(6) = argminKL[q(0) || 77(6| D)] = argmax £{q(6)},
q(6)eF q(6)eF

which indicates that seeking the optimal approximation problem of 77(6 | D) becomes
maximizing £{q(0)} under the variational family F. The complexity of the approximation
problem heavily is related to the variational family F. Therefore, choosing a comparatively
simple variational family F to optimize the objective function £{q(0)} with respect to 4(0)
is fascinating.

Following the commonly used approach to choosing a tractable variational family F in
the variational studies, we consider the frequently-used mean-field theory, which assumes
that blocks of 0 are mutually independent and each is measured by the parameters of the
variational density. Obviously, the variational density q(8) is assumed to be factorized
across the blocks of 0:

qu B, )2 (h;)qs (i) Hq4 )q5(A§)d6(A1)q7 (7t )qs (o Hqs (65),
j=0

in which form of each variational densities qs(6s)’s is unknown, but the above assumed
factorization across components is predetermined. Moreover, the best solutions for gs(6s)’s
are to be achieved by maximizing £{q(61,- - -, 0s)} with respect to variational densities
q1(601),- -+ ,qs(6g) by the coordinate ascent method, where 8 = {6y, --,03} where 6
can be either a scalar or a vector. This means that when the correlation between several
unknown parameters or potential variables cannot be ignored, they should be put in the
same block and merged into 05. Following the idea of the coordinate ascent method given
in ref. [29], when fixing other variational factors q(6y) for k # s, i.e., the optimal density
q: (0s), which maximizes £{q(0)} with respect to gs(0s), is shown to take the form

qs (65) < exp{E_¢,[log p(6,D)]}, )

where log p(6, D) is the logarithm of the joint density function and E_;[-] is the expectation
taken with respect to the density [Tjz; qx(6y) fors =1,---,8.

According to Equations (8) and (9), we can derive the variational posterior for each
parameter as follows (see Appendix A for the details):

B\ V?jN<7/‘0j/‘73j) + (1= py)N (Vl]/al]) for j=1,
h2 et My GIG( EAZ()‘Z) Uo;"‘ﬂo]) (1 y%)Exp< E/\Z()‘o))r
1 (1 1) GIG (5B (08,3 416 ) + B (30,
A3~Ga <r +1+uy,1+ % éEh%j (h@)),
AZNGa<r+1+UA1,1+ ZEhz (3, )

iid B

(1L +ef)), for j=0,1,-,r,

nwae<a+Zy% r+1+b2y%>
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‘“ GIG< , 0z, b2i>r for i=1,2,---,n,
3
o~1G n—&—am co |,
where GIG(-, -, -) denotes generalized inverse Gaussian distribution,
E (071) n
L 2.7 _ ;
poj = 03— L |B= (=) (s = <l pmay) — R

-1

_ Eg(c1) & _
o0 = [Ehojl“nl (hOJ ) + UT;’C%J‘EZI‘ (Zi 1)] '

Er(c7!) ¢ "
pj = fflij 3 [Ez,- (Zi_l) (%‘ - xiTH)”#‘(—f)) B kl}xif’

and
1 2 1 2
{j = Ex, (log(1 —my)) — Ex, (logmy) + Ehz =1 (log hg;) — Eh2 I _o(loghy;)

1 1 _ _
+§{108‘71] log‘foj}‘f‘ (10801] 103‘701‘)‘*‘5(?4%]‘(‘712]‘) _Voj((fgj) s

E -1
az, = U(Ig ) (k% + 2k2),

E,(c!
az‘ﬂzhm—ﬁwﬁ+ﬁ%m,

o = k Z{klyzz +Ez(z )[(yi - xlT]lﬁ)z + xl-TZ,;xi]
n
—2k1(yi —x/pp)} + Y pz; + b
i=1

In the above equation, u 2= EA% (A3), and p 2 By Moy Hz; are similar to p pe%

Hg = (Hpy Ppyr ,yﬁp)T with pg. = iy pioj + (1 y%)yl], and pg _, isa p x 1vector with
the jth component of vector pg deleted, Xg = dlag( /500/31, e Uép) with
Uéj = Vw”c%j +(1— #7,')‘712]‘ + V“rj(l - P‘%‘)(F‘Oj - ﬂlj)Z-

In the section above, we derived the variational posterior of each parameter. Using the
idea of coordinate axis optimization, we can update each variational distribution iteratively
until it converges.

For this reason, we list the variational Bayesian spike-and-slab lasso quantile regression
(VBSSLQR) algorithm as shown in Algorithm 1:
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Algorithm 1 Variational Bayesian spike-and-slab lasso quantile regression (VBSSLQR).

Input:
Data y, predictors x, prior parameters v, , = 104,1//\1 =1,a,=1,b, =0.0l,a=0b=1,
precision € = 0.01 and quantile T;

Output:
Optimized variational parameters Eg. (Bj), Varﬂj(ﬁj) forj = 0,1,---,r and the corre-
sponding Bayesian confidence interval.

Initialize: ﬂ(ﬂo); ;(12)\7 _1(hz ) =0.01; Y )‘ ]_:0(,1%) = ,y,(yo) =0.5;

E(A%) (A2) = 100; E(AO%)()L%) =1 ES?Q (log ;) = OEY) (¢ 1) = 1;
(z:) = B (z71);

1

E§?3 (log (1 —7y)) = —1;90 = 0; Eg))
while |d(t)| > edo
forj —=0tordo
Update o (()t+l) y(();ﬂ) o %H) and y%ﬂ) according to Equation (10).

UpdateE(tH) (h%]) (f+1)(h2) (Hg:l(hajz) E(tH) ,(log 1 )accordingtoq(h%j),

Hgilj " l " Thgilvi=
UpdateE(H‘l) (h%]), ;lt;l)(h%]), Ef;ﬁ) O(h ),E]ST‘U (loghl,)accordingtoq(h%j),

Update E( )(’y ) according to the variational posterior q(7;),
t+1 (t+1)
Update Eéj )(,B]-) and Varﬁj ([3]-),
end for
Update E(tJrl A3) according to the variational posterior q(A3),
2 2
1 1

{
Update E(Hl) (A7) according to the variational posterior q(A7),

Update E(Hl) (1), E(Hl) (log ) and Egjl) (log (1 — 7)) according to q(7t,),
fori=1ton do

Update E(tﬂ)( i) and EgH) (z; ') according to the variational posterior q(z;),
end for

Update E(Hl)( ) and E(Hl) (c~1) according to the variational posterior q(o),
A+ = max{ |05, — o], .. o, — 61},
end while

In Algorithm 1 above, ¥(-) is the digamma function and the expectation Ei(l%jlij: ,(log h3 ;)

of log i3 ; with respect to generalized inverse Gaussian distribution. Thus, we assume that
x ~ GIG(p,a,b), then:
Woil)
—_ 4 11
Ey(logx) = ——— — ZIn(3), (1)
sllog ) = o = 3in()

where K, (-) represents the Bessel function of the second kind. Note that there is no
analytic solution or function to the differential of the modified Bessel function. Therefore,
we approximate Ey (log x) using the second-order Taylor expansion of log x . This paper
lists the expectations of some parameter functions about variational posteriors involved in
Algorithm 1; see Appendix B for details. Based on our proposed VBSSLQR algorithm, in the
next section, we randomly generate high-dimensional data, conduct simulation research,
and compare the performance with other methods. Notably, the asymptotic variance
of the quantile regression is reciprocal proportional to the density of the errors at the
quantile point. In cases where n is small and we estimate extreme quantiles, the correlating
asymptotic variance will be large, resulting in less precise estimates [23]. Therefore, the
regression coefficient is difficult to estimate at an extreme quantile and this is feasible when
the sample sizes needs to be increased appropriately.
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3. Simulation Studies

In this section, we used simulated high-dimensional data with a sample size n = 200
and variable number r = 500, in order to study the performance of VBSSLQR and com-
pare it with existing methods, including linear regression with a lasso penalty (Lasso),
linear regression with an adaptive lasso penalty (ALasso), quantile regression with a lasso
penalty (QRL), quantile regression with an adaptive lasso penalty (QRAL), Bayesian regu-
larized quantile regression with a lasso penalty (BLQR), and Bayesian regularized quantile
regression with an adaptive lasso penalty (BALQR). The data in the simulation studies
were generated using Equation (1), in which the covariate vector x; was randomly gener-
ated from the multivariate normal distribution N (0, £) with the (k, [)th of Z being 0.5/,
Among these covariates, we only considered the ten important explanatory variables that
have significant impact on the dependent variable. We set the 1, 51, 101, 151, 201, 251, 301,
351, 401, and 451 predictors to be active, and their regression coefficients are —3, —2.5, —2,
—15,-1,1,1.5,2, 2.5, 3, and the rest are zero. In addition, we discuss the performance of
various approaches in the case of two types of random error; namely, independent and
identically distributed (i.i.d.) random errors and heterogeneous random errors.

3.1. Independent and Identically Distributed Random Errors Random

In this subsection, with reference to [19,23], we set the random errors ¢;’s in Equation (1)
to be independently and identically distributed and consider the following five different
distributions with T quantile being zero:

e The error ¢; id. N(—pu,1) with u being the T quantile of N(0,1), fori =1,--- ,n;

e Theerrorg; & Laplace(—p, 1) with u being the T quantile of Laplace(0, 1), where
Laplace(a, b) denotes the Laplace distribution with location parameter 2 and scale
parameter b;

e The error ¢; Eigh 0.IN(—p1,9) + 09N (—pp, 1) with pq and i respectively being the T
quantile of N(0,9) and N(0,1);

e Theerrore; & 0.1Laplace (—p1,9) + 0.9Laplace(—pp, 1) with pq and pp respectively
being the T quantile of Laplace(0,9) and Laplace(0,1);

e Theerroreg; i Cauchy(—,0.2) with u being the T quantile of Cauchy(0,0.2), where
Cauchy(a, b) denotes the Cauchy distribution with location parameter a and scale
parameter b;

For all of the above error distributions with any 7 € (0.3,0.5,0.7), we ran 500 repli-
cations for each method, and evaluated the performance using two criteria. The first
criterion was the median of mean absolute deviations (MMAD), which quantifies the
general distance between the estimated conditional quantile and the true conditional
quantile. Specifically, the mean absolute deviation (MAD) in any replication is defined
as 1Y |x;B — xiBr)|, where B is the estimate of regression coefficient B given 7. The
second criterion of the mean of true positives (TP) and false positives (FP) was selected for
each method.

Table 1 shows the median and standard deviation (SD) of MADs estimated using each
method for simulations with homogeneous errors. It is clear that our method was either
optimal (bold) in all cases, especially in quantile T = 0.3,0.7, or that our approach was
significantly superior to the other six methods. When the error distribution was normal, a
Laplace and normal mixture, the MMAD of the BALQR method was suboptimal. When
the error distribution was Cauchy, the MMAD of the QRL approach was suboptimal, but
Table 2 shows that this sacrificed the complexity of the model. When the error distribution
was a Laplace mixture, the MMAD of the lasso approach was suboptimal; however, it
selected an overfitting quantile regression model with about 30 FP variables, as can be
seen from Table 2. It is particularly important to note that, in the case of high dimensional
data, the MMAD for the quantile regression model with the lasso penalty or adaptive
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lasso penalty is not less than the MMAD for general linear models with a lasso penalty.

Therefore, it is inappropriate to use a lasso penalty or adaptive lasso in this case.

Table 1. The median and standard deviation of 500 MADs estimated using various methods in

simulations with i.i.d. errors.

Method
Quantile  Error Distribution
Lasso AlLasso ORL ORAL BLOR BALQR  VBSSLOR
normal 0.60 (0.06)  0.89 (0.14) 0.88(0.07) 3.90(0.20) 1.28(0.17) 0.55(0.09) 0.21 (0.05)
Laplace 0.72(0.08)  0.97(0.15) 1.06(0.15) 3.95(0.20) 1.44(0.21) 0.68(0.20)  0.24 (0.06)
=03 normal mixture 076 (0.09)  1.04(0.14) 1.02(0.15 3.95(0.21) 1.42(0.19) 0.71(0.16) 0.23 (0.05)
Laplace mixture 0.89 (0.13)  1.13(0.18) 1.24(0.33) 4.06(023) 1.69(0.32) 1.07(0.31)  0.26 (0.07)
Cauchy 123 (4.59) 1.46(12.07) 059 (0.62) 4.24(12.40) 1.92(1.07) 1.98(4.95) 0.11(0.60)
normal 0.40 (0.05) 0.81 (0.16)  0.80(0.07)  3.90 (0.21) 1.21(0.19)  0.29 (0.07)  0.20 (0.05)
Laplace 0.56 (0.08)  0.90(0.17) 1.01(0.16) 3.96(0.21) 1.35(0.22) 0.46(0.23)  0.20 (0.05)
=05 normal mixture 0.53(0.07) 089 (0.17) 0.96(0.13) 3.95(0.20) 1.36(0.25) 0.41(0.21)  0.21 (0.05)
Laplace mixture 074 (0.13)  1.02(020) 1.20(0.22) 4.01(023) 1.72(0.32) 0.83(0.32) 0.21(0.06)
Cauchy 1.31(28.87) 1.44(10.15) 0.48(0.16) 4.40(32.20) 2.026(1.16) 4.28 (4.47)  0.07 (0.71)
normal 0.61 (0.06) 0.93(0.16) 0.88(0.07) 3.88(0.21) 1.22(0.19) 0.56 (0.11)  0.20 (0.05)
Laplace 0.71(0.08)  1.02(0.16) 1.06(0.16) 3.97(0.20) 1.36(0.27) 0.67 (0.20)  0.25 (0.07)
=07 normal mixture 075(0.09) 1.06(0.17) 1.01(0.14) 3.94(021) 1.32(0.23) 0.75(0.19)  0.22 (0.05)
Laplace mixture 0.89 (0.13) 1.20(0.21) 1.24(0.32) 4.01 (0.22) 1.65(0.33) 0.99 (0.36)  0.26 (0.09)
Cauchy 122(8.78)  1.60(843) 0.60(0.60) 4.27(13.65) 2.28(1.25) 3.02(2.91) 0.12(1.14)
The bold represents the optimal result in each scenario.
In order to show the results of variable selection more intuitively, we introduced TP
(true positives) and FP (false positives), to calculate the mean of TP and FP of 500 repeated
simulations, respectively. Detailed results are shown in Table 2 below:
Table 2. Mean TP /FP of various methods for simulation with i.i.d. errors.
Method
Quantile  Error Distribution Lasso ALasso QRL QRAL BLOR BALQR  VBSSLQR
TP/FP TP/FP TP/FP TP/FP TP/FP TP/FP TP/FP
normal 10.00/38.24 9.80/0.20 10.00/175.01 5.00/95.33 8.48/0.00 10.00/0.02  10.00/0.02
Laplace 10.00/40.43 9.75/0.34  9.99/169.28 5.00/94.88 8.06/0.00 9.86/0.13 10.00/0.01
T=03 normal mixture 10.00/38.84 9.73/0.31 9.99/16396 5.00/95.39 8.19/0.00 9.90/0.10 10.00/0.00
Laplace mixture 10.00/37.99 9.62/0.71 9.87/146.31 5.00/95.25 7.43/0.00 9.50/0.70 10.00/0.01
Cauchy 8.21/29.05 7.95/7.09 9.87/97.34 4.66/9449 6.11/0.00 7.35/13.24 9.83/0.00
normal 10.00/39.00 9.75/0.29 10.00/156.04 5.00/94.73 8.37/0.00 10.00/0.01  10.00/0.01
Laplace 10.00/38.06 9.69/047 9.99/107.53 5.00/95.30 7.97/0.00 9.81/0.09 10.00/0.00
=05 normal mixture 10.00/39.03 9.69/0.57 10.00/112.74 5.00/95.33 8.10/0.00 9.86/0.06 10.00/0.00
Laplace mixture 10.00/39.71 9.55/0.83 9.94/71.54 5.00/94.77 7.40/0.00 9.53/0.47 10.00/0.00
Cauchy 8.19/29.31  8.04/7.06 10.00/8.50 4.55/95.67 5.53/0.00 6.03/22.94 9.77/0.00
normal 10.00/38.85 9.70/0.41 10.00/174.87 5.00/95.40 8.41/0.00 9.99/0.03 10.00/0.01
Laplace 10.00/37.68 9.64/0.67 9.99/168.15 5.00/95.05 7.91/0.00 9.77/0.13 10.00/0.01
=07 normal mixture 10.00/38.38 9.63/0.63 9.99/165.65 5.00/95.76 8.11/0.00 9.88/0.08 10.00/0.01
Laplace mixture 10.00/39.64 9.41/1.22 9.88/150.33 5.00/95.56 7.32/0.00 9.50/1.03 9.99/0.01
Cauchy 8.35/30.24  7.54/8.17 9.89/97.85 4.65/95.19 5.73/0.00 6.81/17.95 9.36/0.00

The bold represents the optimal result in each scenario.

It is possible to conclude from the results in Table 2 that the lasso method can generally
select all true active variables, but it fits many false active variables; and when the random
error is a Cauchy distribution, it cannot select all true active variables; A lasso approach can
identify true active variables, but there are also some misjudged behaviors, especially when
the random error distribution is a Cauchy distribution; Although the QRL approach can

76



Mathematics 2023, 11, 2232

identify real active variables, it still contains many false active variables, and the model it
identifies has a high complexity; the QRAL method cannot identify all true active variables,
and incorrectly identifies some inactive variables; In the case of high-dimensional data, the
BLOR approach cannot select all the true active variables, but it also does not incorrectly
select inactive variables. The true active variable selected using the BALQR method is
better than using the BLOR method, but some inactive variables are incorrectly selected,
especially when the random error distribution is the Cauchy distribution. Our VBSSLQR
method not only had the smallest MMAD, but also could select true active variables and
eliminate most false active variables. As a whole, our method was superior to the other six
methods for variable selection, especially in quantile T = 0.3,0.7, performing significantly
better than BLOR, BALQR, and QRL.

3.2. Heterogeneous Random Errors

Now we consider the case of heterogeneous random errors, to demonstrate the perfor-
mance of our method. In this subsection, the data were generated from the following model:

vi =x B+ (1+u)e, (12)

where u; o U(0,1), in which U(a, b) represents the uniform distribution with support set
(a,b). The design matrix x; was generated in the same way as above, and the regression
coefficient B was set as before. Furthermore, in the simulation study, we combined x; and
u;j; that is, u; was also a covariate. Finally, random error ¢; was also generated from the five
different distributions defined in Section 3.1.

We also studied the performance of the quantile T € (0.3,0.5,0.7) under the different
methods and simulated 500 times, to calculate the MMAD and mean of TP /FP. We list the
experimental results in Tables 3 and 4.

Table 3. The median and standard deviation of 500 MADs were estimated via various methods for
simulations with heterogeneous random errors.

Method
Quantile Error Distribution

Lasso AlLasso ORL QORAL BLOR BALQR VBSSLOR
normal 0.91 (0.10) 1.13 (0.15) 1.31(0.14) 3.96(0.22) 1.57(0.22)  0.90 (0.20) 0.30 (0.07)
Laplace 1.08 (0.13) 1.24 (0.17) 1.61(0.39) 4.09 (0.23) 1.93(0.29) 1.23(0.35) 0.36 (0.13)
7=0.3 normal mixture 1.14 (0.14) 1.32 (0.17) 1.55(0.35) 4.06(0.24) 1.92(0.31) 1.31(0.35) 0.33 (0.11)
Laplace mixture 1.36 (0.21) 1.51 (0.23) 2.34(0.60) 4.27(0.26) 2.30(0.42) 2.05(0.52) 0.39 (0.24)
Cauchy 1.91 (102.51) 1.94(33.45) 1.17(0.80) 4.80(19.32) 2.49(1.11) 3.90 (3.39) 0.15 (0.98)
normal 0.61 (0.08) 0.93 (0.17) 1.21(0.12)  3.96/0.21 1.39 (0.27)  0.50 (0.22) 0.30 (0.07)
Laplace 0.87 (0.13) 1.12 (0.20) 1.53(0.25) 4.09 (0.23) 1.84(0.33) 1.06 (0.35) 0.29 (0.08)
7=0.5 normal mixture 0.81 (0.12) 1.08 (0.19) 1.44 (0.21) 4.05(0.23) 1.77(0.31) 1.08(0.37) 0.31 (0.08)
Laplace mixture  1.12 (0.21) 1.31(0.25) 1.84(0.32) 4.28(0.29) 2.25(0.41) 1.65(0.56)  0.32(0.12)
Cauchy 1.93 (2.23) 1.93 (107.59) 0.74 (0.27) 4.93(15.90) 2.88(1.23) 3.72(4.80) 0.09 (0.88)
normal 0.92 (0.09) 1.20 (0.17) 1.32(0.14) 3.97/0.20 1.38(0.26) 0.86(0.21) 0.31 (0.09)
Laplace 1.07 (0.13) 1.31 (0.18) 1.61(0.37) 4.09 (0.22) 1.95(0.33) 1.29(0.31) 0.37 (0.15)
=07 normal mixture 1.14 (0.14) 1.40 (0.19) 1.53(0.33) 4.08(0.23) 1.85(0.36) 1.31(0.29) 0.34 (0.10)
Laplace mixture 1.38 (0.20) 1.58 (0.23) 216 (0.61) 4.32(0.28) 2.37(0.52) 1.86 (0.50) 0.40 (0.25)
Cauchy 1.76 (3.76) 2.01(17.31) 1.24(0.76) 4.65(31.22) 4.01 (1.30) 4.31(18.21) 0.16 (1.04)

The bold represents the optimal result in each scenario.

For heterogeneous random errors, our approach was still the best, similarly to for i.i.d.
random errors. It is noteworthy that the VBSSLQR method was more robust than the other
methods, and our method had the smallest MMAD change compared to the case of i.i.d.
random errors. We can see that the MMAD of our method remained basically unchanged,
while the MMAD of the other six methods differed by more than 0.5 compared to the i.i.d.
random errors in some states.
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We also investigated the mean of TP and FP for heterogeneous random errors under
different quantiles 7. The results are listed in Table 4, which shows that the effect of variable
selection of heterogeneous random errors was slightly lower than the effect of variable
selection of i.i.d. random errors under the same sample size, but our method still provided
the best selection results.

Table 4. Mean TP /FP of the various methods for simulations with heterogeneous random errors.

Method
Quantile  Error Distribution Lasso ALasso QRL QRAL BLOR BALQR  VBSSLQR
TP/FP TP/FP TP/FP TP/FP TP/FP TP/FP TP/FP
normal 10.00/40.76 ~ 9.72/0.35  9.98/170.29 5.00/9523 7.97/0.00 9.75/0.13  10.00/0.03
Laplace 10.00/38.80 9.54/0.83  9.73/140.09 4.99/9459 7.23/0.00 9.31/1.20  9.97/0.05
T=03 normal mixture 10.00/38.79  9.59/0.74  9.74/136.63 5.00/95.82 7.29/0.00 9.35/1.23  9.98/0.04
Laplace mixture 9.95/37.96  9.17/2.07  8.82/7698 4.96/9542 6.53/0.00 851/4.48  9.83/0.05
Cauchy 7.46/26.86 7.15/1023 9.56/66.04 4.43/9556 4.86/0.00 5.73/2457  9.52/0.00
normal 10.00/39.21  9.67/0.44 9.99/142.56 5.00/95.56 7.93/0.00 9.86/0.16  10.00/0.05
Laplace 10.00/39.03  9.49/0.93  9.81/89.76  5.00/95.33 7.07/0.00 9.32/1.09  9.99/0.01
T=05 normal mixture 10.00/38.44 9.51/0.86  9.83/85.73 4.99/9527 7.41/0.00 9.28/0.96  9.99/0.02
Laplace mixture 9.96/3891  9.26/2.08  9.33/31.13 4.95/95.76 623/0.00 8.75/413  9.97/0.02
Cauchy 7.24/2547  7.23/937  9.99/430  4.26/9595 4.54/0.00 5.92/24.88  9.60/0.00
normal 10.00/40.58  9.59/0.52  9.98/171.43 5.00/95.53 7.88/0.00 9.76/0.16  10.00/0.07
Laplace 10.00/39.20  9.44/1.14 9.74/144.66 4.99/9520 6.87/0.00 9.26/0.97  9.95/0.06
T=07 normal mixture 10.00/3829 9.38/1.14 9.76/138.14 5.00/95.49 7.04/0.00 9.30/1.30  9.99/0.02
Laplace mixture 9.96/38.88  9.08/2.37  8.93/85.78  4.96/95.02 595/0.00 8.69/350  9.81/0.05
Cauchy 7.64/27.34  7.16/10.19 9.61/68.75 4.52/96.36 3.59/0.00 5.79/24.92  9.46/0.00

The bold represents the optimal result in each scenario.

We also calculated the mean execution times of various Bayesian quantile regressions
under different quantile 7 for different distributions of random errors, and list the results
in Table A1 of Appendix C, which illustrates that our proposed VBSSLQR approach was a
lot more efficient than BLQR and BALQR, for which we sampled MCMC 1000 times and
discarded the first 500 times, and made a statistical inference based on 500 samples (the
experimental study shows that the algorithm converged after 500 samples). In order to
illustrate the feasibility of applying our proposed VBSSLQR to cases with smaller effect
sizes, we changed the above active predictors to 1, while the other settings remained
unchanged. The performance of our proposed method is shown in Table A2, which
illustrates that the results were not significantly different from those of Tables 1 and 2 when
random errors had an independent identical distribution, and slightly worse than those of
Tables 3 and 4 when the random errors were heterogeneous.

4. Examples

In this section, we analyzed a real dataset containing information about crime in
various cities across the United States. This dataset is accessible from the University of
Irvine machine learning repository (http://archive.ics.uci.edu/ml/datasets/communities+
and+crime, accessed on 1 May 2023). We calculated the per capital rate of violent crimes
by dividing the total number of violent crimes by the population of each city. The violent
crimes considered in our analysis were those classified as murder, rape, robbery, and
assault, as per United States law. The observed individuals were communities. The dataset
has 116 variables, where the first four columns are response, name of the community, code
of county, and code of community; the middle features are demographic information about
each community, such as population, age, race, and income; and the final columns are
regions. According to the source: “the data combines socio-economic data from the 1990
US Census, law enforcement data from the 1990 US LEMAS survey, and crime data from
the 1995 FBI UCR”. This dataset has been applied for quantile regression [30]. The dataset
is available at
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® train set: https://academics.hamilton.edu/mathematics/ckuruwit/Data/Crime/
train.csv (accessed on 1 May 2023).

° test set: https://academics.hamilton.edu/mathematics/ckuruwit/Data/Crime/test.
csv (accessed on 1 May 2023).

Our dependent variable of interest was the murder rate of each city, denoted as y; for
the ith city. As the murder rate denotes the most dangerous violent crimes, we choose this
variable. Studying factors correlated with the response dependent variable is of significant
importance for the public and law enforcement agencies.

To adapt the data to our model, we preprocessed the data as follows:

®  Delete columns from the data set that contain missing data.

¢ Delete the data when the response variable y; equals 0, because this is not an issue of
interest to us.

e Transform y;: y; = log

1%, and let y/ be the new response variable.
e  Convert some qualitative variables into quantitative variables.

° Standardized covariates.

After the above data preprocessing, we obtained 1060 observation objects and 95 co-
variates in the training set, and we obtained 122 observation objects and 95 covariates in
the testing set. We implemented a quantile regression model between the 96 predictors
(including intercept) and the response y! with different quantiles.

In this section, we compare QRL, QRAL, BLQR, and BALQR with our method VB-
SSLQR for real datasets, all with quantile penalty regression. Under different quantiles
T € (0.1,0.3,0.5,0.7,0.9), we compared the performance of the different approaches. We
counted the root mean squared error (RMSE) of each method under each quantile T and
the number of selected active variables, to evaluate the performance of each approach

on the test set, where the RMSE was evaluated using RMSE = \/ Ly (yi — §)? with
7+ being the fitted value of response y; under quantile 7. Finally, the results are listed in
Table 5 below.

Table 5. RMSE of fitting test dataset and the number of active variables for the various methods for
the real dataset.

RMSE/Number of Active Variables

Method
T=0.1 T=0.3 T=0.5 T=0.7 =109
QRL 1.36/64 0.94/65 1.09/66 0.93/57 1.21/53
QRAL 3.11/37 3.05/40 3.08/37 2.84/36 3.10/32
BLOR 1.34/1 1.08/1 1.03/1 1.08/1 1.30/1
BALQR 1.67/2 1.08/1 1.02/1 1.08/1 1.30/1
VBSSLQR 1.34/12 0.94/9 0.78/12 0.83/7 1.14/9

The bold represents the optimal result in each scenario.

To visually show the results listed in Table 4, the best results are in bold under
each quantile 7. Clearly, our method performed better than the other methods for all
quantiles, and the active variables selected by our method were suitable, which means
that our method was very competitive compared with the other methods. The BLQR
and BALQR approaches could only identify the intercept, and they could not identify
the variables that really affected the response quantile. The QRL and QRAL methods
were prone to overfitting, because they recognized too many active variables. Finally,
the efficiency of our method with real data was also significantly higher than that of the
other approaches. Although BLQR, QRL, and our proposed method had the same RMSE
performance at T = 0.1, 0.3, BLQR showed underfitting and QRL showed overfitting. Thus,
we believe there is sufficient evidence to show that our method was very competitive with
the other approaches.

Similarly to [30], we list the active variables selected under each quantile in Table 6.
Thus, Table 6 shows the variable selection of our proposed method with real data.
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Table 6. Crime data analysis: variable selection.

Quantile Level (1) Quantile Specific Variables
racepctblack pctUrban PctLess9thGrade TotalPctDiv
0.1 PctNotHSGrad PctOccupMgmtProf FemalePctDiv PctPersDenseHous
NumlInShelters PctHousOccup PctBornSameState
racepctblack NumlInShelters FemalePctDiv PctPersDenseHous
03 TotalPctDiv PctHousOwnOcc RentLowQ MedRent
racePctWhite racePctHisp FemalePctDiv TotalPctDiv
0.5 PctWorkMom PctSpeakEnglOnly HousVacant PctVacantBoarded
RentLowQ MedRent NumInShelters
racePctWhite racePctAsian FemalePctDiv TotalPctDiv
07 PctVacantBoarded NumlInShelters
racePctWhite racePctAsian indianPerCap PctOccupManu
09 MalePctDivorce PctHousOccup PctVacantBoarded NumInShelters

In the above table, our method selected only a small number of predictors at each
quantile level. Notably, only the variable “NumInShelters” had an impact on the response
at all quantiles; the variables “FemalePctDiv” and “TotalPctDiv” had an impact on the
response at T = 0.1,0.3,0.5,0.7; the variable “PctVacantBoarded” had an impact on the
response at T = 0.5,0.7,0.9; the variable “racePctWhite” had an impact on the response at
T = 0.5,0.7,0.9; and the other variables affected a few quantiles of response. Therefore, the
five variables selected from the quantile regression model were

e  PctVacantBoarded: percentage of households that are vacant and boarded up to
prevent vandalism.

e NumlInShelters: number of shelters in the community.

¢ FemalePctDiv: percentage of females who are divorced.

e  TotalPctDiv: percentage of people who are divorced.

e racePctWhite: percentage of people of white race.

In order to obtain a better understanding of these five common variables, we plot their
correlation to the response.

Figure 1 depicts the relationship between the five common variables and the murder
rate. Only the correlation between the NumInShelters and murder rate is not obvious, with
MalePctDivorce, RentLowQ, racePctWhite, and PctVacantBoarded significantly affecting
the murder rate. The variable racePctWhite and murder rate are negatively correlated, while
FemalePctDiv, TotalPctDiv, PctVacantBoarded, and murder rate are positively correlated.
This result was in accordance with the practical situation, and it can be seen that our results
were basically consistent with that of [30]. Our method could more comprehensively select
important variables under the same quantile. Therefore, the percentage of females who
are divorced, percentage of persons who are divorced, the percentage of households that
are vacant and boarded up to prevent from vandalism, and the percentage of people with
white race affect the murder rate.
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Figure 1. Correlation between murder rate and common variables.

5. Conclusions

In this paper, we propose variational Bayesian spike-and-slab lasso quantile regres-
sion variable selection and estimation. This method applies spike-and-slab lasso prior
to each regression coefficient B, thus punishing the regression coefficient . The spike
prior distribution we choose is a small variance Laplace distribution, while the slab prior
distribution is a large variance Laplace distribution [26]. It is precisely because it punishes
each regression coefficient B that it has a powerful variable selection function, but this also
brings a problem of low efficiency, especially when introducing a spike-and-slab prior into
quantile regression (note, the algorithm efficiency of quantile regression is inherently lower
than that of general regression approaches). In order to solve the problem of inefficiency
(influenced by both the quantile regression and spike-and-slab lasso prior) and to make
the algorithm feasible. We introduced a variational Bayesian method, to approximate the
posterior distribution of each parameter. The simulation studies and real data analyses
illustrated that the quantile regression with the spike-and-slab lasso penalty based on
variational Bayesian method performed effectively and exhibited a robust competitiveness
compared with other approaches (Bayesian method or non-Bayesian method, quantile
regression, or nonquantile regression), especially in the case of high-dimensional data. In
future research work, it would be significant to improve the interpretability and computa-
tional efficiency of ultra-high-dimensional quantile regression based on VB and dimension
reduction techniques.
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Appendix A. Deduction

Based on the mean-field variational Formula (9), from the joint density (8), it is required
to induce the following variational distributions.

n
QB ) “eXp{Eﬁj,w [Z logN (y; | x; B + k1zi, kp0z;) + 7jlogN(B; | 0, h%j)
i=1
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where pg . =Eg (B(—j))- therefore, given 7; = k, for k = 0 and 1, then
n
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1 & _
Tk Z %ij (Ez, (2; (i - xlT,(,j)P‘ﬁ(,j)) - kl)ﬁj}r
i=1
iid.
Bilvj =1 "< N(poj, o5)),

therefore ,B] Zk op(1j=k)N (yk],crk]) for j=0,1,---,7, where

Eq(c1) & .
i = (T(kz : L [EZi (= i =, pmp ) - kl} *ijs

= 2 1 B
injE21 (z; )]

for k =1 and 2. similarly, if ; = 1 then

A2
2 _ 2 2 0
Q(hg; v =1) “exp{E—h%jhj—l [ng (Bj 10, hig;) +log Exp(h; | = )] }

Eg (. — (ﬁZ) E,2(A3)
2 -1 Bjil7=1\Pj A 2
oc(hoj) ZeXp{ Zh%j > hj;
2 2
(12 \—* 1| Hoj +%; 2\1,2
=(hg;) 2exp{—2 h%j +EA5(/\0)hOj ,

d.
|’Y] _ q GIG( A% (/\%)rP‘%j + Ugj)’

if v; = 0 then
1 1
@ (1, |7 = 0) (1) mn{zag%m&}
iid.
g | =0 " Exp(; E/\Z(Az))
therefore

1
R (k) = p(7j = DGIG(5, E)2(A5), 05; + 15;) + p(7j = — 0)Exp(+ B2 (A0))-

similarly,
B (R)) = p(7; = 0)GIG(5, B (13),7% + 1) + bl = DExp(GE,: (1),
where ji; and (7,‘3]- are the same as above, for k = 1 and 0, from q(f;,7;) then
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similarly,
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Appendix B. Expectation
The expectation of some parameter functions about variational posteriors:
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Appendix C. Efficiency Comparison between Bayesian Quantile Regression Methods

Table A1. Mean execution times of the various Bayesian quantile regression methods in the simulation.

Method
Quantile  Error Distribution i.i.d. Random Errors Heterogenous Random Errorss
BLOR BALQR VBSSLOR BLOR BALQR VBSSLOR

normal 146.45 s 144.56 s 18.06 s 146.48 s 174.88 s 28.77 s

Laplace 145.26 s 144.62 s 18.82s 145.86 s 173.44 s 30.08 s

7=0.3 normal mixture 144.52 s 145.27 s 18.11s 143.48 s 147.63 s 28.99 s
Laplace mixture 145.86 s 146.28 s 19.07 s 145.82 s 171.69 s 30.38 s

Cauchy 145.24 s 144.63 s 16.06 s 145.89 s 174.68 s 25.64 s

normal 144.62 s 144.52 s 15.30 s 144.67 s 174.39 s 25.23 s

Laplace 144.54 s 145.26 s 15.00 s 144.57 s 172.84 s 24.51s

=05 normal mixture 144.62 s 145.26 s 15.39 s 144.63 s 173.62 s 25.21s
Laplace mixture 147.68 s 145.83 s 15.14 s 147.62 s 172.25s 25.13 s

Cauchy 14521 s 144.53 s 12.38 s 145.86 s 173.42 s 20.72s

normal 147.29 s 144.37 s 18.74 s 146.48 s 173.46 s 31.05s

Laplace 144.62 s 145.27 s 19.89 s 144.64 s 174.61 s 33.86 s

=07 normal mixture 145.84 s 145.24 s 19.00 s 145.27 s 172.84 s 31.60 s
Laplace mixture 147.57 s 147.98 s 19.88 s 147.68 s 173.42s 34.31s

Cauchy 145.87 s 142.86 s 16.87 s 146.28 s 173.45 s 28.12s

The bold represents the optimal result in each scenario and “s” denotes seconds.
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Appendix D. Simulation Studies for Cases with Smaller Effect Sizes

Table A2. The performance of our proposed method for cases with smaller effect sizes.

Errors
Quantile Distribution i.i.d. Random Errors Heterogenous Random Errorss
MMAD(sd) TP FP MMAD(sd) TP FP
normal 0.21(0.05) 10.00 0.13 0.33(0.10) 10.00 0.25
Laplace 0.25(0.08) 10.00 0.15 0.42(0.34) 9.56 0.37
=03 normal mixture 0.23(0.06) 10.00 0.07 0.36(0.16) 9.93 0.23
Laplace mixture 0.29(0.10) 9.99 0.16 0.98(0.50) 8.32 0.38
Cauchy 0.12(0.55) 9.43 0.00 0.16(0.76) 8.73 0.01
normal 0.20(0.06) 10.00 0.16 0.32(0.09) 10.00 0.29
Laplace 0.20(0.06) 10.00 0.06 0.32(0.11) 9.99 0.20
T=05 normal mixture 0.22(0.06) 10.00 0.10 0.34(0.10) 10.00 0.21
Laplace mixture 0.22(0.07) 10.00 0.06 0.33(0.26) 9.76 0.17
Cauchy 0.07(0.50) 9.55 0.00 0.10(0.69) 9.00 0.00
normal 0.21(0.06) 10.00 0.13 0.34(0.10) 10.00 0.37
Laplace 0.25(0.08) 10.00 0.15 0.40(0.18) 9.91 0.38
=07 normal mixture 0.23(0.06) 10.00 0.16 0.36(0.12) 9.99 0.31
Laplace mixture 0.27(0.09) 10.00 0.17 0.43(0.30) 9.66 0.33
Cauchy 0.11(0.61) 9.38 0.00 0.15(0.67) 9.13 0.00
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Abstract: In the era of Big Data, integrating information from multiple sources has proven valuable
in various fields. To ensure a high-quality supply of multi-source data, repairing different types of
errors in the multi-source data becomes critical. This paper categorizes errors in multi-source data
into entity information overlapping, attribute value conflicts, and attribute value inconsistencies. We
first summarize existing repairing methods for these errors and then examine and review the study
of the detection and repair of compound-type errors in multi-source data. Finally, we indicate further

research directions in multi-source data repair.
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1. Introduction

In recent years, extensive data sources, including social media, crowdsourcing plat-
forms, and ubiquitous sensor networks, continuously generate vast amounts of data.
Conducting data analytics on such massive amounts of data can benefit decision-making
and knowledge discovery. Often, data points describing the same object or event originate
from multiple sources, resulting in multi-source data. For example, descriptions of a par-
ticular item may vary across different commercial platforms. Consequently, multi-source
data inevitably have different forms of representation and various errors, which can impact
their overall value. To ensure the provision of high-quality multi-source data, it is essential
to detect and rectify inconsistencies and mistakes.

Traditional data quality problems are identified according to five dimensions [1]: data
consistency [2], information completeness [3,4], data deduplication [5,6], data currency [7,8],
and data accuracy [9]. The existing data repairing literature has been mostly focused on
data deduplication in multi-source data while addressing other dimensions for the single
source/database. Although methods for single-source data can be applied to multi-source
data by resolving data quality issues within each source separately, the task of repairing
multi-source data differs from that of single-source data. Single-source repairing aims to
achieve complete and consistent data through error detection and repair according to the
dimensions above. In contrast, multi-source repairing seeks reliable integrated information
by repairing conflicts and inconsistencies among data sources, presenting new challenges.
Compared to data repairing methods for single sources, techniques for multi-source data
face the following data quality problems:

(1) Due to varying representations and formats of entities among multiple data sources,
the primary challenge of multi-source repair is to identify overlapping data, particularly
by matching records that refer to the same real-world entity. This task involves purging
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duplicate information and consolidating and merging complementary information to
achieve a consistent view of real-world entities.

(2) For a given entity, each attribute value may have observations provided by a certain
number of data sources. However, multi-source conflicts may arise due to recording errors,
intentional errors, conflicts, and outdated data across different data sources. To address
this issue, it is crucial to determine the correct attribute values for each entity among the
conflicted observations.

(3) In addition to multi-source conflicts, inconsistencies may occur among multi-source
observations of different entities. Here, data consistency refers to the validity and integrity
of attribute values for these entities. To ensure the quality of integrated data, it is necessary
to design robust integrity constraints and practical algorithms for detecting and repairing
inconsistencies within multi-source data.

To summarize, besides the single-source problems in the multi-source case, the specific
data quality issues in multi-source data come from three major categories: entity informa-
tion overlapping, attribute value conflicts, and attribute value inconsistency [10]. As shown
in Figure 1, the existing work usually resolves the entity information overlapping by entity
resolution over the multi-source instances. The detection strategy is blocking, and the
repair strategy is matching. For multi-source attribute value conflicts, the general solution
is truth discovery, which detects inter-source conflicts and resolves them by evaluating the
reliability of the data sources. For attribute information inconsistencies among different
entities, existing approaches use various integrity constraints to detect and find the “least
costly” consistent repair.

Quality Problem

I I
1 1
1 1
I I
Occurred Level : :
I I

I I

| 3 |

I I

Detection Strategy : Blocking :
I I

1 1

I I

Repair Strategy Matching

«I
«I

Figure 1. Multi-source data repairing methods.

This paper comprehensively reviews recent research in entity resolution (Section 2),
truth discovery (Section 3), and inconsistency detection and repair (Section 4). As the types
of errors mentioned above may exist simultaneously and influence each other, we also
examine and review the study of compound error detection and repair (Section 5). Finally,
we indicate further research directions in multi-source data repairing (Section 6).

2. Entity Resolution

Different data providers may have different descriptions of the same thing (including
data formats and representations), and each description of an entity is called a reference
to that entity. Entity resolution (ER) is the process of resolving and mapping real-world
entities from a “collection of references” [11]. ER is also known as record linkage, object
identification, individual identification, and duplicate detection. Intuitively, it is computa-
tionally expensive to directly match each pair of records in two data sources by calculating
the similarity pair by pair. To avoid the excessive complexity generated by direct matching,
the existing work typically divides ER into two steps [12]: (1) blocking and (2) matching.
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Specifically, the blocking step divides records that do not represent the same entity into
different blocks so that only records within the same block need to be matched, avoiding
comparing many records between blocks. Matching refers to determining whether two
representations refer to the same real-world entity. For example, whether two records
(Name: Kristen Smith, Street: 2 Hurley Pl, City: South Fork, MN 48503, Sex: Female) and
(LastName: Smith, FirstName: Kristen L., Gender: F, Address: 2 Hurley Place, South Fork
MN, 48503-5998) refer to the same person Kristen Smith. Next, we review recent ER
approaches and discuss them in two types: learning-based methods and non-learning-
based methods.

2.1. Non-Learning-Based Methods

Most of the non-learning approaches were proposed before artificial intelligence (AI)
became widespread. The methods in this category are summarized in Table 1. For a better
understanding, we organize them into a novel taxonomy that consists of Schema-type, Step,
and Knowledge-based, and detail the related papers according to Schema-type.

e Schema-type: distinguishes between schema-aware or schema-agnostic methods. The
former indicates that the method selects some specific attribute values for blocking
and matching, and these selected attributes are discriminative or contain less noisy
data. The latter does not consider pattern information and extracts information from
all attribute values.

e  Step: divides the methods into three categories based on the steps included. Blocking
means that the method contains only blocking steps, matching means that the process
consists of only matching, blocking—matching implies that the method proposes a
complete framework for ER, including both blocking and matching.

*  Knowledge-based: classifies the methods into yes, which means that external knowledge,
such as knowledge bases, rules, constraints, etc., are introduced into the techniques,
and no, which means that they are not.

Table 1. Non-learning-based methods.

Method Schema Type Step Knowledge-Based
Standard blocking [5] Schema-aware Blocking No
Sorted blocking [13] Schema-aware Blocking No
CrowdER [14] Schema-aware Blocking-matching No
Swoosh [15] Schema-aware Matching No
SEMR [16] Schema-aware Matching Yes
Rule-based ER [17] Schema-aware Blocking-matching Yes
DMCE [18] Schema-aware Matching Yes
Token blocking [19] Schema-agnostic Blocking No
Attl{)ilbo li’fi;lgu[sztg]ring Schema-agnostic Blocking No
SiGMa [21] Schema-agnostic Matching No
MinoanER [22] Schema-agnostic Blocking-matching No

Schema-aware. Methods of this type assume that the input entity profiles adhere to a
known schema. Based on this schema and respective domain knowledge, one can select
the attributes most suitable for blocking and matching. We then discuss precisely what
methods are available in this category [5,13-18].

In terms of blocking, standard blocking [5] is the basis of the blocking algorithm,
which represents each entity with one or more key values. Each block corresponds to a
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specific key value and contains all the entities represented by that key value. It involves
the most straightforward functionality: an expert selects the most suitable attributes, and
a transformation function concatenates (parts of) their values to form blocking keys. For
every distinct key, a block is created containing all corresponding entities. Comparing
records in the same block can reduce the number of record comparisons in the original ER.

Through combining the standard blocking and sort technologies, ref. [13] proposes
an entity resolution blocking technology called sorted blocking. Sorted blocking sorts all
blocking key values according to dictionary order. The ordered entities are then divided
into blocks based on the prefixes of the blocking keys, and the records within one block
are compared. In addition, the algorithm uses a windowing technique to avoid losing any
matches. Records from different blocks in the window are also involved in the comparison
calculation. The sorted blocking algorithm does not limit the block size, which can lead to
large blocks taking up a significant amount of processing time.

In terms of matching, swoosh [15] focuses on “pairwise ER”, which matches and
merges records operating on two records at a time. Swoosh defines two functions, match
and merge, where match identifies duplicates and merge combines two duplicate records
into one. There are also methods [14,16-18] for obtaining matching results for record
pairs by introducing knowledge of manual annotation information, knowledge bases, rule
constraints, etc., through knowledge-based approaches.

SEMR [16] studies how to synthesize matching rules from positive-negative match-
ing examples. It presents a system that introduces real-world associated constraints
to improve the accuracy of the synthesized matching rules. This system matches the
performance of machine learning (ML) methods and produces concise rules. Rule-based
ER [17] considers that records referring to the same entity observed in different periods
may be different. The authors use data quality rules, such as matching dependency and
data currency, to derive temporal records” information in the time order and the trend
of their attributes’ evolutionwith time elapsing. Based on the obtained information, a
temporal-based clustering method is proposed to improve the accuracy of matching on
datasets containing hidden temporal information.

DMCE [18] focuses on entity classification, which is relevant but not identical to
matching. They propose a rule-based framework using positive and negative rules to
discover miscategorized entities. Positive rules are conservatively used to find disjoint
partitions, so the entities within the same partition should be categorized together. The
partition with the largest size is called the pivot partition under the realistic assumption
that the largest partition is correct. Negative rules are used to compare other partitions
with the pivot partition to discover dissimilar entities as miscategorized entities.

In addition to the above work, a more specific type of crowdsourced blocking uses
machine-based techniques to remove evident non-repetitive entities while using valuable
human resources to examine situations that require human insight. Following this idea,
CrowdER [14] proposes a hybrid human-machine ER approach, which first uses machine-
based techniques to label the non-similar record pairs and asks the crowd to verify only the
remaining pairs.

Schema-agnostic. Methods of this type make no assumptions about schema knowl-
edge, disregarding complete attribute names. We discuss several representatives [19-22]
in this category.

In essence, token blocking (TB) [19] is based on the idea that profiles of duplicate
entities have at least one value in common, independently of the corresponding attribute
names. Therefore, all entities that contain the same token in any attribute of their profile
are placed in one block, resulting in redundancy that each entity is contained in multiple
blocks. To improve TB, attribute clustering blocking [20] requires the common tokens of
two entities to appear in syntactically similar attributes. These attribute names correspond
to similar values but are not necessarily semantically matching (unlike schema matching).
First, it clusters attributes based on the similarities of their aggregate values. Each attribute
is connected to its most similar one, and the transitive closure of the connected attributes
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forms disjoint clusters. A blocky; is then defined for every token ¢t in the values of the
attributes belonging to cluster k.

Next, we introduce two schema-agnostic methods for matching. SiGMa [21] selects
as seed matches the pairs with identical entity names. Then, it propagates the matching
decisions on the compatible neighbors of existing matches. Unique mapping clustering
is applied for detecting duplicates. That is, for every newly matched pair, the similarities
of the neighbors are recomputed, and their position in the priority queue is updated.
SiGMa is an iterative propagation algorithm that leverages structural information from the
relationship graph and flexible similarity measures between entity properties in a greedy
local search, making it scalable. MinoanER [22] also employs unique mapping clustering.
However, it differs from SiGMa. MinoanER leverages a token-based similarity of entities
to define a new metric that derives the similarity of neighboring entities from the most
important relations. A composite blocking method is employed to capture different sources
of matching evidence from entities” content, neighbors, or names. The search space of
candidate pairs for comparison is compactly abstracted by a novel disjunctive blocking
graph and processed by a non-iterative, massively parallel matching algorithm that consists
of four generic, schema-agnostic matching rules.

2.2. Learning-Based Methods

With the development of Al learning methods are used to solve ER problems. We
summarize these methods in Table 2, classified according to step, knowledge-based, learning
type, and pre-trained LM. As step and knowledge-based are introduced in Section 2.1, we detail
learning type and pre-trained LM as follows:

e Learning type: distinguishes these methods into supervised, unsupervised, semi-supervised,
and deep learning, where we uniform all the learning-based methods belonging to the
field of deep learning (DL) to deep learning.

e Pre-trained LM: Identifying and distinguishing entities requires capturing their se-
mantic similarities, which requires significant language understanding and domain
knowledge. Pre-trained transformer-based language models (LMs) perform well on
the ER task due to their ability to understand language and their ability to learn
where to pay attention. This dimension divides methods into yes and no. The former
indicates introducing a pre-trained LM, while the latter does not.

Table 2. Learning-based methods.

Method Step Knowledge-Based Learning Type Pre-Trained LM
ApproxDNF [23] Blocking No Supervised No
BSL [24] Blocking No Supervised No
BGP [25] Blocking No Supervised No
CBLOCK [26] Blocking No Supervised No
KBPearl [27] Matching Yes Supervised No
CEA [28] Matching Yes Supervised No
AL-EM [29] Matching No Supervised No
Sel:;ei:(sif;) eg/(i)?ed Matching No Semi-supervised No
Map—REeId E;cle]—Based Matching No Unsupervised No
ULEC [32] Matching No Unsupervised No
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Table 2. Cont.

Method Step Knowledge-Based Learning Type Pre-Trained LM

ZeroER [33] Matching No Unsupervised No
RER [34] Matching Yes Unsupervised No
PERC [35] Matching Yes Unsupervised No
DeepER [36] Blocking-matching No Deep learning No
DeepMatcher [37] Matching No Deep learning No
DeepBlocking [38] Blocking No Deep learning No
DITTO [39] Blocking—-matching Yes Deep learning Yes
Machop [40] Matching Yes Deep learning Yes
JointMatcher [41] Matching No Deep learning Yes

Supervised learning methods. Supervised learning is a type of machine learning
where the training data usually contain features and labels. A function is then learned by
mapping a feature vector to a label. Supervised learning in ER is generally conducted by
obtaining feature vectors from matched /unmatched entity pairs and then understanding
the mapping relationship between the vector pairs and the matched /unmatched labels. We
next describe several representatives [23-29] of supervised learning.

Regarding blocking, ApproxDNF [23] uses small record clusters as samples to train an
algorithm. The algorithm learns specific features from the data based on these samples,
producing higher-quality results. The training instances for the learning process are pairs of
records. These instances are used in the rule selection training analysis, which produces the
best record sets in blocking. Then, these selected rules are combined to form expressions in
a disjunctive normal form (DNF), which defines how records are blocked.

BSL blocking [24] is similar to ApproxDNF in its use of blocking rules. The main
difference is how the training samples are used and how predicates are combined to
produce the blocking strategy during the learning process. In practice, BSL blocking is
usually used for samples containing a small number of positive training record pairs. As a
result, the execution time may be less than the time taken to perform ApproxDNE.

Different from the above methods, BGP [25] uses genetic programming (GP) as the
basis for solving adaptive blocking problems. BGP uses a tree representation of supervised
blocking schemes, where each leaf node corresponds to a blocking predicate. In each round,
a set of genetic programming operators, such as replication, mutation, and crossover,
are applied to an initial, random block scheme set. Then, a fitness function infers the
performance of the new schemes from the harmonic mean of genuine coverage of pairs (PC)
and reduction ratio in the number of candidate pairs (RR), and the best ones are returned
as output.

Another tree-based approach is CBLOCK [26], which automatically learns hash func-
tions from attribute domains and a labeled dataset of duplicates. Subsequently, CBLOCK
expresses blocking functions using a hierarchical tree structure composed of atomic hash
functions. It guides the automated blocking process based on architectural constraints, such
as by specifying the maximum size of each block. Each node that exceeds the maximum
limit is split into smaller, disjoint blocks.

In terms of matching, KBPearl [27] and CEA [28] are proposed based on knowledge
bases. KBPearl [27] constructs a semantic graph based on the knowledge extracted from the
canonicalized facts and the side information. Then, KBPearl matches various entities for
disambiguating the noun phrases and relation phrases in the facts by determining a dense
subgraph from the semantic graph efficiently and effectively. CEA [28] identifies entities
that refer to the same real-world object but locate in different knowledge graphs (KGs).
It uses structural, semantic, and string signals to capture similarities between entities in
heterogeneous knowledge graphs.

94



Mathematics 2023, 11, 2314

AL-EM [29] builds a unified active learning framework containing four essential com-
ponents: feature extractor, learner, example selector, and evaluator. The feature extractor
generates feature vectors for pairs of entities, and the learner learns from a limited amount
of initial labeled pairs of entities to develop the initial model. The example selector chooses
ambiguous, unlabeled examples that the model finds hard to predict the labels for any
queries an Oracle (human or ground truth) for those labels. The newly labeled data is
added to the cumulative training data to learn a refined model. The evaluator evaluates
the learned model during each active learning iteration.

Unsupervised learning methods. Compared with supervised learning, unsuper-
vised learning does not need labeled training examples and automatically classifies or
clusters the input data. We introduce the following unsupervised learning methods [31-35].

In the process of matching, Map-reduce-based EI [31] proposes setting different
weights for each attribute to effectively distinguish the effect of each attribute on the
degree of entity description. After setting the weights, the similarity between records is
calculated from the attribute values and weights, and then entity matching is carried out
based on the graph clustering method. Different from Map-reduce-based EI [31], ULEC [32]
proposes an unsupervised method to generate groups of value pairs that can be trans-
formed in the same way, i.e., values that are logically the same with different formats
share a transformation. Then, the groups are presented to a human for verification and the
approved ones are used to standardize the data.

In ZeroER [33], similarity measures are used to create the feature matrix for the two
input tables, and a blocking function is selected by the users. ZeroER clusters entity pairs
based on the assumption that the similarity values for matched /unmatched entity pairs
follow two different distributions. The authors propose a powerful generative model
based on Gaussian mixture models for learning the match and unmatch distributions.
All parameters can be learned by maximizing the data likelihood via an expectation-
maximization algorithm without any labeled data.

Incorporating annotated information into matching is a good idea because humans
can naturally recognize information about real-world entities represented in different ways.
Considering the fact that workers” answers may not be accurate due to a lack of domain
expertise, fatigue, malicious behavior, etc., RER [34] corrects the responses of an oracle
through indirect “control queries” and finally obtains the correct annotated information.
PERC [35] adopts an uncertain graph model to address the entity matching problem
with noisy crowd answers. This model sets the problem of ER equivalent to finding the
maximum-likelihood clustering.

Semi-supervised learning methods. Semi-supervised learning involves a small num-
ber of labeled samples and a large number of unlabeled samples, which is not commonly
used in ER. Semi-supervised de-dup [30] regards matching as a clustering task, where the
goal is to put records corresponding to the same physical entity in the same cluster while
separating the records corresponding to different entities into different clusters. Based
on restricted correlation clustering (RCC) [42], the authors develop a semi-supervised
approach that leverages a small labeled dataset, which is carefully selected via an efficient
sampling procedure based on locality-sensitive hashing (LSH).

Deep Learning. As seen from the above approaches, structured data are usually
featured on entity attributes and compared for similarity to determine whether they match.
However, with the increasing need for matching textual data, for example, matching the
information on a company homepage with a Wikipedia page describing the company, tradi-
tional learning-based ER solutions (e.g., SVMs) may have difficulty matching text instances
by featuring the attribute values of textual descriptions. Considering the fact that DL-based
models are sensitive to each word in a textual description, they can automatically extract
the semantic features of the entire record or the corresponding attributes for matching.

DeepER [36] proposes an LSH-based blocking approach that considers all attributes
of a tuple and produces smaller blocks, compared with traditional methods that consider
only a few attributes. For matching, it adopts an LSTM-based RNN with the Siamese
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architecture [43], a neural network architecture that has a pair of neural networks with the
same architecture and shared parameters. DeepER first tokenizes each pair of entities, which
are converted into distributed representations using a word embedding model. The model
then aggregates token-level distributed representations into an entity representation for each
entity. Next, the two entity representations are fed into a dense layer that calculates the
similarity between the entities, followed by an output layer that predicts the matching.

DeepMatcher [37] extends DeepER by introducing an architecture template for deep
learning ER methods with three main modules: (1) attribute embedding, which converts
sequences of words used in the attribute values of an entity description to word embedding
vectors; (2) attribute similarity representation, which applies a similarity function on
the attribute embeddings of two descriptions to obtain a final similarity value of those
descriptions (i.e., it learns the similarity function); and (3) a classifier, which uses the
similarities between descriptions as features for a classifier that decides whether a pair of
descriptions is a match (i.e., it learns the match function).

After DeepMatcher was proposed, the authors proposed DeepBlocking [38] to apply
deep learning to blocking. Specifically, each tuple in two input tables is converted into a
string by concatenating all the attribute values. The resulting strings are fed into word
embedding, tuple embedding, and vector pairing. Word embedding converts the words in
each string into a high-dimensional vector. Tuple embedding then combines these vectors
into a single-valued vector representing the entire string (the original tuple). Finally, the
vector-pairing module looks for similar vector pairs.

With the development of pre-trained LMs, DITTO [39] proposes an ER method, which
serializes two records in a record pair and inputs them into a BERT (bidirectional encoder
representation from transformers) model [44], while features are extracted by the BERT
model. In this way, records with different structures can be uniformly processed as input
to a classification model that determines whether to match. Based on modeling matching
as a sentence pair classification problem and introducing pre-trained language models
for fine-tuning, DITTO also proposes three optimization techniques: injecting domain
knowledge, summarizing long texts so that their length meets the input requirements of
the pre-trained models, and data augmentation of the training data. Machop [40] extends
the work of Ditto by allowing for matching between data entries in different data formats
(structured, semi-structured, and unstructured). JointMatcher [41] extends the work of
Ditto by adding a relevance-aware segments encoder and a numerically aware segments
encoder. Consequently, JointMatcher focuses more on similar and number-contained
segments to capture more high-contextualized and fine-grained features, resulting in better
performance than DITTO on small datasets with the same pre-trained LMs.

3. Truth Discovery

As different types of errors can exist in various data sources, the attribute values of
an entity from multiple sources often contradict each other. To ensure data quality, we
need to resolve such conflicts. An intuitive idea for eliminating conflicts is majority voting,
which assumes that all sources are equally reliable. However, this assumption may not
hold in most cases. To compensate for the lack of majority voting, the concept of truth
discovery [45] has been introduced. Truth discovery, also known as data integration, aims
to find the truths from multi-source conflicting data by simultaneously estimating the
reliability of the data sources and inferring the true information.

Truth discovery was first proposed in the literature [46], and the basic idea is that
the more reliable the data source, the more likely it is to provide correct data. The more
correct data are provided, the more reliable the data source is. Since the reliability of a
data source is usually not known in advance, truth discovery methods [46—49] mostly
use iterative algorithms to perform reliability assessment of data sources and inference of
truth in an alternating update mode. Usually, the algorithm starts with an initialization
of source weights and then iteratively conducts the truth computation step and source
weight estimation step. Some stopping criteria are adopted in practice to control the
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number of iterations. One commonly adopted criterion is verifying the change of identified
truths or source weights and terminating the algorithm when the change is smaller than a
pre-defined threshold.

We compare recent truth discovery approaches in Table 3. Here, we summarize them
under different features, i.e., labeled truths, entity dependency, source dependency, non-single
truth, and truth discovery in crowdsourcing.

Table 3. Truth discovery methods.

Entity Source

Method Labeled Truths Dependency Dependency

Non-Single Truth Crowdsourcing

SSTF [50] v

SLiMFast [51] v

OpSTD [52] v

Investment [53]

GFFTD [54]

MTM [55]

DynaTD [56]

TD-corr [57]

OTD [58]

CRDI [59]

N ENENENENENENEN

CTD [60]

ACCU [61]

MSS [62]

TDCD [63]

NENIENEN
\

PrecRecCorr [64]

LTM [65]

DART [66]

NIENENEN

TEM(15) [67]

FairTD [68]

TDSSA [69]

MTD-CC [70] v v

SNIENENIEN

IMCC [71] v

3.1. Labeled Truths

Most truth discovery methods are unsupervised due to the difficulty of collecting data
with truth labels, while in [50-52,72], the authors argue that a small set of truths is available
and thus the proposed algorithms which work in semi-supervised settings.

SSTF [50] focuses on the problem of truth discovery with semi-supervised graph
learning by using a small set of ground truth data to help distinguish true facts from
false ones and identify trustworthy data sources. SSTF requires that the ground truths be
among the observations sources provided. This setting is impractical for many real-world
applications, especially when ground truth and observations are real numbers. Thus, it
performs poorly on datasets when object truths are continuous data.

To compensate for the above shortcomings, SLiMFast [51] uses a small amount of
ground truth to obtain an initial estimate of the source accuracy and then uses an iterative
process to obtain a final estimate of the source accuracy and the potential true value of the
object. The work in [52] studies the semi-supervised truth discovery problem for continu-
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ous object truths. They propose an optimization-based semi-supervised truth discovery
(OpSTD) method for discovering continuous object truths, in which the truth discovery
problem is formulated as an optimization task where both object truths and source reliabili-
ties are modeled as variables, and the ground truth is modeled as a regularization term to
propagate its trustworthiness to the estimated truths.

3.2. Entity Dependency

In the general truth discovery framework, it is assumed that entities are independent
and uncorrelated from each other. However, in real-world applications, different entities
and attributes usually have certain relationships with each other and may influence each
other. For example, there is a strong connection between the “city” and “province” where
the same person lives, and in the same region, “A pays more than B” may mean “A pays
more taxes than B”. This dependency relationship between entities and attributes provides
more clues, which can improve the accuracy of truth discovery.

In Investment [53] and GFFTD [54], the authors represent the relationships between
entities as a priori knowledge or common sense. This external knowledge is translated
into propositional constraints integrated into each round of truth discovery. Specifically,
each truth (an entity and its corresponding attribute values) is represented as a [0, 1]
variable, and then the associated truths are combined into propositional constraints based
on external knowledge. The cost function is the distance between initial results based on
truth discovery and new results satisfying the propositional constraints. By minimizing the
cost function, the probability of each candidate truth being true is “corrected” during each
iteration based on external knowledge. To ensure that this optimization problem is solvable,
the truth of each entity is allowed to be “unknown” in order to lower the constraints and
avoid possible constraint conflicts.

In comparison, refs. [53-55] combines information extraction and truth discovery
to address the slot-filling validation task, to determine the trustworthiness of the output
information extracted from different systems in the diverse corpus. The authors construct
a multidimensional truth discovery model (MTM), a heterogeneous method comprising
the system, the corpus, the extracted information, and the weight matrix between them.
Similar to the iterative truth discovery process, the reliability of the information propagated
is used to infer the reliability of the system and the corpus. In turn, the system’s reliability
and the corpus’s reliability reassess the trustworthiness of the information it extracts. The
authors construct knowledge graphs to establish dependencies between different time slots
(entities) as a clue to initialize the trustworthiness of the information.

In another line of research, the works in [56,57] propose to exploit the temporal and
spatial relationships between entities to improve the performance of the truth discovery
algorithm. For example, today’s maximum temperature is correlated with yesterday’s;
neighboring several streets may have similar traffic conditions. This correlation is measured
as similarity is added to the optimization model, leading to better results. DynaTD [56]
constructs a model of temporal relationships between entities on continuous data. TD-
corr [57] can address both temporal and spatial relationships on continuous data, and
their experiments show that capturing the relationships between entities can improve the
performance of truth discovery since, in many practical applications, entity relationships
can be viewed in large numbers by sensor-observation results. Building on [56,57], OTD [58]
further models and integrates temporal trends in the evolution of truth guides the truth
discovery.

Unlike all the above methods, ref. [59] proposes an approach, CRDI, to enhance
the accuracy of truth discovery. CRDI uses the information in the relationships between
entities to find more evidence for the correctness or incorrectness of the values generated
by different data sources. The authors then propose an alternative approach [73], which
uses relational machine learning methods to estimate the relations between entities and
then uses these relations to estimate the true value using some fusion functions.
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CTD [60] introduces denial constraints into the truth discovery problem and formu-
lates it as a constrained optimization problem. To address the problem, they propose
algorithms to partition the entities into disjoint groups and generate arithmetic constraints
for each disjoint group separately. The true attribute values of the entities in each disjoint
group are then derived by minimizing the objective function under the corresponding
arithmetic constraints.

3.3. Source Dependency

Since copying sometimes occurs between multiple data sources (e.g., different websites
on the Internet), detecting copying between data sources is essential to prevent erroneous
information from being copied continuously, leading to a high proportion of error messages
when discovering the truth. The main principle behind copy detection is that, if some
sources make many common mistakes, they are not likely to be independent of each other.
However, this principle becomes ineffective when some sources copy information from a
good source.

In ACCU [61], the authors use a Bayesian model to infer the existence of copy relation-
ships between data sources and confirm their dependence. This copy-detection process
is combined with the truth discovery for iterative updates. MSS [62] mitigates the source
relationship dependency problem by revealing the underlying group structure among data
sources and performing truth discovery at the group level. This solution reduces the risk of
overusing information from dependent data sources, especially when these data sources
are unreliable.

In contrast to [61,62], which detect copy relationships between data sources from
static data, TDCD [63] detects copy relationships between data sources from dynamic
data sources, where the information provided by the data sources is changing. Given the
historical update records of the data sources, the authors apply a hidden Markov model
(HMM) to detect the copy relationships. The model iteratively evaluates source quality and
updated information simultaneously, outputting changing copy relationships and truth.

In a separate line of research, PrecRecCorr [64] considers different correlations between
data sources that are more general than copying. Sources may have positive correlations,
such as copying information from each other, or negative correlations, such as providing
data from complementary domains or focusing on different information domains. In
general, observations from positively correlated sources should not increase the confidence
that they are true values, and observations supported by only a few negatively correlated
sources should not decrease the confidence that they are true values. The method models
inter-source correlation with joint precision and joint recall and employs Bayesian analysis
to infer whether an observation is true.

3.4. Non-Single Truth

Most methods usually assume that each entity has only one correct value for each
entity. Based on this assumption, these methods aim to select the information with the
highest confidence as the correct value. However, this “single truth” assumption does
not always hold. For example, there are multiple authors for a book and also multiple
actors/actresses for a movie.

In the literature [64,65], the authors propose the probabilistic graphical model to
find multiple truths for each entity. In this case, considering only the credibility of the
source does not distinguish between sources with low precision and those with low recall.
Therefore, in [64], the authors calculate the precision and recall of the data source for
finding multiple truths. Similarly, LTM [65] considers both false positive and negative
aspects to find multiple truths for the same entity. DART [66] proposes an integrated
Bayesian approach that exploits the unique features of the multi-truth problem to assign
more reasonable confidence scores to candidate truth sets, combining data source domain
knowledge and confidence scores to achieve unsupervised multiple truth discovery.
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In addition to the above case of multiple true values, there is a particular case of no
correct value [53,67]. For example, it is suitable to give an output of “unknown” for the
questions (objects) about the death date of someone still alive. Investment [53] uses “un-
known” to augment their data and provides an “unknown” answer when there is insufficient
information or conflicting constraint. TEM [67] considers the has-truth questions, i.e., when
the truth of an entity is not provided by any data source, the truth returned by truth discovery
for that entity should be non-existent. The study evaluated three quality indicators of the
data source in the search for truth, silent rate, false spoken rate, and true spoken rate, thus
effectively filtering out information about entities for which there is no truth.

3.5. Truth Discovery in Crowdsourcing

In the past decade, crowdsourcing has emerged as a popular internet-based collab-
orative computing paradigm. In crowdsourcing systems, requesters can ask workers
(“sources”) for true values (“truths”) of objects or events. Generally, sources could pro-
vide inconsistent or conflicting answers (“candidates”) about the object. Researchers have
studied truth discovery in crowdsourcing from different perspectives.

Crowdsourcing collects shared information from a large number of people and is often
negatively impacted by unreliable sources with low-quality data. To address this problem,
MSS [62] proposes a probabilistic model to jointly assess the reliability of sources and find
true data. It also explicitly reveals the reliability of groups and minimizes the negative
impacts of unreliable groups.

FairTD [68] argues from a fairness perspective that simply aggregating feedback from
all crowdsourced workers will inevitably lead to race, gender, and political interference
in the outcome. Thus, FairTD proposes a notion of difference in truth discovery, three
theories of fairness enhancement, and an iterative method of estimating bias and truth to
address the fairness problem in truth discovery. TDSSA [69] considers the truth discovery
problem under Sybil attack and proposes a method to defend against strategic Sybil attack.
The method assigns the same standard set of tasks to each worker in the cluster. It filters
malicious worker feedback out by classifying each cluster as normal or malicious based on
worker feedback.

FairTD and TDSSA ignore the correlation between candidates, so the inferred truth
may differ from the ground truth. To solve this problem, ref. [70] proposes MTD-CC,
multi-truth discovery with candidate correlations. Specifically, the authors first design a
metric of potential function to measure the correlation between each pair of candidates
based on the sources’ votes and reliabilities. Then, they construct a Markov random field
(MREF) to represent these correlations. Finally, they transform the MRF into a directed graph
and cut it based on the Min-cut theorem to infer which candidates are truths.

Unlike the copy detection in Section 3.3, IMCC [71] considers the copying of workers
in crowdsourcing. Some workers copy some (or all) of the data from other workers, making
truth discovery more complicated if the wrong answer is copied. IMCC aims to design
a crowdsourcing incentive mechanism for the truth discovery of textual answers with
copiers. They formulate the problem of maximizing social welfare such that all tasks can be
completed with the least confidence for truth discovery and design a three-stage incentive
mechanism. In the contextual embedding and clustering stage, they construct and cluster
the content vector representations of crowdsourced textual answers at the semantic level.
In the truth discovery stage, they estimate the truth for each task based on the dependence
and accuracy of workers. In the reverse auction stage, they design a greedy algorithm to
select the winners and determine the payment.

4. Inconsistency Detection and Repair

Data consistency refers to data collection that does not contain semantically incorrect
or conflicting data. For data consistency detection, existing studies [74-76] usually establish
a set of data quality rules such that once inconsistent data appear in the database, the
corresponding rules are violated so that the tuple violating the rules is discovered and
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repaired. Data quality rules describing consistency include function dependencies (FDs),
conditional functional dependencies (CFDs), denial constraints (DCs), etc. The followings
are brief descriptions of these three common data rules, respectively.

Consider a relational schema R with attributes attr(R). An FD ¢ is defined as X — Y,
where X C attr(R) and Y C attr(R). An instance I of R satisfies FD ¢, denoted as I = ¢
if for any two tuples t,, tg in I, such that t,[X] = tg[X], then t,[Y] = tg[Y]. For example,
an FD [Country Code, Area Code] — City is presented in Table 4, stating that the values of
Country Code and the Area Code can determine the value of City.

ACFDgonRisapair (R: X =Y, Tp), where (1) X, Y are sets of attributes from
attr(R), (2) R : X — Y is a standard FD, referred to as the FD embedded in ¢; and (3) T), is
a tableau with all attributes in X and Y, referred to as the pattern tableau of ¢, where for
each A in X or Y and each tuple t € T, t[A] is either a constant ‘a” in the domain dom(A)
of A, or an unnamed variable ’_’". If A appears in both X and Y, we use t[A;] and t[AR]
to indicate the A field of ¢ corresponding to A in X and Y, respectively [77]. For instance,
given a CFD: ([Country Code, Zip] — Street, (44, _, _)), [Country Code, Zip| — Street refers
to an FD and (44, _, _) specifies the condition, i.e., when Country Code is 44, Zip uniquely
determines Street.

ADC ¢ on Ris defined as: Vty, tg,ty, -+ € R, —(Py AP, --- APy), where each predicate
P; is of the form v16v; or v10c with vy, vy € tx[A], x € {a,B,7,...}, A € R, cisa constant in
the domain of A, and 6 € {=, <, >, #, <, >}. For example, Vt, € R, =(t,[Country Code] =
‘01" A to[Area Code] = ‘908" A t,[City] # ‘MH’), i.e., there is no tuple where Country Code
is ‘01", Area Code is ‘08", and City is not ‘MH’.

Table 4. An example of database information.

Country Area

Tid Code Code Phone Name Street City Zip
t 01 908 5219527 Mike Tree Ave. MH 07974
to 01 908 5219527 Rick Tree Ave. MH 07974
t3 01 212 2018967 Joe 5th Ave NYC 01202
ty 01 908 2018967 Jim Elm Str. MH 07974
ts 44 131 3314823 Ben High St. EDI EH4 1DI
te 44 131 4675378 Tan High St. EDI EH4 1DT
ty 44 908 4675378 Tan Port PI MH W1B 1JH
tg 01 131 2018967 Sean 3rd Str. UN 01202

The problem of repairing inconsistent data is making “minimal” changes to data
collection that do not satisfy a given set of rules. In Table 5, we summarize the inconsistency
detection and repair methods in two dimensions, Data and Constraints. Data divides the
methods into Table Data and Graph Data, which represent the type of data handled by the
method. Constraints refers to FDs, CFDs, DCs, and Other Constraints, which represent the
data quality rules used in the method. Next, we discuss these papers according to Data.

Table 5. Inconsistency detection and repair methods.

Data Constraints

Table Data GraphData FDs CFDs DCs Other Constraints

FD-based value
modification [78] v v v
FindVRepair [79] v v v
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Table 5. Cont.

Data Constraints

Table Data GraphData FDs CFDs DCs Other Constraints

CFD-based

Detection [77] v v

CFD-based value
modification [80]

v v

Distributed
Detection [81]

Incremental
Detection [82]

C-Repair [83] v v

Holistic Repair [84]

HoloClean [85] v v v

GFD-based
Detection [86]

IncDect [87]

StarRepair [88]

Logic-based Graph
Repair [89] v v

4.1. Table Data

Traditional repairing methods [2,90,91] directly delete the non-compliant records from
the database so that the remaining records can comply with all the given universal integrity
constraints (ICs). Since the errors in the remaining dataset are not increased when the
records are deleted, it is always possible to iterate through the data repair, i.e., first finding
the set of records that violate the constraint, then deleting a random record, and then
testing the remaining dataset. This strategy is relatively simple, but a significant amount of
information is lost. To address this issue, an alternative strategy [92] is proposed. Instead of
adding or deleting any records, only certain fields are modified so that the entire collection
can meet the pre-defined consistency requirements. This strategy allows for maximum
preservation of the original information of the data collection.

In [78], the authors propose a repair model which detects tuples that violate FDs and
inclusion dependencies (INDs) and modifies attribute values to ensure consistency in the
database. The model describes the cost-based minimum repair measured by the tuple
weights and the similarity of the values for each modification, which was not considered
by any previous work. The tuple weights represent the confidence of each tuple placed by
the users. The similarity of the values is defined as the minimum number of individual
character insertions, deletions, and substitutions required to convert the original value to
the repaired value.

In [77], the authors argue that FDs have been developed primarily for schema design
and are often insufficient to capture the semantics of the data. They introduce CFDs, an
extension of traditional FDs, which can capture data consistency by enforcing bindings of
semantically related values. They provide an inference system analogous to Armstrong’s
axioms for FDs and consistency analysis. Since CFDs allow for data bindings, many indi-
vidual constraints may hold on a table, complicating the detection of constraint violations.
They first provide an SQL technique for finding violations of a single CFD, e.g., using group
by statements and then extend it to validate multiple CFDs.
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Following [78], FindVRepair [79] proposes a method for repairing the inconsistency
errors in the database that violate FDs by minimizing the distance metric. The distance
metric depends on the number of value modifications and the weight/confidence associated
with the modified tuples. In addition, the authors show how to use CFDs for data repair.
In [80], the authors propose two algorithms: one for automatically computing the repaired
database that satisfies a given CFD set and the other for incrementally finding repairs in
response to updates to a clean database. The former extends the FD-based cost model
of [78] to ensure quality repairs are found when processing CFDs. The latter is an effective
heuristic algorithm for finding fixes that respond to updates, i.e., the deletion or insertion
of a set of tuples, and can also be used to find fixes for dirty databases.

In another line of research, ref. [81] describes the detection problem in various dis-
tributed environments. The authors formulate CFD violation detection for data partitioned
horizontally or vertically as optimization problems measured by either response time or
data shipment (i.e., the amount of data shipped from one site to another). They study CFD
violation detection in horizontal partitioning but consider neither incremental detection
nor algorithms for detecting errors in vertical partitions. The works in [81,82] provide
such incremental algorithms for vertically partitioned and horizontally partitioned data
and further propose optimization techniques for the incremental algorithm over vertical
partitions.

Compared with the above CFD-based repairing methods, ref. [83] no longer focuses
solely on databases containing CFDs but specifically on data containing conditional func-
tional dependencies (CFDPs) with built-in predicates. The authors propose a heuristic
algorithm for inconsistent data detection and repairing, which can repair inconsistent data
violating the CFDPs in datasets under unsupervised circumstances. For data detection, the
maximum dependency set is used to detect them. For data repairing, they use unsupervised
machine learning to learn the correlation among attributes in datasets and integrate the
minimum cost idea and information theory to repair, which makes the repair results most
relevant to the initial values with minimum repair times.

The above techniques do not consider the interaction among different class constraint
violations. Therefore, the researchers introduce the DCs for repairing [84,85], which subsumes
several types of DCs, such as FDs and CFDs. The authors in [84] let users specify quality
rules using DCs with ad hoc predicates. They introduce two data structures: the Conflict
Hypergraph, which encodes all violations into a common graph structure, and the Repair
Context, which encodes all necessary information on how to fix violations holistically.

The authors also introduce HoloClean [85], a framework for holistic data repairing
driven by probabilistic inference. HoloClean unifies existing qualitative data repairing
approaches, which rely on DCs or external data sources, with quantitative data repairing
methods, which leverage statistical properties of the input data. With an inconsistent
dataset as input, HoloClean automatically generates a probabilistic program to fix data.

Data quality rules by themselves are not sufficient to correctly resolve conflicts, or
worse, may even introduce new errors when attempting to repair data. Thus, some
studies [76,93] use master data or users to guide the repair process. In [76], the authors
propose a method to find certain fixes based on master data, the concept of certain regions,
and a class of editing rules. A certain region is a set of attributes for which the user is
guaranteed to be correct. Given a certain region and master data, edit rules tell which
attributes to fix and how to update them. Techniques for reasoning about edit rules are
then developed to determine whether they lead to unique fixes and whether they can fix
all attributes in the tuple relative to the master data and a certain region. A framework and
algorithms are also proposed to find certain fixes by interacting with the user to ensure that
a region is correct.

In [93], the authors introduce GDR, a guided data repair framework that incorporates
user feedback in the repairing process to enhance and accelerate existing automated repair
techniques while minimizing user involvement. Specifically, GDR consults the user on the
updates that are most likely to be beneficial in improving data quality. Then, GDR uses
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existing machine learning methods to identify and apply the correct updates directly to the
database without the actual involvement of the user on these specific updates.

4.2. Graph Data

Graph data inconsistency refers to semantic information errors or contradictions
among the relevant data information in a graph. Recent methods capture inconsistency
errors in graph data and repair them in terms of rules [86,87], logic-based incremental
methods [89], etc.

In [86], the authors propose a class of FDs for graphs, referred to as GFDs. Capturing
the attribute-value dependencies and topology of entities through GFDs provides an
effective way to detect inconsistencies in knowledge graphs. The same team later proposed
an arithmetic and comparison expression, NGD, to capture semantic inconsistencies in the
graphs, and developed an incremental algorithm, IncDect [87], to detect errors in graph
data and provide provable performance guarantees. Compared to GFDs, NGDs focus more
on numerical inconsistency in real-life situations, and NGDs extend GFDs by supporting
linear arithmetic expressions and built-in comparison predicates {=, #, >, >, <, <}.

In [88], the authors propose a class of constraints called Star Function Dependencies
(StarFDs), which enforce value dependencies conditional on entities and their associated
neighbors, unlike traditional ICs. These neighbors are identified by a star schema containing
a join rule path query. This type of star function dependency strikes a balance between
expressiveness and complexity. Given a set of StarFDs and graphs, entity repair detects and
resolves inconsistencies differently using optimal and cost-bounded solutions, referred to
as the StarRepair method. StarRepair computes the repairing process under the minimum
cost by enforcing StarFDs, where the cost is determined by the size of the inconsistency.

In another line of research, ref. [89] proposes a logic-based approach to incremental graph
repair, a method that does minimal change repair. The authors formalize consistency using a
so-called graph condition equivalent to a first-order logic on the graph. Inconsistency is then
resolved according to two repair algorithms: state-based repair independent of graph update
history, and incremental repair that considers graph update history to restore consistency.

5. Detection and Repair of Compound-Type Errors

In practice, multi-source data often contain multiple error types, and fixing one type of
error may introduce other types of errors. Thus, several methods focus on fixing compound
errors. We summarize these methods in Table 6, where the considered types of errors are
Duplication (i.e., entity information overlapping), Conflict (i.e., attribute value conflicts),
Inconsistency (i.e., attribute value inconsistency), and Incomplete. As several papers consider
the incomplete case in their compound-type error study, we also added “Incomplete” as an
aspect of classification.

In [94], the authors design graph repair rules (GRRs) that capture incompleteness, con-
flict, and redundancy in a graph and indicate how to repair these errors. Three fundamental
issues defined semantically in GRRs, namely implication, consistency, and termination,
are investigated to verify whether a GRR is meaningful. The work in [94,95] proposes to
deduce certain fixes for graphs based on data quality rules and truth values.They define
data quality rule (GQRs), to support CFDs, recursively defined keys, and negative rules on
graphs so that repairs can be deduced by combining data repair and entity resolution. In
addition, they prove that deducing certain fixes is Church-Rosser and propose online and
offline modes to perform fixes, respectively.

The authors of [95] also propose another class of graph association rules [96], rep-
resented by GARs, to describe regular relationships between entities in a graph. GARs
are combinations of graph schemas and dependencies that can be used as predicates for
relationship prediction by machine learning classifiers, capable of capturing incomplete
information in schema-free graphs, predicting links in social graphs, identifying leads in
digital marketing, and extending graph function dependencies to capture missing links
and inconsistencies. They demonstrate that the satisfiability, implication, and association
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derivation problems for GARs are coNP-complete, NP-complete, and NP-complete, respec-
tively, as well as that they maintain the same complexity bounds as the graph function
dependency problem despite the improved expressiveness of GARs.

Instead of relying on various data quality rules, ref. [97] proposes a knowledge
fragment cleaning method (KFCM) for cleaning up faulty knowledge fragments in a
genealogical knowledge graph, consisting of three phases. The first stage detects and
analyzes faulty knowledge fragments by inferring common problem patterns; the second
stage supplements the entity relationship for different error patterns and conducts entity
resolution; the third stage aligns entities with missing attributes based on parent—child
relationships and connects isolated knowledge fragments.

In [98], the authors propose combining the idea of truth discovery methods and
rule-based data repair methods to resolve the conflicts and inconsistencies. They present
an automatic multi-source data repair method, AutoRepair, that uses FDS to resolve
inconsistencies in multi-source data. The source reliability is used as evidence to discover
and repair the errors among these violations. At the same time, the corrected results are
used to estimate the source reliability. As the source reliability is unknown, the process is
modeled as an iterative framework to ensure better performance.

The authors of [98] then propose incorporating DCs into the truth discovery process
to resolve the conflicts together with dependencies [99]. They formulate the data repairing
problem as an optimization problem and create constraints for the DCs. Compared
with [98], this approach can repair the errors among related entities in different data types
(e.g., categorical data and continuous data). They also give four concrete cases using
different classes of DCs as examples.

Table 6. Compound-type error detection and repair methods.

Method Duplication Conflict Inconsistency Incomplete
GRRs [94] v v v
GQORs [95] v v
GARs [96] v
KECM [97] v v
AutoRepair [98] v v
Conflicts Together with v v

Dependencies [99]

6. Future Research Directions

In summary, many studies have been carried out by domestic and international
scholars in multi-source data error detection and repair research. These research efforts have
focused on entity resolution and truth discovery, and some methods that have emerged
in recent years have considered the inconsistency of multi-source data. However, several
unresolved issues remain.

The detection and repair of compound-type errors in multi-source data need to be
further studied. As compound-type errors commonly exist in multi-source data, error
detection, and repair methods for multi-source data need to consider multiple types of
errors simultaneously to obtain optimal repair solutions. However, the repair of existing
compound types of errors is limited to considering only a few types of errors. Thus, there
needs to be more research work that integrates the consideration of conflicting, duplicated,
and inconsistent entity information on multi-source data.

The error detection based on semantic association in multi-source data needs to be
studied in depth. Existing inconsistency detection methods typically use different types of
data quality rules [100] to express dependencies between attributes or attribute values and
treat information that violates the corresponding type of data quality rule as an error and
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repair it. However, with multiple data sources, information from different sources may be
expressed differently. Let us suppose only exact matches of data values are considered. In
that case, this can affect the judgment of the reliability of the data source and the accuracy
of error detection and subsequent repair. Therefore, it is necessary to design data quality
rules based on semantic association to detect various errors accurately.

Efficient repair in multi-source data needs to be further studied. Existing entity
matching methods and inconsistency detection and repair methods tend to have high
time complexity and can suffer from more severe efficiency problems in massive data
scenarios [101]. In the present era of Big Data, modern data mining and analysis methods
often include multiple iterations, thus making the efficiency disadvantage of traditional
methods even more apparent. Therefore, error repair methods for multi-source data need
to maximize efficiency while ensuring accuracy.
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Abstract: Enhancing the effectiveness of clustering methods has always been of great interest. There-
fore, inspired by the success story of the gradient descent approach in supervised learning in the
current research, we proposed an effective clustering method using the gradient descent approach.
As a supplementary device for further improvements, we implemented our proposed method using
an automatic differentiation library to facilitate the users in applying any differentiable distance
functions. We empirically validated and compared the performance of our proposed method with
four popular and effective clustering methods from the literature on 11 real-world and 720 synthetic
datasets. Our experiments proved that our proposed method is valid, and in the majority of the cases,
it is more effective than the competitors.

Keywords: clustering objective functions; clustering methods; gradient descent approach

MSC: 62G05; 68-04

1. Introduction: Background and Motivation

Clustering is a method of partitioning a set of data points into partitions such that the
within-partition data points are as homogeneous as possible and the between-partitions
data points are as heterogeneous as possible. The partitions are referred to as clusters.
Clustering is a crucial tool in data science, knowledge discovery and artificial intelligence
and has various applications in disciplines such as biology, social science, neuroscience,
computer science, etc. Thus, not surprisingly, an enormous number of papers have been
published addressing different aspects of clustering.

Recently, a comprehensive survey on this subject has been published [1] that extends
the well-accepted taxonomy of clustering methods and reviews the trends and open chal-
lenges. The authors classified the clustering methods into (i) hierarchical and (ii) partitional
clusterings. Furthermore, they categorized the hierarchical clusterings into (i-a) agglomera-
tive and (i-b) divisive clusterings: and they categorized the partitional clusterings into (ii-a)
crisp, (ii-b) mixture resolving and (iii-c) fuzzy clusterings. Figure 1 depicts the three first
levels of this taxonomy.

Furthermore, the authors of this survey considered the recent research works devoted
to adaptations of clustering methods to various disciplines as the recent trends in this
area of research. Moreover, they listed nine open issues in clustering algorithms, and the
“effectiveness” of clustering methods is one of them.

Our line of thought aligned with this survey. Therefore, the main objective of the
current research was to propose an effective clustering method to improve the clusters
recovery results. Therefore, inspired by the success story of the gradient descent algorithm
in the supervised learning tasks [2], we proposed a generic clustering objective function
and then adopted the gradient descent approach to optimize it. As a by-product of our
proposed method and to increase its flexibility, we implemented it using an automatic
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differentiation library called JaX [3]. With this setting, any differentiable distance function
can be applied, and this can be considered as an additional tool for further improvements
of the clusters recovery results.

Clustering Algorithms

Partitional Clusterings Hierarchical Clusterings

Mixture Resolving Agglomerative

Figure 1. Clustering algorithms taxonomy introduced in [1] with three levels.

It is noteworthy to add that the current research introduces the following contributions:

*  Proposing a generic clustering criterion with the possibility of utilizing any differen-
tiable distance functions in it;

e Adapting the gradient descent approach for the task of partitional crisps clustering;

¢  Equipping the proposed method to automatic differentiation as a by-product for
further improvements of cluster recovery results.

We empirically validated and compared the performance of our proposed method
with four popular and effective clustering methods on real-world and synthetic datasets.
Our experiments proved that in most cases, our proposed method enhances the cluster
recovery results. More so, our flexible implementation serves as a supplementary device
for further clustering results” improvements.

The rest of the paper is organized as follows. Section 2 reviews the previous work.
Section 3 describes our proposed clustering. Section 4 explains the experimental setting
for scrutinizing the hyperparameters of our proposed method and comparing it with four
effective clustering methods from the literature. It presents (a) competitors; (b) datasets,
both real-world and artificially generated; (c) criteria for assessment of the quality of
experiments; and (d) the pre-processing technique. The study of the proposed methods’
hyperparameters is reported in Section 5. Section 6 describes the results of our experiments.
Finally, Section 7 concludes the paper and presents our future directions.

2. Previous Work

This section concisely reviews the principles of the clustering algorithms with respect
to the taxonomy mentioned earlier. However, since the gradient descent clustering is not
covered in [1] and it is the cornerstone of the current research, Section 2.3 reviews the scarce
number of previously published gradient descent (GD) clustering papers.

2.1. Partitional Clusterings

The partitional clusterings assign data points into K clusters by optimizing some
clustering criteria. This class of clustering methods can be further classified into three
subclasses: (i) crisp/hard, (ii) fuzzy, and (iii) mixture-resolving clusterings. In the first
subclass, each data point belongs only to one cluster, while on the contrary, in the fuzzy
clustering methods, each data point can belong to more than one cluster. The third subclass,
mixture resolving, assumes a world model leading to a probabilistic distribution for which
its parameters should be inferred from the data. The rest of this subsection is devoted to
reviewing these three subclasses.

Presumably, K-means [4] can be considered the most well-known instance of the first
subclass. K-means minimizes the total squared errors of within-cluster. K-medoids [5,6]
minimizes the dissimilarities of within-cluster data points while selecting some of the data
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points as centroids, referred to as medoids, instead of the average data points of the clusters.
The density-based clusterings [7] recover the clusters by separating the dense regions from
low-density regions in the feature space. For instance, the density-based spatial clustering
of applications with noise [8], DBSCAN, finds core samples of high-density regions and
expands clusters from them. Ordering points to identify the clustering structure [9,10],
OPTICS, tackles the issue of finding the proper range parameter in DBSCAN.

Recently, a new set of (meta)heuristic clustering methods has emerged [11-15]. The main
objective of this set of methods is to spontaneously recover the cluster structures and the
number of clusters without prior information. These methods are mainly nature-inspired
and contain an immense number of hyperparameters, which in our opinion contradicts the
ultimate goal of clustering. It ought to mention that the results in [14,15] did not enhance
the traditional methods’ cluster recovery results. These methods can be categorized under
the search-based clusterings [1] umbrella.

The deep clustering methods are another set of newly emerged methods. These
methods use deep neural networks [16,17], DNNs, to learn a cluster-friendly representa-
tion of data followed by a traditional clustering algorithm to recover clusters from the
obtained data representation by DNN. Various DNN algorithms have been applied to
learn the cluster-friendlier data representation; Ref. [18] provided a systematic overview of
this subject.

Contrary to crisp clusterings in fuzzy clusterings, the clusters overlap with a degree
of membership based on fuzzy logic [19]. The initial fuzzy clusterings had problems with
outliers, noise and initial partition dependencies [20]. The algorithms proposed in [21,22]
tried to tackle those issues. Ref. [23] combined fuzzy C-means with mini-batch gradient
descent with regularization. The authors in [24] proposed a unified combination of K-
means and C-means methods. The authors in [25] proposed a novel technique to find the
optimal number of clusters.

The underlying assumption of mixture-resolving clusterings is that the observed data
points are generated from a mixture of probabilistic distributions whose parameters should
be inferred from the dataset. These methods are model-based, and a statistical model or a
priori should be known ahead of clustering. The expectation-maximization algorithm is
the cornerstone of this category of methods [26,27].

2.2. Hierarchical Clusterings

This category of clusterings methods groups the data points to construct a hierarchical
structure: the grouping procedure can be performed either in a bottom—up (agglomerative)
or a top—down (divisive) fashion [20]. The agglomerative methods [28,29] initially start
by assigning each data point to a singleton cluster and then iteratively merge every two
clusters until (i) all clusters are merged into the root node or (ii) some stopping criteria
are met. The root node represents the entire dataset. The divisive hierarchical methods
start from a single cluster, representing the data, then in a top—down fashion splitting
the clusters.

The merging or splitting decision generalizes the distance metrics of individual data
points to distance metrics of subsets of data points. The distance metrics between subsets
usually is referred to as linkage metrics. The single linkage—when the least interconnecting
(dis)similarity between two components is considered [30], complete linkage, average
linkage, McQuitty methods [31], median and centroid methods [32] are some of the promi-
nent agglomerative (bottom—up) clustering methods employing different linkage metrics.
Ward’s methods [33] are another type of agglomerative clustering in which instead of
linkage metrics, the merging decision is based on the optimal values of an objective func-
tion [34]. Balanced iterative reducing and clustering using hierarchies [35], BIRCH, is an
online and memory-efficient agglomerative algorithm developed for large-scale datasets.
The clustering using representative (CURE) addresses the drawbacks of BIRCH and is more
robust to outliers, and it claims to detect different clusters’ shapes and sizes.
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The divisive methods are the reverse of agglomerative clustering. They start by split-
ting the entire dataset into smaller subsets until the predefined number of clusters is de-
tected [36-38]. The natural splitting solution would be to analyze all possible bipartitions
and select the two optimal ones. This solution is computationally expensive, and various
divisive approaches have been developed to tackle this. For instance, bisecting K-means [39],
reference point-based dissimilarity measure [40], and particle optimizer [41] are some of the
efforts proposed to tackle this expensive computational complexity. In principle, divisive
methods can be classified into monothetic and polythetic classes. The former uses the features
one-by-one and was initially proposed for binary data [42,43] but later applied to multi-modal
data. The latter class uses all features at once and utilizes the distance values [44,45].

2.3. Gradient Descent Clusterings

The majority of the previous GD-based clustering papers used it to optimize the
proposed clustering objective function. For instance, the authors in [46] proposed a new
graph cut clustering. They derived the graph cut using the Parzen windowing; then, they
used GD for optimizing the proposed graph cut. In [47], it was employed to optimize the
Gaussian kernel density estimators; similarly, ref. [48] used this optimization algorithm to
learn Gaussian mixture models parameters. The methods proposed in [49,50] exploited
GD to improve the K-means clustering performance; and the authors in [51] applied it
for fuzzy clustering. While the previous works were devoted to partitional clustering,
the authors in [52] adopted gradient descent for hierarchical clustering by embedding the
representation of tree structures in hyperbolic space.

On the contrary, there are few papers in which they used GD for cluster refinement
purposes or fine-tuning the parameters of the proposed methods. For instance, in [53],
a fuzzy clustering method was proposed, and GD was used to fine-tune the parameters of
the constructed fuzzy model to obtain a more accurate fuzzy model from the given input—
output data. The authors in [54] used fuzzy clustering methods to construct the similarity
matrices of each partition. Next, they aggregated partitions employing the direct sum of
weighted vectors. Finally, the ultimate membership matrix was calculated by optimizing
the sum of square errors through the gradient descent method.

3. Methodology
3.1. Problem Formulation, Notation and Motivation of the Proposed Method

Consider a set of N data points X = {x;} V| forx; € RV, where V is the dimensionality
of the data points. Our goal is to partition X into K subsets, S = {sk}{f:l, such that (i) the
within-cluster data points are as homogeneous as possible and (ii) the between-clusters
data points are as heterogeneous as possible. To accomplish our goal, as a standard practice,
we associate each subset with the so-called cluster centroid ¢; forming our set of centroids
C. Then, we define the following clustering criterion:

K N
F(X,8,C)=3 ) f(xi%) ¢))
—1i=1

where f : X x C — R represents a (generic) distance function that will be applied to
measure the distance between the data point x; and the centroid c.

In principle, optimizing clustering criterion (1) in a reasonable time depends on (i) the
availability of any prior knowledge, including the number of clusters, (ii) the expected
cluster membership type, i.e., being crisp or fuzzy, and (iii) the choice of the distance
function, i.e., being differentiable or not. For instance, by defining f to be the Euclidean
distance and pursuing the alternating optimization algorithm, for a given number of
clusters, the popular K-means method [4] can be obtained. In contrast, using the same
distance function in the one-by-one cluster extracting strategy [55], when the number of
clusters is not known, leads to the i-K-means method [56]—it extended to a more complex
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data structure in [57] recently. Interested readers may advise [20,56] for more details on
clustering methods and [58] about generic optimization algorithms.

The authors in [58], a recent and comprehensive textbook on optimization algorithms,
categorized the existing algorithms into eight families of methods, as shown in Figure 2.
They explained the conditions for which each family is applicable and discussed the
challenges and limits of the algorithms under consideration. Among those possible options,
due to the simplicity, intuitiveness, and yet proven effectiveness of the derivative-based
methods, we were interested in applying them. This family can be further categorized into
first-order and second-order methods, for which, in the multivariate optimization setting,
the former relies on gradients, and the latter relies on Hessian information to direct the
search to find an optimum.

Optimization

RN

o . . 5 4 Sampling Optimization Multidisciplinary
SevEes Sreckeing Stocheste incertncertainty Desion

Figure 2. The first level of optimization algorithms taxonomy introduced in [58].

Although the second-order methods are proven to be more effective than first-order
methods, as we observed in our preliminary experiments, they suffer from expensive
computational complexity. Therefore, despite some of the disadvantages of the first-order
methods such as their sensitivity to seed initialization or the step size, the possibility of
being stuck in local minima or close to the global minimum, etc., we decided to proceed
with first-order methods. This set of methods starts from a random initial point, and based
on the fact that the negative of the gradient represents the steepest descent, iteratively
modifies the initial guess to find a minimum using the gradient information.

In this work, we assumed that the clusters are crisp, and their number, K, is given.
Moreover, although any differentiable distance function can be exploited, we limit our
choice to the Minkowski distance with p-values limited to 1 < p < 4. This setting enables
us to adopt the celebrated gradient descent optimization algorithm, a well-known and
popular member of first-order-derivative-based optimization methods, for the task of
cluster recovery. Since gradient descent is an iterative method, we should update our
notation by adding subscript () to reflect the concept of iterations. Concretely, we denote

the set of cluster centroids at iteration t with C(f) = {c,(ct) }le. Similarly, we denote the set

of detected clusters at iteration f with $() = {s](ct) }521.

3.2. Gradient Descent Clustering Methods

Our proposed gradient descent clustering (GDC) method consists of three constituents:
(A) cluster assignment criterion, (B) cluster update rules and (C) convergence condition. In
the remainder of this subsection, we explain them.

The first constituent of GDC, the cluster assignment criterion, is shown in Equation (2):

Wg;cﬂinf(xluc,ﬂ”) < fxi, ), Vi £k. @

that is, at iteration ¢, the data point x; will be assigned to the cluster k for which its distance
to the centroid c,(ct), is minimum.

The second constituent of GDC, i.e., the update rule, in its Vanilla form is explained in
Equation (3):

c,((tﬂ) = c,((t) — ”‘ch)f("i'cl(ct))' (3)
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where a represents the so-called step size, and Vc,((t) is the gradient of the distance function,

f, with respect to the k-th centroid at iteration t evaluated with the data point x;. It ought
to point out that our preliminary experiments, aligned with the results of [59], showed
that the per-data-point, or online, update rule is significantly more efficient than the batch
version of the gradient descent algorithm; therefore, we always update the centroids in an
online manner.

Furthermore, our unreported experiments were aligned with the well-known fact
that the Vanilla update rule, i.e., Equation (3), is prone to slow convergence, especially at
nearly flat surfaces [58]. To tackle this issue, accumulating momentum was proposed [60].
However, this accumulation may lead to overshoots at the valley floor; to avoid the
overshooting, we exploit the Nesterov-accelerated momentum [61] to modify the gradient
at the projected future position as follows:

v(t+1) — ,Blv(t) — (XVCI(:)f(Xi + ﬁlv(t),cl(:)) (4a)

) = ) 4 (D) (4b)

where v(!) is the so-called momentum vector, with initial values of zero, and is the ac-
cumulation of the gradient’s history up to iteration t. The coefficient B; € [0,1) is a
hyperparameter that decays the momentum. We empirically study its impact and show
that any value € [0.3,0.6] leads to superior results. It is noteworthy to add that since at
each iteration, we compute the gradients of f with respect to the closet centroid of x;, thus,
adding v{*) to x; usually has a desirable impact. More precisely, consider the ideal situation
for which the data and the momentum vectors point to the same direction in the (feature)
space. Thus, this addition decreases the gradients, which is desirable to avoid overshooting.
Meanwhile, the first term in (4a) provides additional momentum for going down the hill.
However, in less ideal circumstances, this addition may have less desirable influences, and
this negative influence becomes more exaggerated when some of the components of the
gradient vectors (or the momentum) have constantly high values: for which they nega-
tively influence the update direction. The adaptive gradient optimization methods [62-64]
have been proposed to dull the effect of such components. We postponed applying those
methods to our future studies.

One may consider at least the five following options for the last constituent of GDC,
i.e., the convergence condition:

1. Applying the principles of first-order and second-order necessary conditions for
optimality;

2. Monitoring the obtained results by a user, i.e., by mapping clustering results to an
external source of knowledge;

3. When the value of loss function, i.e., Equation (1), is lower than a threshold, say,
for instance, a percentage of data scatter;

4. When no significant improvements occur in the minimization of the loss function (or
clusters inertia) in a pre-specified patience period;

5. When the number of iterations reaches its maximum.

We tried hard to establish a stopping condition using the item (1). Although in our
preliminary experiments, we obtained ARI = 0.91 for the IRIS dataset, we failed to compute
the Hessian matrix for large datasets, and therefore, we postponed this direction to our
future studies. Moreover, the second and third options require domain knowledge and
thus are out of the scope of the current study, and interested readers may consult Section
6.4 of [56] for more details.

We proceed in our computations with the fourth and fifth items. Nevertheless, in the
synthetic datasets, where we could adjust the complexity of data, we noticed that the
so-called patience period, the period in which we monitor the reduction of the clusters’
inertia, significantly depends on the complexity of the dataset, developing a new method
to assess the complexity of data that is required, and currently, this option is not applicable.
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However, we assigned a high priority to this development in future research directions.
Consequently, in the rest of our computations, we used the fifth item as the convergence
condition and empirically scrutinized it.

We summarized our proposed gradient descent clustering method using the Nesterov
momentum update rule in Algorithm 1, and we call it Nesterov momentum Gradient
Descent Clustering (NGDC).

Algorithm 1: Nesterov momentum Gradient Descent Clustering (NGDC)

Input: X: Data set; K: number of clusters.
Hyperparameters: a: step size; T: maximum number of iterations; 7: the loss
function upper bound; 1: momentum decay coefficient.
Result: S = {sl((t) },Ile % set of K binary cluster membership vectors;
C= {c,(f) }K_| % set of K centroids in feature space.
Initialize: Randomly initialize C and S.
fort € Range(T) do
for x; € X do
find k using Equation (2) and set i-th entry of the s,((t) to one;
update clusters using the Equation (4);

if Equation (1) < T then
| Halt.

end
end
end

The Python implementation of our proposed methods, the code for applying all of the
methods and the metrics under consideration, and the entire datasets used in this study
are publicly available at https://github.com/Sorooshi/NGDC_method.git, accessed on 19
April 2023.

4. Experimental Setting to Validate and Compare the Performance of the
Proposed Methods

We conducted our computational experiments to (A) study the characteristics of the
hyperparameters of the NGDC to propose sustainable default values and (B) empirically
validate and compare the performance of our proposed method with the most popular
and effective clustering methods from the literature. Concerning those objectives, our
computational experiment consists of the following constituents: (1) the set of methods
under comparison; (2) the set of data under consideration; (3) the evaluation criterion for
assessing the experimental results; (4) the pre-processing technique applied to standardize
the datasets; In the rest of this section, we described each of them separately.

4.1. Competitors

We compared the performance of the NGDC with four popular clustering methods
from the literature: namely, agglomerative [28], K-means [4], Gaussian mixture models [27]
(GMM), and spectral [65] clustering methods. The reason behind our choice of competitors
was four-fold: (i) we limit our choice only to those methods for which they have a reasonable
number of hyperparameters, (ii) they require a given number of clusters, (iii) they have a
proven history of applications, and (iv) their source code is publicly available. It ought to
be mentioned that although clustering is still a relatively trendy research topic, however,
according to [1], an overwhelming majority of recent research endeavors concentrate on
the adoption of clustering methods in different disciplines: to the best of our knowledge,
there are no more recent approaches that suit our selection criteria.

Agglomerative clustering starts with N singleton clusters with each data point as-
signed to a cluster, recursively, in a hierarchical manner. At each step, it merges the two
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most similar clusters until only one cluster remains. The output is a tree structure in which
the root node represents the entire dataset. We provide the pseudo-code of this clustering
method in Algorithm 2.

Algorithm 2: Agglomerative clustering

Initialize N singleton clusters: fori <— 1to N do ¢; « {i};
Initialize set of available clusters to be merged: S < {1,2,...,N};
repeat
select two most similar clusters to merge: (j, k) «— argmin;ycs d;;
create new cluster ¢; <— cjUcks
extract j and k from list of available clusters: S <— S\ {j, k};
ifc; #{1,2,...,N} then
| add ! to list of available clusters to merge: S <— SU {I};
end
for i € Sdo
| update the dissimilarity matrix d(i, [);
end
until only one cluster remains;

Essentially, depending on how we measure the dissimilarity between the pairs of
clusters, we categorize agglomerative methods into (1) single linkage, (2) complete linkage
and (3) average linkage. The single linkage minimizes the distance between the closest data
points of pairs of clusters. Formally, for any two given clusters A and B and the selected
distance metric d; ;:

dsi(A,B) = min d;;,

st ) icAjeB g
the result of this category is a minimum spanning tree: a tree that connects all of the data
points in a way that minimizes the edge weights. The complete linkage minimizes the

maximum distance between data points of pairs of clusters. Similarly:

dcL(A,B) = i&?élgdi,jl

the complete linkage results in more compact clusters in comparison with the single
linkage variant. The average linkage compromises between the two previous options
by minimizing the average of the distances between all data points of pairs of clusters:

formally,
1

dar(A,B) = d; ;.
AL( ’ ) N,Np iGZA]'GZB i,j

where N4 and Njp are the cluster cardinalities of A and B, respectively. Although d4; is
sensitive to outliers and any changes in the measurement scale may change the clustering
outputs, usually, it results in relatively compact clusters which are relatively far apart from
each other. Therefore, in our experiment, we used this linkage method with the Euclidean
distance metric.

Agglomerative clustering suffers from (i) expensive computational complexity O(N%)—
or in the best-case-scenario, O(N?log N), (ii) ambiguity in the definition of similarity,
and (iii) it is just an algorithm, not a model, so assessing its goodness is difficult. The K-
means methods address these issues.

K-means clustering uses the alternating optimization algorithm, that is, given the
number of clusters K and N data points X = {x;}},, at first, it initializes K random
centroids cy; then, it alternates between the cluster assignment and centroids update steps
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until convergence. In the cluster assignment step, each data point x; is assigned to its closest
centroid:
; 2
zi = argmin||x; — cx|l2,
k

The cluster centers are updated:

where Nj is the cardinality of cluster k. K-means is sensitive to random initialization.
In our experiments, to make a fair comparison, we always applied all of the methods under
consideration, including K-means, with ten random initializations and selected the best
results with respect to cluster inertia (squared sum of the data points of a cluster with its
centroid). We summarized the alternating optimization algorithm focusing on K-means
clustering in Algorithm 3.

Algorithm 3: Alternating optimization algorithm (K-means)

Randomly initialize K centroids c;

repeat
z; = argmingd(x;,¢;) fori =1: N; % E-step of EM
Ck = Nik Yoiiz—k Xi % M-Step of EM

until convergence;

The underlying assumption of the K-means clustering is (i) all clusters have the same
spherical shape and (ii) all clusters can be described by Gaussian distributions in the input
space. While the former assumption is relatively restrictive, the latter implies that K-means
cannot be applied to discrete data. The mixture models were developed to tackle these
issues. In our opinion, the second issue can be addressed by quantitative enveloping of the
categories of discrete data using dummy variables (also known as one-hot encoding). Thus,
we will focus on Gaussian mixture models (GMMSs) to address the first issue.

Gaussian mixture models (GMMs) clustering can be considered as a generalization
of K-means clustering. It also exploits the alternating optimization strategy, which is
usually referred to as the expectation maximization (EM) algorithm in this context. Given
the dataset X = {x,-}ili ; and a set of parameters of multivariate normal distribution,
ie,0={(%, yk)}{f:l, each iteration consists of two steps. In the first step, i.e., the E-step,
we compute the expectations, or the responsibilities of latent variable z; (associated with
cluster k) for generating data point x; given the current parameters:

o _ mep(xi|6)
rik = Pz = k0) = Yk T p(xi| O ) ©)

In the M-step, we maximize the complete data log-likelihood:

LL() = B| Y tog plzim) +log p(xi=i )| )
i

=E [Z (bgl’[ 7&) +log (H N (il zwﬂ} (6b)

i k k
=2 ) Elzillog me + ) ) Elzik) log N (i px, Z) (6¢)

ik ik

where z;; = I(z; = k) is the one-hot encoding of the latent categorical value z;, and
T = % Y. rix is the mixture weight. Depending the type of covariance, X, different

versions of GMMs will be obtained. In this work, we assigned a full covariance matrix
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to each component, and we used K-means to initialize the parameters. It ought to be
mentioned that for the sake of fairness in our comparison, we assigned one cluster to
each component.

Spectral clustering is a set of combined approaches based on the eigenvalue analysis
of a graph’s adjacency matrix W and K-means clustering. The goal is to partition the graph
into Sy, ..., Sk disjoint partitions which minimize some kind of cost. To this end, at first, we
consider every data point x; as a node, and the edge i — j represents the similarity measure
between two data points. A natural choice of the cost function is to calculate the edge
weights of nodes in each cluster to nodes outside each cluster:

1 & .
cut(Sy,...,Sk) = 5 ZW(Sk/Sk) (7)
k=1

where W(A, B) = Yieajepwijand Sy = {1,...,K} \ S is the complement of Sy. The cut
has a trivial optimal solution when each node is assigned to a cluster. To tackle this issue,
the normalized cut is proposed:

1 K cut (S, S)
Ncut = E k:Zl W (8)

where V(S;) £ Y ica d;i denotes the total weight of set A and d; = Z]N: 1 Wjj is the weighed
degree of node i. Optimizing Ncut is NP-hard. We can relax Ncut optimization by using
the Laplacian matrix defined as L £ D — W, where W is a symmetric weighted adjacency
matrix and D = diag(d;) is a diagonal matrix containing the weighted degree of each node,
di = ) jwjj. Itis proven that the set of eigenvectors of L with zero eigenvalues spans K
connected components of the graph: thus, one can apply K-means on the matrix U, derived
from the K eigenvectors with the smallest eigenvalue in its column, to recover the clusters.

4.2. Datasets

We scrutinized the performance of the methods under consideration using both real-
world and synthetic datasets. The following two subsections describe each of them.

4.2.1. Synthetic Data

We applied the mechanism proposed in [66], which was later used in various papers,
for instance [67-69], to generate our synthetic data. In this mechanism, first, we needed
to determine the number of data points N, clusters K, and features V. Next, the clusters’
cardinalities were determined randomly with two constraints: (a) no cluster should contain
less than a pre-specified number of data points (we set this number to 30 in our experiments),
and (b) the number of data points in all clusters should sum to N. Once the cluster
cardinalities were determined, we generated each cluster from a multivariate normal
distribution whose covariance matrix was diagonal with diagonal values derived uniformly
at random from the range [0.05, 0.1]—they specify the cluster’s spread. We generated each
component of the cluster centroid uniformly random from the range {[—1, +1], where
{ € A controls the cluster intermix: the smaller value of , the higher the chance that
data points from a cluster fall within the spreads of other clusters. Figure 3 depicts four
examples of the generated datasets with V = 10 for { = 0.35 and ¢ = 0.95 for N = 2000.
The upper row visualizes five clusters, whereas the lower row shows 15 clusters.

As mentioned earlier, we generated synthetic data for two purposes: (A) to scrutinize
the impact of the hyperparameters of our proposed methods and (B) to validate and
compare the performance of our methods with other works from the literature. Concerning
objective (A), with N = 2000 and V = 10, we generated datasets for two numbers of
clusters k = 5,10 and three distinct cluster intermix probabilities { = 0.35,0.65,0.95. These
(synthetic data generator’s) settings led to six configurations as summarized in Table 1. We
repeated each configuration ten times, yielding 60 distinct datasets. We referred to these
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datasets as “hyperparameter-scrutinizing data.” Concerning objective (B), we studied the
performance of methods under consideration for different numbers of clusters K = 2,10, 20,
numbers of features V = 2,5, 10, 15, 20, 200, data points N = 1000, 3000 and cluster intermix
probabilities { = 0.4,0.8, as summarized in Table 1. These settings led to 72 configurations,
each repeated ten times, yielding 720 distinct synthetic datasets. We called these datasets
as “comparison data”. We ran each method with ten random seed initializations and chose
the one that led to the best cluster inertia; then, we reported the averages and standard
deviations of ten datasets of each configuration.

-15

=20

() ()

Figure 3. Scatter plots of the top two principal components of four synthetically generated data

with ten features and 2000 data points at different cluster intermix probabilities { = 035,0.95 and
two distinct numbers of clusters K = 5, 15. The value { controls the clusters’” intermix: the smaller
the g, the greater the intermix. (a) { = 0.95,K = 5; (b) { = 0.35,K = 5; (¢) { = 0.95,K = 15;
(d) { =0.35K=15.

Table 1. Synthetic datasets configurations to study the hyperparameters of proposed methods
(six configurations) and to validate and compare the methods under consideration (72 configurations):
each case consists of 10 repeats summing up to 780 datasets.

Generator Hyperparameter-Scrutinizing Comparison
Parameters Values Values
Clusters (K) 5,15 2,10, 20
Features (V) 10 2,5,10, 15,20, 200

Data points (N) 2000 1000, 3000
Clusters intermix ({) 0.35, 0.65, 0.95 0.4,0.8

4.2.2. Real-World Data

We used 11 real-world datasets to validate and compare the performance of the
methods under consideration. We downloaded ten datasets from the popular UCI Machine
Learning repository [70] and the Chernoff Fossile dataset from [71]. We summarized the
characteristics of these datasets in Table 2.
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Table 2. The real-world dataset’s characteristics.

Dataset Points Features Clusters

Breast Tissue 106 9 6

Ecoli 336 7 8

Fossil 87 6 3

Glass 214 9 6

Iris 150 4 3

Leaf 340 15 30

Libras Movement 360 90 15

Optical Recognition 3823 62 10

Spam Base 4601 57 2

Pen-Based 7494 16 10
Recognition

Wine 178 13 3

4.3. Evaluation Metric

We assess the performance of the clustering methods utilizing the normalized mutual
information, NMI [72]. The NMI is a popular metric based on the concept of entropy to
quantify the similarity between the cluster recovery results, S = {S k}szl, and the ground
truth T = {T;}}_,. Concretely, given S and T, NMI relies on the so-called contingency
table, a two-way table whose rows correspond to components S (k = 1,2,...,K) of
S, and the columns correspond to components T; (I = 1,2,...,L) of T, such that its
(k, I)-th entry is "kl = |Sx N Tj|. The marginal row and marginal column, in respect, are
defined as ay = Y-b , njy = |S| and b; = YK | nyy = |Tj|. The probability that an object
picked at random falls into Sy is a(k) = a;/N. Similarly, the probability that an object
picked at random falls into T is b(I) = b;/N. Therefore, we define the entropy of S as
H(S) = — YK a(k)log(a(k)). Similarly, we define H(T) = — Y=, b(I) log(b(l)) as the
entropy of T. Thus, the mutual information (MI) between S and T is calculated using;:

_ K& 1 Pk 9
= 2 L losgr b)) ®)

where py; = ny;/ N is the probability that an object picked at random falls into both Sj and
Ty(k=1,2,...,K; 1 =1,2,...,L). Therefore, normalized mutual information is defined as

MI(S,T)

NMI =  TH(S), H(T))"

(10)

For the NMI € [0, 1], the closer its values are to one, the better the match between the
clustering results and the ground truth and vice versa.

4.4. Data Pre-Processing

To pre-process the data, we used the so-called Min-Max standardization technique.
Let X = {x;,}I\, foro =1,...,V, where V is the number of features, represent the dataset.
In addition, let x,, and x,, represent the minimum and maximum of feature v for the
entire dataset. The Min—-Max method standardizes the data point x5, = % such that
Xip € [0,1]. Although it was empirically shown, for instance in [67], that the clustering
result might differ depending on how the data were standardized, due to the intuitiveness

of the output of the Min-Max technique, we chose it as the default for our experiments.

5. Scrutinizing the Hyperparameters of the NGDC Method

Our proposed method contains two hyperparameters: (i) step size a and (ii) momen-
tum decay coefficient 81. Moreover, similar to other gradient-descent-based algorithms,
the convergence of NGDC and its sensitivity to random seed initialization needed to be
scrutinized. Consequently, we designed our hyperparameter-scrutinizing datasets, consist-
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ing of 60 synthetic data configurations, and summarized them in Table 3 to scrutinize these
four items empirically.

Table 3. The hyperparameters’ search space of the proposed methods.

Hyperparameters Values
Seed initialization 1,5, 10, 20
Step size («) 0.0001, 0.001, 0.01, 0.1,0.2, 0.5
Number of Iterations (T) 5,10, 20, 40
Momentum decay (1) 0.01,0.1,0.3,0.6,0.9,0.99
Minkowski p-values 1,15,2,25,3,35,4

5.1. Random Seed Initialization

The NGDC method is non-deterministic, implying that different seed initializations
lead to different results. In supervised learning, where the evaluation of results due to
the existence of ground truth is easily feasible, it is recommended to apply the (non-
deterministic) algorithm under consideration with different random seed initializations
and select the one which leads to more desirable results. Although in clustering there is
no ground truth available, still, this framework can be applied by considering the value
of the clustering criteria or any other accessible external source of information to evaluate
the results. In this work, our goal was to scrutinize the hyperparameters and validate our
proposed method empirically. Thus, we ran the NGDC method with the hyperparameter-
scrutinizing data with four different numbers of random seed initialization, n_init, and
reported the results concerning the NMI in Table 4.

Table 4. Studying the impact of different seed initialization using NMI values at fixed « = 0.01,
B1 = 0.45 and the maximum number of iterations equal to ten.

K 4 n_init =1 n_init =5 n_init =10 n_init = 20
0.35 0.540 = 0.052 0.561 = 0.055 0.567 + 0.054 0.571 = 0.056
5 0.65 0.714 = 0.075 0.758 = 0.076 0.856 = 0.063 0.886 = 0.062
0.95 0.851 = 0.074 0.944 + 0.068 0.963 + 0.049 0.993 = 0.010
0.35 0.400 = 0.046 0.412 + 0.050 0.413 = 0.049 0.417 + 0.048
15 0.65 0.815 + 0.032 0.839 + 0.024 0.848 + 0.033 0.863 + 0.029
0.95 0.898 + 0.030 0.930 + 0.015 0.948 + 0.012 0.953 = 0.009

The reported results of this table strongly suggest repeating the seed initialization at
least five or ten times. Although the higher the number of seeds initialization, the better the
performance of NGDC, still, the reported difference between 10 and 20 seeds initialization,
in our opinion, is application-dependable. In addition, if the time has higher priority than
accuracy, this difference can be neglected. In the rest of our computations, we use ten
seeds initialization.

5.2. Convergence and the Number of Iterations

The convergence of gradient descent algorithms in the supervised learning tasks with
random initialization has been well-studied and (under specific conditions) proved to
be convergent; for instance, refer to [73,74] for more details. In our opinion, this subject
deserves independent research devoted to clustering, and therefore, in the current study,
relying upon the results of the two papers mentioned earlier, we limited our analyses to
the impact of different numbers of iterations on the quality of the recovered clusters using
the NMI values.

Relying on the number of iterations has its advantages and disadvantages. The main
advantages are (i) not limiting the choice of the distance functions in the central loss
function shown in Equation (1), and (ii) the termination of the NGDC is guaranteed. The
disadvantages are that (i) the inappropriate number of iterations may lead NGDC to be
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stuck in local minima or pass a global minimum; and (ii) an external source of knowledge
for assessing the quality of obtained results might be required for further adjustments.

Table 5 represents the results of our investigation on the number of iterations. Taking
an attentive look at these results, one can conclude that in the majority of settings, the higher
the number of iterations, the larger the value of NMI. However, except for one case,
ie., (K=5, { = 0.65), in the rest of the cases, the improvement obtained by setting the
number of iterations to more than 10 is insignificant (approximately less than 1%) and can
be ignored. In our opinion, this exception (the second row) includes instances of the first
disadvantage discussed earlier.

Table 5. Studying the impact of different numbers of iterations using NMI at fixed « = 0.01, 1 = 0.45
and 10 random seeds initializations.

K 4 T=1 T=5 T =10 T =20 T =40
0.35 0.426 £ 0.045 0.567 £0.054 0.565+0.055 0.567 +0.056 0.571 +0.055

5 0.65 0.749 £ 0.076  0.838 £ 0.097 0.856 +£0.063 0.779 +0.068  0.786 + 0.079
0.95 0.873 £0.043 0.974+£0.037 0.976+0.043 0.973+0.030 0.976 + 0.035
0.35 0.315+0.043 0.404+0.051 0.418=+0.051 0.419+0.048 0.423 +0.046

15 0.65 0.716 £ 0.030 0.842 +0.026  0.848 +£0.033 0.860 + 0.027  0.869 + 0.026
0.95 0.864 £ 0.015 0.930 £0.013 0.953 £0.009 0.954 +0.013 0.961 +0.016

5.3. Step Size

Assuming that the loss function under consideration is convex and differentiable,
i.e., its gradient is Lipschitz continuous with a constant L, it is not hard to prove its conver-
gence. However, finding the constant L to adjust the proper step size is computationally
expensive, and intuitively, numerical fine-tuning the step size has become a common
practice in supervised learning. Following this convention, we studied the impact of the
step size with the fixed number of iterations, in our case equal to ten, and applied NGDC
to each dataset with ten different seeds.

We reported the results of our investigations to fine-tune the step size in Table 6. From these
results, it is not hard to conclude that the appropriate step size should be set to 0.01.

Table 6. Study of step size («) with fixed n_init = max_iter = 10, u = 0.9 and p-value = 2. The best
results are bold-faced.

Configuration « = 0.0001 a = 0.001 « =0.01 a=0.1 a=02

K e NMI NMI NMI NMI NMI
0.35 0.342 £0.060 0.524 £0.057 0.539+0.052 0.003 +0.002  0.000 + 0.000

5 0.65 0.734 £0.078 0.806 £0.088 0.766 + 0.063  0.005 + 0.003  0.000 + 0.000
0.95 0.885+0.062 0.950 +0.034 0.990 +0.011 0.004 + 0.001  0.000 + 0.000
0.35 0.287 +£0.039 0.344+0.045 0.388+0.048 0.006 +0.007  0.000 + 0.000

15 0.65 0.666 £0.038 0.770 £0.026  0.844 +0.036  0.008 + 0.008  0.000 + 0.000
0.95 0.840 £0.020 0.913£0.018 0.953 +0.017 0.015+0.008  0.000 + 0.000

5.4. NGDC Update Rule: By

We scrutinized and recorded the impact of the momentum (j1) in the NGDC update
rule in Table 7. As one can see, unlike the recommended value for this hyperparameter in
classification tasks, usually 0.9, here smaller values of 1, specifically in more challenging
datasets, lead to better cluster recovery results. Since there is no clear-cut edge between
0.3 and 0.6, we suggested fixing the default value to 0.045.
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Table 7. Study of 1 with fixed step size = a = 0.01, n_init = max_iter = 10 and p-value = 2. The best
results are bold-faced.

Configuration B1 =0.01 B1 =01 B1 =103 B1=0.6 B1 =109 B1 = 0.99
K 4 NMI NMI NMI NMI NMI NMI
0.35 0.568 + 0.054 0.568 + 0.055 0.570 + 0.054 0.562 + 0.056 0.539 = 0.039 0.005 + 0.001
5 0.65 0.792 + 0.072 0.785 = 0.054 0.837 % 0.102 0.804 = 0.090 0.766 = 0.063 0.013 + 0.008
0.95 0.975 = 0.032 0.960 = 0.048 0.953 + 0.052 0.992 + 0.009 0.990 + 0.011 0.011 = 0.005
0.35 0.418 + 0.053 0.417 + 0.049 0.417 + 0.049 0.416 + 0.048 0.388 + 0.048 0.025 + 0.001
15 0.65 0.844 + 0.031 0.850 + 0.038 0.849 + 0.028 0.850 + 0.029 0.844 + 0.036 0.028 + 0.002
0.95 0.951 +0.014 0.955 £ 0.018 0.947 = 0.012 0.943 +0.018 0.953 + 0.017 0.029 + 0.002
5.5. Tuned Parameters
In this section, we empirically scrutinized the impact of different hyperparameters of
the NGDC method to propose the default values. Considering our experimental results, we
propose the following default values: (i) the step size « = 0, 01; (ii) the momentum decay
coefficient, B1, for any value in the range [0.3,0.6], we fixed it to 0.45; (iii) the number of
seeds initialization, n_init = 10; and (iv) the number of iterations, T = 10.
It ought to be mentioned that not only our proposed methods but also some of our
competitors can adopt different distance functions. For instance, the K-means clustering
with cosine distance has proven to be an efficient alternative to the innate Euclidean
distance as reported in [75]. However, to maintain a fair comparison in the rest of our
computations, we fixed p = 2 that imitates the innate Euclidean distance in the majority of
the clustering methods.
5.6. p-Value in Minkowski Distance
As mentioned earlier, one of the contributions of our proposed method and our
software implementation is its flexibility for accepting any differentiable distance function.
We used the Minkowski distance with p-values bounded in [1.0,4.0] and ran the NGDC
method at the hyperparameter-scrutinizing datasets to demonstrate this advantage. We
reported the corresponding results in Table 8.
Table 8. Study of p-value with fixed step size & = 0.01, n_init = 10, ; = 0.9 and max_iter = 10.
The best results are bold-faced.
Configuration P=1 P=15 P=2 P=25 P=3 P =35 P=4
K 4 NMI NMI NMI NMI NMI NMI NMI
0.35 0.056 +0.020  0.449 =0.060 0.544 +0.056 0537 +0.057 0504 +0.064 0458 +0.068 0.391  0.063
5 0.65 0353+0.076 0.775+0.091 0.806 =0.065 0.849 £0.082 0.840+0.092 0.816 +0.070  0.772 + 0.047
0.95 0.705+0.109  0.982+0.019 0970+0.044 0974+0.032 0.953+0.044 0.945+0.038 0.942 + 0.028
0.35 0.109 £0.014 0.340+0.047 0.384+0.051 0376+0.048 0344 +0.043 0312+0.040 0.285+0.035
15 0.65 0.360 =0.055 0.826 +0.033  0.848 +£0.033 0.834+0.037 0.793+0.035 0.750+0.042  0.676 + 0.039
0.95 0.686+0.047 0.953+0.010 0.949+0.016 0936+0.016 0916+0.021 0.895+0.014  0.854 + 0.028

From Table 8, one can observe that not only p-value equal to 1.5 in two configurations
has an edge over the others, but also the p = 2.5 led to winning the competition when the
cluster overlap probability is equal to 0.65 and there were five clusters.

6. Experiments
6.1. Experimental Results at Real-World Data

We reported the comparison results of the methods under consideration using 11 real-
world datasets in Table 9. Considering the number of wins, the NGDC won eight competi-
tions, which turned it into the overall winner. Agglomerative clustering, by winning three
competitions, can be considered the second winner.
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Table 9. Comparison on real-world datasets with n_init = 10. The best results regarding NMI are

bold-faced.

K-Means GMM Spectral Agglomerative NGDC
Breast Tissue 0.515 + 0.020 0.381 + 0.047 0.462 + 0.030 0.419 + 0.000 0.549 + 0.017
Ecoli 0.599 + 0.010 0.388 + 0.061 0.559 + 0.007 0.667 + 0.000 0.630 + 0.024
Fossil 1.000 = 0.000 0.687 + 0.242 1.000 £ 0.000 1.000 = 0.000 1.000 = 0.000
Glass 0.338 + 0.018 0.331 +0.035 0.277 £ 0.001 0.294 + 0.000 0.387 £ 0.031
Iris 0.742 + 0.000 0.629 + 0.032 0.658 + 0.000 0.784 + 0.000 0.766 + 0.020
Leaf 0.648 + 0.010 0.589 +0.013 0.622 = 0.017 0.621 + 0.000 0.653 + 0.009
Libras Movement 0.597 + 0.015 0.197 +0.019 0.563 + 0.016 0.563 + 0.000 0.602 + 0.012
Optical Recognition 0.761 + 0.011 0.387 + 0.068 0.699 + 0.001 0.733 + 0.000 0.774 + 0.019
Spam Base 0.085 +0.115 0.080 +0.043 0.004 + 0.000 0.001 + 0.000 0.259 + 0.003
Pen-Based Recognition 0.692 + 0.006 0.691 + 0.034 0.692 + 0.000 0.635 + 0.000 0.708 + 0.010
Wine 0.846 + 0.006 0.332 £ 0.107 0.909 + 0.000 0.018 + 0.000 0.858 = 0.012

We ought to highlight the following intriguing observations about NGDC performance:
(i) it won in approximately 73% of the real-world data; (ii) it obtained a relatively acceptable
NMI equal to 0.55 at the breast tissue dataset which is approximately 4% higher than
its closest competitor; (iii) similarly, using the glass dataset, it outperforms its closest
competitor with approximately 5% better NMI; (iv) except for NGDC, which obtained a
poor NMI value equal to 0.26, the rest of the methods under consideration failed to detect
the clusters in the spam dataset. All these observations can be considered as pieces of
evidence for the robustness and effectiveness of our proposed method. Nevertheless, we
should emphasize that spectral clustering has a significant edge over its closest competitor,
NGDC, in the wine dataset. More interestingly, except for GMM, the rest of the methods
performed faultlessly on the Fossil dataset.

6.2. Experimental Results Using Synthetic Data

In this section, we compared the performance of our proposed methods with four
popular and effective clustering methods described in Section 4.1 using our comparison
datasets as outlined in the second half of Table 1.

We summarized the methods’ performance for the case of two clusters with 1000 and
3000 data points in Tables 10 and 11, respectively. In both tables, NGDC, with slightly better
results compared to its closest competitors, can be considered the overall winner. However,
its unstable performance in Table 10 with 200 features and { = 0.4, leading to NMI equal
to 0.6 with a high standard deviation of 0.49, might require further investigations. The
K-means and spectral clusterings each won eight settings in the total of both tables and
can be considered the second winners. Moreover, considering the overall performances
of methods, one may consider the settings with two features as the most challenging,
especially when { = 0.4 and V = 200 as the most straightforward. However, surprisingly,
the GMM failed even in such simple settings, and except for a couple of other simple
settings, i.e., { = 0.8, the GMM performed poorly. Although the agglomerative also did
not perform encouragingly in most settings, it still performed better than GMM.

Table 10. Comparison on synthetic datasets with 1000 data points and two clusters. The best results
regarding NMI are bold-faced.

Vv 4 K-Means GMM Spectral Agglomerative NGDC

’ 040 0.257+0.212 0.041 + 0.050 0.255 + 0.215 0.008 + 0.011 0.284 + 0.200
0.80 0.487+0286  0.075+0.119 0484 £0.282  0.180 = 0.354 0.499 + 0.286

5 040 0.538+0.156  0.044 = 0.059 0.537 £ 0.159 0.064 +0.184 0.523 +0.195
0.80 0.876 +0.137 0.106 + 0.087 0.877 = 0.138 0.581 + 0.474 0.837 £ 0.201

126



Mathematics 2023, 11, 2617

Table 10. Cont.

Vv 4 K-Means GMM Spectral Agglomerative NGDC
10 040 0.562 +0.151 0.415 + 0.145 0.627 + 0.138 0.006 + 0.007 0.685 + 0.175
0.80 0987 +0.033 0976 +0.066  0.990+0.024  0.895=+0.295 0.993 + 0.009
15 040 0.869+0.072 0.754+0294  0.883+0.063  0.268 + 0.399 0.882 + 0.066
0.80  1.000 + 0.000 0.902 + 0.293 1.000 % 0.000 0.999 + 0.003 1.000 £ 0.000
20 040 0.951 +0.039 0.310 + 0.434 0.950 + 0.037 0.281 + 0.428 0.958 + 0.033
0.80  1.000 + 0.000 1.000 * 0.000 0.993 + 0.008 0.997 + 0.010 1.000 * 0.000
200 040  1.000 £0.000 0.000+0.000  0.992+0.016  1.000 + 0.000 0.600 = 0.490
0.80  1.000 + 0.000 0.001 + 0.001 1.000 * 0.000 1.000 £ 0.000 1.000 £ 0.000

Table 11. Comparison on synthetic datasets with 3000 data points and two clusters. The best results

regarding NMI are bold-faced.

1% 4 K-Means GMM Spectral Agglomerative NGDC
, 040 0.306 £0.200  0.168+0.112  0.306 £0.199  0.001 + 0.001 0.313 £ 0.201
0.80 0.584+0.261 0.107+0.104 0574+0.255  0.249 +0.381 0.589 + 0.260
5 040 03950230 0.033+0.047 0.391+0.228  0.002 + 0.004 0.403 + 0.224
0.80 0.844+0.140 0.339+0.276  0.858 £0.135  0.463 + 0.465 0.852 +0.141
10 040 0.750+0.165 0.015+0.014 0.748+0.165  0.089 + 0.264 0.757 £ 0.165
0.80 0969 +0.064  0.028+0.030 0970+0.062  0.884 +0.294 0.972 + 0.061
15 040 0.835+0.111  0.018+0.014  0.834+0.109  0.001 + 0.001 0.843 + 0.108
0.80  1.000 £0.000 0.118 £0.295  0.999 +0.002  0.998 + 0.004 1.000 + 0.000
20 040 0918+0.069  0.844+0283  0.926+0.061  0.095+ 0.280 0.922 +0.073
0.80 0.999+0.004  1.000+0.000 0.994+0.007  1.000 % 0.000 0.999 + 0.004
200 0.40  1.000 + 0.000 0.001 + 0.001 1.000 = 0.000 1.000 = 0.000 1.000 = 0.000
0.80  1.000 + 0.000 0.000 = 0.000 1.000 £ 0.000 1.000 = 0.000 1.000 = 0.000

We reported the results of methods under consideration with ten clusters and 1000
data points in Table 12, and we show the results of data with 3000 data points and the
same number of clusters in Table 13. Concerning the number of wins, the NGDC and
agglomeration each, in total, won eight settings and thus can be considered the joint
winners. However, it ought to be highlighted that four out of eight wins of agglomerative
clustering were obtained using the most straightforward datasets (the last two rows).
Whilst NGDC also obtained completely acceptable results, it stocked at a local minimum in
some cases. The closeness of NGDC results to the winners in the cases for which it did not
win, for instance, N = 1000, V = 5, 10, can also be considered another piece of evidence for
its effectiveness. The spectral and K-means clusterings, in respect, are the second and third
winners. The GMM still performs poorly; however, it is slightly better than the case of the
existence of two clusters.

Table 12. Comparison on synthetic datasets with 1000 data points and ten clusters. The best results
regarding NMI are bold-faced.

\%4 4 K-Means GMM Spectral Agglomerative NGDC

5 0.40 0.207 £0.040  0.157 £ 0.045 0.193 £0.039  0.192 +0.039 0.212 + 0.040
0.80  0.432 +0.041 0.321 +£0.077  0.401+0.030  0.433 =0.038 0.438 + 0.043

5 040 0.350+0.049  0.200 + 0.045 0.285+0.026  0.199 + 0.081 0.358 + 0.046
0.80 0.753+£0.044  0.607 +0.077  0.641 = 0.061 0.711 + 0.063 0.751 + 0.042

10 0.40 0.549 £0.077 0283 +0.072  0.460+0.077  0.251 =0.153 0.546 + 0.075
0.80 0957 £0.029  0.765 + 0.083 0.922 £0.037  0.925+0.027 0.956 + 0.025
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Table 12. Cont.

Vv 4 K-Means GMM Spectral Agglomerative NGDC
15 0.40  0.757 £ 0.050 0.338 + 0.057 0.677 + 0.075 0.363 + 0.196 0.739 + 0.045
0.80 0.940+0.030  0.666 +0.051  0.991+0.011  0.985+ 0.023 0.948 + 0.031
20 040 0.862+0.034 0316+0.016  0.804+0.031  0.566 + 0.125 0.843 = 0.035
0.80 0.993 £0.015 0.676 + 0.051 0.999 + 0.002 0.999 + 0.002 0.970 + 0.014
200 040 0971+0.027  0.023 + 0.003 1.000 + 0.000 1.000 + 0.000 0.916 + 0.020
0.80 0961 +0.027  0.023+0.003  1.000+0.000  1.000 + 0.000 0.930 = 0.027

Table 13. Comparison on synthetic datasets with 3000 data points and ten clusters. The best results
regarding NMI are bold-faced.

1% 4 K-Means GMM Spectral Agglomerative NGDC
2 0.40 0.200 +0.031 0.158 + 0.041 0.193 + 0.029 0.189 + 0.035 0.204 + 0.033
0.80  0.410 +0.052 0.346 + 0.081 0.381 + 0.046 0.415 + 0.062 0.413 + 0.052
5 040 0.348+0.054 0.199+0.056  0.283+0.041  0.169 = 0.101 0.355 + 0.053
0.80 0716 £0.057  0.685+0.138  0.604+0.055  0.743 + 0.062 0.730 = 0.066
10 040 0.579 £0.046 0.327 £ 0.132 0.484 + 0.049 0.032 + 0.045 0.581 + 0.042
0.80 0.920 +0.035 0.892 + 0.041 0.877 + 0.042 0.901 + 0.045 0.927 + 0.021
15 040 0.714+0.051 0552+0.113 0.616+0.050  0.178 +0.218 0.727 + 0.057
0.80 0.935+0.031  0.909=+0.078 0967 +0.039  0.990 + 0.008 0.922 + 0.034
20 040 0.852+0.031 0.635+0.067 0.784+0.036  0.352 +0.263 0.845 = 0.036
0.80 0.956 +0.025 0.834 + 0.086 0.999 + 0.001 0.998 + 0.001 0.967 + 0.019
200 040 0979 +0.014 0.011 + 0.001 1.000 + 0.000 1.000 + 0.000 0.940 + 0.018
0.80 0.974+0.022  0.015+0.003  1.000 +0.000  1.000 + 0.000 0.970 + 0.008

We represented the methods’ results for the case of 20 clusters with 1000 and 3000 data
points in Tables 14 and 15, respectively. Now, the K-means, by winning nine settings, is the
winner, and the agglomerative and NGDC, in respect, by winning eight and seven settings,
are the second and third winners, respectively. Similar to the previous observations, we
noticed similar patterns in the performance of the NGDC and agglomerative clustering
concerning the relationship between data complexity and the quality of the obtained results.
We also observed similar results with subtle improvements in the performances of spectral
and GMM clustering methods.

Table 14. Comparison on synthetic datasets with 1000 data points and 20 clusters. The best results
regarding NMI are bold-faced.

Vv 4 K-Means GMM Spectral Agglomerative NGDC
2 040 0.217 +0.023 0.160 + 0.028 0.191 + 0.025 0.207 + 0.025 0.220 + 0.022
0.80 0.402+0.028 0.333+0.027 0.378+0.024  0.403 +0.033 0.408 + 0.027
5 040 0.325+0.027 0.225 + 0.026 0.286 + 0.020 0.252 + 0.029 0.328 + 0.023
0.80 0.697 £0.048  0.513+0.078  0.601 +£0.043  0.653 + 0.047 0.683 = 0.043
10 040  0.494 +0.043 0.271 + 0.017 0.424 + 0.040 0.307 + 0.046 0.477 +0.029
0.80  0.928 +0.020 0.689 + 0.020 0.914 + 0.018 0.904 + 0.024 0.911 + 0.017
15 040 0.702+0.031  0.350+0.017 0.631+0.026  0.459 + 0.059 0.643 = 0.025
0.80 0.968 +0.013 0.717 + 0.039 0.974 + 0.016 0.979 + 0.012 0.949 + 0.019
20 040  0.837 +0.023 0.376 + 0.021 0.793 + 0.029 0.617 + 0.037 0.768 + 0.035
0.80  0.968 +0.009 0.708 + 0.023 0.999 + 0.001 0.999 + 0.001 0.959 + 0.013
200 040 0963 +0.009  0.082+0.008  1.000+0.000  1.000 + 0.000 0.900 = 0.017
0.80 0.973+0.006 0.083+0.007  1.000+0.000  1.000 + 0.000 0.926 = 0.014
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Table 15. Comparison on synthetic datasets with 3000 data points and 20 clusters. The best results
regarding NMI are bold-faced.

1% 4 K-Means GMM Spectral Agglomerative NGDC
2 040 0179+0.024 0.148+0.026 0.174 + 0.023 0.176 + 0.022 0.182 + 0.023
0.80  0.390 +0.042 0.342 + 0.055 0.373 £ 0.043 0.392 + 0.045 0.394 £ 0.042
5 0.40  0.298 +0.042 0.199 + 0.039 0.264 + 0.038 0.218 + 0.060 0.303 £ 0.042
0.80  0.691+0.025  0.462+0.083  0.581+0.031  0.648 +0.044 0.689 = 0.026
10 0.40  0.486 + 0.040 0.282 + 0.059 0.396 + 0.031 0.220 + 0.057 0.482 + 0.041
0.80 0.919+0.016 0.835 + 0.029 0.889 + 0.024 0.894 + 0.030 0.922 + 0.025
15 040 0.686x0.037  0.433 +0.044 0.586 = 0.045 0.258 £ 0.159 0.670 = 0.034
080 0913+0.016  0.870+0.034  0.937+0.023  0.983 + 0.011 0.914 + 0.016
20 0.40  0.797 £ 0.021 0.480 = 0.045 0.728 £ 0.037  0.538 + 0.087 0.787 £ 0.027
0.80 0.975+0.010 0.815 + 0.043 0.996 + 0.005 0.997 + 0.003 0.961 + 0.005
200 0.40 0.960 +0.013 0.046 = 0.002 0.999 + 0.001 1.000 £ 0.000 0917 £ 0.016
0.80  0.960 + 0.019 0.061 + 0.005 1.000 £ 0.000 1.000 £ 0.000 0.938 + 0.017

It is noteworthy to mention that we ran NGDC with T = 20 and T = 40; however,
since these increases in the number of iterations, as expected, did not lead to significant
improvements, we did not report those results.

7. Conclusions and Future Work

In this work, we proposed a generic clustering criterion and adopted the GD algorithm
to optimize it; our unreported experiments were aligned with the well-known fact that
the Vanilla GD is prone to slow convergence, especially at nearly flat surfaces. Conse-
quently, inspired by the Nesterov momentum, we proposed the NGDC method. As a
by-product of our proposed method, we implemented the NGDC using Jax (an automatic
differentiation library).

The NGDC method contains two hyperparameters: (i) step size & and (ii) momentum
decay coefficient 81. Similar to other gradient-descent-based algorithms, the convergence
of NGDC and its sensitivity to random seed initialization needed to be scrutinized. Conse-
quently, we designed the hyperparameter-scrutinizing datasets consisting of 60 synthetic
data configurations (refer Table 3) to study the items mentioned earlier empirically.

Our investigations on the impact of random seed initialization showed that exploiting
five or ten random initializations is sufficient; therefore, in the rest of our computations, we
set this parameter to ten. Next, we studied the convergence of NGDC. The convergence
of gradient-descent-based algorithms is well-studied, and it is proven that all GD-based
algorithms under a specific set of conditions are convergent: although we think this subject
deserves a separate study devoted to gradient descent adopted for clustering, relying
on the results of previous research, we limited the current study to establish a stopping
condition, i.e., the relationship between convergence and the number of iterations. Our
results demonstrated that usually, NGDC converges within ten iterations; therefore, in the
rest of our computations, we used ten iterations.

Following, we analyzed the impact of step size and momentum decay coefficient
using our hyperparameter-scrutinizing datasets. Our computations suggested that one
can set the step size equal to 0.01 and choose any values from the range [0.3,0.6] for the
momentum decay coefficient; we fixed 1 = 0.45.

Furthermore, our experiments using hyperparameters-scrutinizing datasets showed
that our flexible implementation of the NGDC enables users to adopt any differentiable
distance function for further improvements of the cluster recovery results. More so, we
demonstrated that there were cases in which setting the p-value of Minkowski distance to
1.5 or 2.5 led to higher NMI values than the innate p = 2. One may consider these cases as
preliminary pieces of evidence for a better scalability and generalization power of NGDC.
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Once we fine-tuned the NGDC’s hyperparameters, we statistically validated and
compared its performance with four clustering methods from the literature on 11 real-
world and 720 synthetic datasets. In the real-world data competitions, the NGDC won
approximately 73% of the competitions, turning it into the prevailing winner when using
real-world datasets. More so, for the breast tissue and glass datasets, in respect, it ob-
tained approximately 4% and 5% higher NMI compared to its closest competitor, K-means.
The performance of methods in the Spam and Fossile datasets needs to be highlighted.
For the Fossile dataset, except for GMM with NMI = 0.69, the rest of the methods recov-
ered the clusters without any mistakes. Conversely, in the Spam dataset, except for NGDC
with poor NMI = 0.26, the rest of the methods failed to detect the clusters. Agglomer-
ative clustering by winning three competitions and spectral clustering by winning two
competitions are the second and third winners of real-world data competition.

Similar to real-world data competitions, in the synthetic data competitions, NGDC
won 300 competitions and took first place. K-means won 230 datasets and took second
place. Agglomerative and spectral clustering each won 210 competitions and jointly won
third place. The GMM won only 20 competitions and performed poorly in most settings.

Taking a closer look at synthetic data results reveals the following points: (a) In general,
we have three groups of algorithms. The first group consists of NGDC and K-means with
frequently acceptable performance; the second group consists of spectral and agglomer-
ative clusterings for which they usually performed acceptably on the settings with large
number of features; and the third group contains GMM with frequent poor performances.
(b) Although NGDC frequently performed acceptably; however, it constantly failed to
recover completely faultless clusters when there were more than two clusters, and the
number of features was equal to 200. In our opinion, these nuances in the performance of
NGDC could occur due to convergence near the optimum, while the exhaustive search
in the agglomeration clustering led to faultless recovery. (c) The reason for the constantly
acceptable performance of the K-means might be because the underlying assumption of this
algorithm and our synthetic data were both multivariate Gaussian distributions. (d) The
performance of all methods under considerationinV =2, =04,0.8and V =5, =04
settings were moderate or even poor. This issue can be tackled by using a more powerful
model and the same algorithm.

The current research is not without drawbacks, and those drawbacks form some
aspects of our future research as follows.

The central purpose of the current research was to improve the effectiveness of cluster-
ing methods, and thus, we proposed a generic clustering criterion and used the JAX library
to implement it: with this setting, we equipped users with the possibility of applying a
diverse range of (differentiable) distance functions and adjusting the hyperparameters
depending on the data under consideration. Although we empirically studied the hyper-
parameters of NGDC and proposed some default values, and they proved to be effective,
however, due to the “no free lunch theorem,” we believe developing a novel framework
for employing NGDC in a semi-supervised manner can be a promising future direction.

Despite our endeavors in the current research, we failed to establish new convergence
conditions and instead empirically scrutinized the impact number of iterations on the
quality of recovered clusters. Theoretical analysis of NGDC convergence is another ben-
eficial future direction. Furthermore, in the current research, we applied the Minkowski
distance on our hyperparameter-scrutinizing data to demonstrate the possibility for further
improvement in cluster recovery. However, we believe this subject needs a more rigor-
ous investigation, and thus scrutinizing the impact of various distance metrics, including
Minkowski metrics with different p-values, could be the third future direction.

Adopting other update rules such as RMSProb and ADAM can be considered our
fourth direction. Reformulating our proposed clustering objective functions using a prob-
abilistic approach so that we can determine the probability of clusters’ membership is
another promising future direction. Last but not least, extending the NGDC method to
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more complex data structures, for instance, to the feature-rich networks [68], is another
promising future area of research.
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Abstract: With the continuous deepening of educational reform, a large number of educational poli-
cies, programs, and research reports have emerged, bringing a heavy burden of information pro-
cessing and management to educators. Traditional manual classification and archiving methods
are inefficient and susceptible to subjective factors. Therefore, an automated method is needed to
quickly and accurately classify and archive documents into their respective categories. Based on this,
this paper proposes a design of an automatic document classification system for educational reform
based on the Naive Bayes algorithm to address the challenges of document management in the ed-
ucation field. Firstly, the relevant literature and document data in the field of educational reform
are collected and organized to establish an annotated dataset for model detection. Secondly, the
raw data are preprocessed by cleaning and transforming the original text data to make them more
suitable for input into machine learning algorithms. Thirdly, various algorithms are trained and se-
lected to determine the best algorithm for classifying educational reform documents. Finally, based
on the determined algorithm, a corresponding classification software is designed to automatically
classify and archive educational reform documents for analysis. Through experimental evaluation
and result analysis, this research demonstrates the effectiveness and accuracy of the education re-
form document automatic classification system based on the Naive Bayes algorithm. This method
can efficiently classify a large number of documents into their respective categories quickly and accu-
rately, thereby improving the efficiency of educators and their information management capabilities.
In the future, further exploration of feature extraction methods and machine learning algorithms can
be conducted to optimize the classification performance and apply this method to practical manage-
ment and decision-making in the education field.

Keywords: educational reform; manual classification; Naive Bayes algorithm; feature extraction

MSC: 68T09; 68T50

1. Introduction

With the rapid development of artificial intelligence and machine learning, the educa-
tion sector has also ushered in opportunities for transformation. Traditional education sys-
tems face many challenges, one of which is the management and utilization of educational
resources. Educational institutions and educators often need to deal with a large number
of documents, including course materials, student assignments, teaching materials, and so
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on. The classification and archiving of these documents are crucial for improving educa-
tional efficiency, supporting personalized learning, and facilitating teaching assessment.

Text classification was proposed by American scholar Professor Luhn in 1957. In 1961,
Maron [1] published the first paper on automatic text categorization. Text classification is
to use the computer to automatically classify the text set according to a certain classifica-
tion system or standard. Text classification technology has a wide range of application
prospects. It is the technical support in the fields of information filtering, information re-
trieval, and document classification [2]. Text classification is generally divided into two cat-
egories: classification method based on knowledge engineering, and classification method
based on machine learning. The classification method based on knowledge engineering
refers to the classification based on expert experience and manual extraction rules. The
classification method based on machine learning refers to the classification by computer
self-learning and extracting rules. In view of the shortcomings of traditional text classi-
fication methods, many scholars have carried out research on text classification methods
and revised and improved them. Based on the superiority of neural network algorithms in
the field of natural language processing, Alina utilized a classification tool based on deep
neural networks to automatically extract diagnostic and disease information at the time
of surgery from electronic pathology reports monitored by the National Cancer Institute
(NCI) and the Surveillance, Epidemiology, and End Results (SEER) population cancer reg-
istries, benefiting the cancer registries [3]. Liu trained a recursive neural network model
to classify microblog posts related to urban flooding, establishing an online monitoring
system for urban inundation triggered by flooding disasters [4]. Yang utilized artificial
intelligence technology to improve the speed of encoding classroom dialogues, achieving
automated classroom dialogue classification and instant feedback. They used neural net-
work analysis models to evaluate and classify question level, answer level, and feedback
level, constructing a comprehensive, rapid, and accurate method for evaluating classroom
dialogue [5]. Vishaal established a recursive interleaved multi-task learning network that
can be used for any general multi-label classification task related to the field of educa-
tion [6]. Compared with the traditional classification methods, which mainly use super-
vised methods, relying on existing natural language processing tools can easily lead to
error accumulation problems in the processing process. Chen proposed a Chinese text
classification method based on appearance semantics and ASLA. Baidu Encyclopedia is
used to extract the apparent semantics of Chinese text, and then PLSA is used to mine the
potential semantics, and the correlation between the apparent semantics and the potential
semantics and the category of the document is calculated. This method can deal with the
classification of irregular texts such as Chinese network short texts [7]. In order to express
text directly, Li proposed a short text classification model based on dense network, which
uses one-hot coding, expands text feature selection by merging and random selection, and
solves the problems of feature sparseness, dimensional text data, and feature representa-
tion [8]. Wang used the method of improving TE-IDF to modify the weight of word vector
to optimize the text classification algorithm. Finally, the convolutional neural network was
used to construct the classifier, which improved the accuracy of text classification. How-
ever, the high-order features were not properly disposed, resulting in the time complexity
of learning much higher than the traditional machine learning method, which needs to be
further improved [9]. With the research of deep learning for text classification, many re-
searchers have found that the classification effect cannot be further improved by using only
a single deep learning model, so scholars have proposed a method of mixing these deep
learning models. Du proposed an emotion classification model based on convolution atten-
tion. This structure combines RNN with convolution-based attention model, and further
superimposes the attention model to construct a hierarchical attention model for emotion
analysis [10]. Peng proposed a hybrid model combining a deep ultra-deep convolutional
neural network with a long short-term memory network, which is an application of deep
CNN. The hybrid model shows better text effect than shallow CNN [11].
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Although the existing common classification methods can meet the requirements of
text classification in some aspects, there are still the following shortcomings for specific
domain files (educational reform documents):

1. The classification standards are not uniform, and it is impossible to form a widely
accepted and recognized classification.

2. The training sample data retrieval is difficult, the lack of standardized retrieval meth-
ods.

3. Itis difficult to train pre-trained language models with domain background knowl-
edge.

At the same time, many scholars have made contributions to the field of text classifica-
tion. However, for educational-reform-related documents, manual classification by profes-
sional personnel from schools or educational institutions remains the prevailing method in
today’s educational environment. With a large number of educational policies, program
proposals, and research reports constantly emerging, manually handling and organizing
these documents is a tedious and time-consuming task. In order to solve the above prob-
lems, this paper proposes a text classification system for educational reform documents
based on the Naive Bayes algorithm. The design involves several key steps: firstly, the clas-
sification standard is determined according to the “Guidelines for Application of Research
and Practice Projects on Undergraduate Education and Teaching Reform at Hebei Univer-
sity of Technology in 2021”. Next, develop a retrieval strategy to collect the relevant liter-
ature and document data in the field of education reform, and establish a well-annotated
dataset for model testing. Again, preprocessing the raw data, cleaning and transforming
the original text data to make them more suitable for input into machine learning algo-
rithms. Further, training and selecting multiple algorithms to determine the most effec-
tive algorithm for classifying educational reform documents. Finally, based on the chosen
algorithm, designing corresponding classification software to automatically classify and
archive the analyzed educational reform documents. This system utilizes machine learn-
ing algorithms and natural language-processing techniques to automatically identify, clas-
sify, and archive different types of educational documents, greatly enhancing the efficiency
and accuracy of educational management.

The development and application of this automatic classification system for educa-
tional reform documents based on the Naive Bayes algorithm will enable educational in-
stitutions and educators to better manage and utilize educational resources, thereby im-
proving teaching effectiveness and learning outcomes. The advancement and application
of this technology will bring about more intelligent and efficient management and teach-
ing methods in the field of education, leading to overall enhancements in the quality of
education delivery and outcomes.

2. Methods

In this section, the method designed for automatic classification of educational reform
documents is introduced. To achieve the intended goals, it is necessary to follow several
steps as illustrated in Figure 1. The key points of this method include:

1.  Determine the categories for classification based on the “Guidelines for Application
of Research and Practice Projects on Undergraduate Education and Teaching Reform
at Hebei University of Technology in 2021”.

2. Collect data from sources such as CNKI (China National Knowledge Infrastructure)
and the school database for training and testing data.

3. Preprocess the data by segmenting the obtained Chinese text, and construct training
and testing sets.

4.  Train the model by using various algorithms to train the training set and calculate the
probability analysis of each feature under each category.

5. Analyze the training results and error rates, select the optimal algorithm for further
design.

6.  Design corresponding software to achieve automatic classification.
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Figure 1. Representation of the methodology used to conduct this study.

The following parts of this paper are organized as follows: Section 2.1 identifies the
categories for classifying documents related to educational reform; Section 2.2 determines
the sources of the dataset and extracts the dataset; Section 2.3 selects various clustering
algorithms, finalizes the algorithm to be used, pre-processes the initial data, and trains the
selected algorithm; and Section 2.4 designs corresponding software to evaluate the model.

2.1. Categories of Documents Related to Educational Reform

To achieve precise classification of documents related to educational reform, it is es-
sential to determine the categories of the documents. The “Guidelines for Application
for Research and Practice Projects on Undergraduate Education Teaching Reform in 2021”
from Hebei University of Technology provides detailed descriptions of the categories for
educational teaching reform documents. Therefore, based on this guideline as the classi-
fication criteria, as shown in Figure 2, educational reform documents are divided into six
categories: Special Topic on Theoretical and Practical Research of Emerging Engineering
Education; Special Topic on Theoretical and Practical Research of New Liberal Arts; Re-
search Topic of Collaborative Education Development; Research Topic of Curriculum Ide-
ological and Political Construction; Labor Education, Aesthetic Education, Sports Research
Topics; and Research on Teaching and Practice of Integrated Education. Keywords under
each special topic are then counted for subsequent searching and extraction of the dataset.
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Figure 2. Category determination.

2.2. Data Set Extraction

China National Knowledge Infrastructure (CNKI) is one of the largest academic litera-
ture databases in China, gathering a vast amount of resources in the education field, includ-
ing academic journals, conference papers, and master’s and doctoral dissertations [12,13].
It covers a wide range of research areas related to educational reform. Its rich dataset pro-
vides a guarantee for the large training set required for the systematic design of this paper.
At the same time, this paper is mainly aimed at classifying Chinese educational reform
documents. As CNKI contains abundant Chinese literature, it can provide more specific
information on practical applications, policies, and theoretical research related to educa-
tional reform in China. Therefore, this paper selects CNKI and the university’s database
as the sources of the dataset.

To accurately obtain each category of educational reform documents, this paper uti-
lizes the advanced search mode of China National Knowledge Infrastructure (CNKI) and
employs the keywords compiled in Section 2.1 as search terms. The paper uses “AND”,
“OR”, and “NOT” operators to construct retrieval strategies for educational reform docu-
ments.

Taking the “Special Topics on Research on New Engineering Theory and Practice” as
an example, a simple retrieval strategy is established as follows: “New Engineering” AND
“Educational Reform” OR “Emerging Engineering” OR “New Type of Engineering” OR
“Traditional Engineering” NOT “New Arts” NOT “Collaborative Education” NOT “Ide-
ological and Political Education Construction” NOT “Labor Education, Aesthetic Educa-
tion, Physical Education” NOT “Specialized and Innovative Education Teaching Integra-
tion”. The goal is to retrieve educational reform documents related to “Special Topics on
Research on New Engineering Theory and Practice” while being unrelated to the other
five categories. The search results will be downloaded and saved into the corresponding
folders for subsequent model training and evaluation. Finally, a Python program will be
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Number of Files

used to count the number of documents in the training set, with each category containing
hundreds of files, as depicted in Figure 3.

Statistics on the number of various educational reform documents

600 A
576 567
500 A
400 -
336
300 A
200 A
100 4
0 T T
Labor Education, Research on Teaching Research Topic of Research Topic of Special Topic on Special Topic on
Aesthetic Education, and Practice of Collaborative Curriculum Theoretical and Theoretical and
Sports Research Integrated Education Education Ideclogical and Practical Research Practical Research
Topics Development Political of Emerging of New Liberal Arts
Construction Engineering
Education

Figure 3. Statistics on the number of various educational reform documents.

2.3. Algorithm Selection and Application
2.3.1. Data Preprocessing

Text preprocessing plays a crucial role in text classification tasks. Its main purpose is
to clean and transform raw text data to make them more suitable for input into machine
learning algorithms [14,15]. Through text preprocessing, raw text data can be converted
into more standardized, clean, and structured data, providing a better foundation for fea-
ture extraction and model training. The preprocessing process can reduce data noise, and
improve the accuracy and efficiency of classification tasks.

For the text types involved in this article, the preprocessing mainly consists of the fol-
lowing steps. Firstly, Python-based natural language processing (NLP) technology is used
to segment the original text data set [14,15], each sentence is processed as a unit, and the
resulting sentences are segmented into word sequences. Secondly, the words after word
segmentation are compared with a predefined list of stop words to remove the meaning-
less or too common words, such as ‘the’, “is’, “in’, etc. Thirdly, the part-of-speech tagging
of words after word segmentation is carried out; that is, the part-of-speech of each word in
the sentence is determined, such as nouns, verbs, adjectives, etc., which is helpful for the
model to understand the sentence structure, the relationship between words, and seman-
tic information. Finally, the data set after word segmentation is constructed and saved as
a binary file.

After preprocessing the initial dataset, it is necessary to construct the TE-IDF (term
frequency-inverse document frequency) term frequency space vector. The TF-IDF algo-
rithm is a common statistical method used to measure the importance of words in infor-
mation retrieval and data mining. The TF-IDF algorithm is used to measure the importance
of a word in a corpus, and it calculates the TE-IDF value of a word using the product of
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term frequency (TF) and inverse document frequency (IDF) [16,17]. The specific formula
is as follows:

count(w)
TFwp = ——=1— 1
w,Dj |D1| ( )
IDF,, = log NL 2)
Z (W/ Dl)
i=1
TF — IDFy, p,= TFy,p, XIDFyy 3)

In the above formula, count(w) represents the frequency of the term in the document,
and |D;] is the total number of words in the document. TF represents the frequency of the
term in the document, and a higher TF reflects that the term appears more frequently. IDF
reflects the commonness of a term in the document. When a large number of documents
contain a word, the IDF is lower, indicating that the word is more common [18].

The TF-IDF value of a word is equal to the product of its TF and IDF. A higher TF-IDF
value for a word indicates that the word is more important in the document and better
represents the document [19]. In text feature extraction, TF-IDF performs well, and is easy
to implement and use. Therefore, this article selects the TF-IDF algorithm to calculate
the importance of each word in the text dataset and constructs a word frequency matrix.
Finally, the same processing is performed on the test set.

2.3.2. Algorithm Selection

After completing the above tasks, the next step is to select a text classification algo-
rithm. Common algorithms used for Chinese text classification include Multilayer Percep-
tron (MLP), Support Vector Machine (SVM), Random Forest Algorithm, and Naive Bayes
Algorithm. This article will introduce these four algorithms, conduct model testing, and
ultimately determine the algorithm to be used.

Multilayer Perceptron (MLP), also known as Artificial Neural Network (ANN), is
built upon a single-layer neural network by introducing one or more hidden layers, creat-
ing a neural network with multiple layers, hence the name “multilayer perceptron”. The
hidden layers are located between the input layer and the output layer [20,21]. The sim-
plest MLP contains only one hidden layer, making it a three-layer structure, as shown in
Figure 4.

Hidden
Input

Output

Figure 4. Schematic diagram of MLP.

MLP has powerful learning capabilities and can automatically extract features from
training data for classification, making it very effective in handling complex text classi-
fication problems. Additionally, MLP can utilize multiple hidden layers to enhance the
model’s representational capacity. It can also leverage different activation functions and
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regularization methods to optimize model performance, giving it good scalability when
dealing with large-scale text classification problems. However, due to the large number of
parameters in MLP, the training process tends to be slow and may struggle with process-
ing large amounts of text data. Moreover, when dealing with small amounts of training
data, it is prone to overfitting.

SVM is a supervised learning algorithm widely used for classification and regression
tasks [22]. The core idea of SVM is to find a hyperplane that maximizes the margin between
two classes, thus achieving good classification performance. Its advantages lie in its ability
to perform well in classifying data in high-dimensional spaces, making it suitable for han-
dling high-dimensional features, as demonstrated in fields such as text classification and
image recognition. SVM is suitable for small sample datasets, as it determines the decision
boundary based on support vectors rather than the entire dataset, giving it an advantage
in handling small sample data. Additionally, SVM can use kernel functions to map data
to high-dimensional spaces, enabling nonlinear classification and providing good flexibil-
ity. However, SVM also has some drawbacks. Firstly, it incurs significant computational
costs and longer training times when dealing with large-scale datasets. Secondly, SVM is
sensitive to missing data and requires additional handling methods. Lastly, the original
SVM algorithm is only applicable to binary classification problems, requiring extensions
for multi-class problems, which increases the complexity of the algorithm.

Random Forest is a classifier that trains and predicts samples using multiple trees. It
repeatedly randomly samples k samples with replacement from the original training sam-
ple set N to generate a new training sample set, and then uses the bootstrap sample set to
generate k classification trees to form a random forest [23-25]. The classification result of
new data is determined by the score based on the voting of the classification trees. Ran-
dom Forest has the following advantages: firstly, it can handle high-dimensional data and
performs well in feature selection, automatically selecting important features and reducing
the burden of feature engineering. Secondly, Random Forest is efficient in handling large-
scale datasets and can quickly build a large number of decision tree models. Furthermore,
Random Forest exhibits good robustness to missing data and outliers, capable of handling
incomplete datasets. Additionally, Random Forest uses a voting mechanism for classifi-
cation or regression, which can reduce the risk of overfitting and is less susceptible to the
influence of individual decision trees. However, Random Forest also has some drawbacks.
Firstly, due to the ensemble of multiple decision trees, the model has poor interpretability
compared to a single decision tree. Secondly, Random Forest may overfit on datasets with
high noise and may require significant memory space. Moreover, Random Forest may lean
towards categories with more samples when dealing with highly imbalanced datasets.

Naive Bayes algorithm is a classification algorithm based on Bayes’ theorem, assum-
ing that features are independent of each other. Under a given category, the joint proba-
bility of features equals the product of the independent probabilities of each feature. By
calculating the posterior probability of each category, the category with the highest pos-
terior probability is chosen as the prediction result [26]. Bayes’ theorem is an important
theorem in probability theory used to calculate the probability of an event occurring given
certain conditions [27]. Its calculation formula is:

P(A[B)= P(Bﬁ]);;w

4)

In the formula, P(A | B) represents the probability of event A occurring given that event
B has occurred, P(B|A) represents the probability of event B occurring given that event A
has occurred, and P(A) and P(B) represent the probabilities of events A and B occurring,
respectively.

The Naive Bayes algorithm has the following advantages. Firstly, it has relatively
fast training and prediction speeds because it assumes independence between features,
reducing the complexity of parameter estimation. Secondly, the Naive Bayes algorithm
performs well on small sample datasets and can handle high-dimensional feature data,
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making it suitable for tasks such as text classification and spam filtering. Additionally, the
Naive Bayes algorithm is robust to missing data, and can handle partially missing sam-
ple data. Finally, the Naive Bayes algorithm is not easily influenced by noisy data, and
can provide good classification results even for datasets with significant noise. However,
the Naive Bayes algorithm also has some disadvantages. Firstly, it assumes independence
between features, which may not hold true in some cases, leading to a decrease in classifica-
tion performance. Secondly, the Naive Bayes algorithm may exhibit higher error rates for
datasets with large feature spaces or strong feature correlations. Furthermore, the Naive
Bayes algorithm cannot handle continuous features and requires discretization.

The four algorithms mentioned above each have their own advantages and disadvan-
tages in text classification, making it difficult to directly choose a classification algorithm.
Therefore, it is necessary to build and test models for them. Four algorithm testing mod-
els were built separately, and the classification process of the testing models is shown in
Figure 5.
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Figure 5. Classification process of the testing models.

The classification process of the test model is as follows:

1.  Data preprocessing: Pre-process the data, including steps such as data cleaning, de-
noising, and standardization.

2. Divide the training and testing sets: Divide the pre-processed data into training and
testing sets, and divide the dataset into training and testing sets in an 8:2 ratio.

3. Use algorithms to fit the training set data: Select the above four algorithms to train
the data and establish a model.

4. Output word frequency matrix information: Perform word frequency statistics on
the training and testing sets to generate word frequency matrix information.

5. Use training models to classify test samples: Use the established model to classify
test samples.

6.  Determine whether the classification result is correct: Evaluate the classification re-
sult to determine whether it is consistent with the given result. If the classification is
consistent, the correct result is+1; if not correct, proceed to the next step.

7. Determine if it is the last test sample: Determine if there are still unclassified test
samples, and if so, continue to classify the next test sample; if not, output the result
and the classification ends.

8. Obtain the next test sample: Obtain the next test sample for classification testing, and
then repeat steps 5-7.
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After completing the model building and testing, it is necessary to evaluate the perfor-
mance of the four models to determine the final model to be used. The evaluation index is
a quantitative indicator of the performance of a model. A single evaluation indicator can
only reflect a portion of the model’s performance. If the selected evaluation indicator is
unreasonable, it may lead to incorrect conclusions. Therefore, this study used commonly
used evaluation indicators in classification tasks, including Precision, Recall, F1 score, Ac-
curacy, Macro average (represented by Macro avg in the table), and Weighted average
(represented by Weighted avg in the table) to comprehensively evaluate the model. The
results are shown in Table 1, where Topic 1-Topic 6 represents the six categories from
left to right in Figure 3. R-F stands for Random Forest Algorithm. N-B represents the
naive Bayesian algorithm. The dataset is divided into training and testing sets in an 8:2
ratio. Therefore, Topic 1-Topic 6 obtained 58, 57, 51, 25, 30, and 33 test sets in sequence for
model evaluation.

Table 1. Calculation results of various indicators.

Precision Recall F1-Score
Support
MLP SVM R-F N-B MLP SVM R-F N-B MLP SVM R-F N-B

Topic 1 0.93 0.90 0.75 0.96 0.89 0.90 074 090 091 09 0.75 0.93 58
Topic 2 0.93 0.96 0.82 097 091 0.88 079 098 092 092 0.80 0.97 57
Topic 3 0.92 0.92 0.86 0.96 0.86 0.90 073 096 089 091 0.79 0.96 51
Topic 4 0.70 0.83 0.63 0.88 0.84 0.96 060 0.88 076 089 0.61 0.88 25
Topic 5 0.84 0.90 0.61 0.85 0.90 0.90 083 097 087 09 0.70 0.91 30
Topic 6 0.91 0.86 0.71 0.93 0.88 0.91 073 091 089 088 0.72 0.92 33
Accuracy 089 090 0.75 0.94 255
Macro avg 0.87  0.90 0.73 0.93 0.88 0.91 074 093 087 09 0.73 0.93 255
Weighted avg ~ 0.89 0.90 0.75 0.94 0.88 0.90 074 094 089 09 075 0.94 255

From Table 1, it can be seen that the Naive Bayes algorithm leads the other three al-
gorithms in most indicators in the classification process of educational reform documents.
Although the SVM algorithm is leading in some indicators in the Topic 4 classification
process, the lead is not significant, and from a comprehensive performance perspective,
the Naive Bayes algorithm is still significantly better than the SVM algorithm. Therefore,
this study selected Naive Bayes algorithm as the classification algorithm for subsequent
software design.

2.4. Software Design

In order to enhance the usability of the classification algorithm, this article designed
auxiliary software based on relevant Python3.9 technologies for multiple steps in the pro-
cess, ultimately creating an automated classification assistance system for education re-
form documents using the Naive Bayes algorithm.

2.4.1. Teaching Reform File Information Extraction System

The teaching reform file information extraction interface is shown in Figure 6, which
is mainly used for extracting the required information from the dataset and extracting in-
formation from the documents to be classified later. The information retrieval process is
divided into five steps:

1.  Obtain relevant education reform documents based on the classification category
from patent retrieval systems such as CNKI (China National Knowledge Infrastruc-
ture).

2. When the user clicks the “Browse” button, the system will open a file dialog box
allowing the user to select the path where the files to be classified are located. The
program will then display the selected directory path in the text box corresponding
to that button.
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When the user clicks the “Reading files” button, the program will read all file names
in the previously selected directory and display these file names in a text box.

When the user clicks the “Save” button, the program will open a file dialog box al-
lowing the user to choose a directory. The program will then iterate through all PDF
files in the previously selected directory, extract the abstracts and keywords from
these files, and save the abstracts and keywords to a TXT file named after the PDF
file. These TXT files will be saved in the user-selected directory.

Implement the functionality to navigate to the next interface, which is bound to the
“NEXT” button. When the user clicks this button, the program will close the cur-
rent interface and call the run_next_script method to execute the next script. In the
run_next_script method, the program will start the next script using the subprocess
Popen method.

(B MainWindow - [m} X

Teaching reform file information extraction system

Database path ‘ @ Browse
The name of ) Reading
the teaching files

reform file

Save path ‘ Save

Abstract of
teaching reform < Abstract
documents extraction

Figure 6. Teaching reform file information extraction system.

2.4.2. Automatic Classification System of Educational Reform Documents

The automatic classification system of educational reform documents consists of two

modules: the “Classification” module, and the “Result statistics” module.

The “Classification” module, as shown in Figure 7, achieves the classification of the

files to be processed by utilizing a model trained with the Naive Bayes algorithm. The
specific implementation steps are as follows:

1.
2.

Initialize the interface, load the Ul file, and connect the click events of the buttons.
After clicking the “Browse” button, a folder selection dialog will pop up, allowing the
user to choose the folder containing the files to be classified, and display the selected
path in the corresponding text box.

After clicking the “Reading files” button, read all the files in the selected folder and
display the file names in the connected text box.

After clicking the “Articles classification” button, the system will start classifying the
files in the selected folder. First, it will iterate through all the TXT files in the folder;
next, it will open and read the content of each file, tokenize the content, and remove
stop words. Then, it will construct the TF-IDF term frequency vector space, convert
the tokenized text into a TF-IDF frequency matrix, and save it as a binary file. Finally,
it will utilize the model built using the Naive Bayes algorithm to calculate the condi-
tional probabilities of different categories based on the TF-IDF vectors, thus achieving
the classification of the test files. The classification results will be output and written
into an Excel file. The classification results will be displayed in the text box associated
with the “Articles classification” button.
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Figure 7. The classification module of Automatic classification system of educational reform docu-
ments.

The “Result statistics” module, as shown in Figure 8, mainly focuses on the statistical
analysis of the classification results. The implementation steps are as follows:

1. After clicking the “Result statistics” button, read the classification results saved in the
Excel file from the above interface, count the number of each category, and display
the number of each category and the corresponding file names in their respective text
boxes.

2. After clicking the “Pie chart” button, generate a pie chart based on the classification
results to visualize the proportion of each file category within the processed folder.
The corresponding results will be displayed in the output box associated with the
“Pie chart” button.

L@'Automatic classification system of educational reform documents

Classification  Result statistics

w Result
statistics
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Figure 8. The Result statistics module of Automatic classification system of educational reform doc-
uments.
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3. Experimental Verification, Taking the Educational Reform Documents of Hebei
University of Technology as an Example

3.1. Background

In recent years, the deepening reforms in education and teaching have been continu-
ously advancing, leading to a surge in the number of educational reform documents. This
has resulted in challenges, such as a massive quantity of educational reform documents
and a wide variety of document types. However, traditional manual classification meth-
ods require significant human and time costs, resulting in low efficiency and potential clas-
sification errors. Moreover, as the number of documents increases and the types become
more diverse, manual classification becomes increasingly difficult. To address these issues,
this paper proposes an automatic classification system for educational reform documents
based on the Naive Bayes algorithm. This system is designed to assist education adminis-
trators in automatically classifying a large number of educational reform documents.

3.2. Extracting Information from Educational Reform Documents of Hebei University of
Technology

Using the educational reform documents related to Hebei University of Technology
from the past two years as samples, we obtained 52 educational reform documents await-
ing classification from the school database and stored them in the corresponding folder for
further processing.

After obtaining the files to be classified, we used the Educational Reform Document
Information Extraction System to extract the abstract sections of the pending documents,
as shown in Figure 9. Firstly, click “Browse” to select the folder to be processed, and
the system will automatically display the path of the folder in the corresponding text box.
Then, click “Reading files”, and the names and file types of the files to be processed in
this folder will be automatically displayed in the text box corresponding to this button.
Furthermore, use the “Save” button to determine the location for saving the processed
text. Finally, use the “Abstract extraction” button to extract the abstracts from the files to
be processed and save them as TXT files in the location selected by the “Save” button for
future processing.
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Figure 9. Information extraction results of teaching reform file from Hebei University of Technology.
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3.3. Automatic Classification of Educational Reform Documents at Hebei University of
Technology

First, use the “Classification” module to classify the educational reform documents of
Hebei University of Technology to be processed, as shown in Figure 10.

1.  Click “Browse” and select the file path saved in the previous step.

2. Click “Reading files”, and the names and file types of the files to be processed in this
folder will be automatically displayed in the text box corresponding to this button.

3. Utilize the model trained using the Naive Bayes algorithm to classify the documents
to be processed. The classification results of the educational reform documents at
Hebei University of Technology will be displayed in the text box corresponding to
the “Articles classification” button.
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Classification ~ Result statistics

Database path  C:/Users/DELL/Desktop/Teaching reform file classification system/Extract results Q Brors
“ERME+T 7 EEHF -
P < I %
e : ¢ Readmg
; = files
A
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New Liberal Arts category _result of Chinese education
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This article belongs to: Special Topjt on Thec . . . 5 .
Emerging Engineering Education category their corresponding files classification
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Extract results\S R #FHABRFTRAMER. .. — B2 FAENSFEHNA_FF. txt
This article belongs to: Special Topic on Theoretical and Practical Research of |
New Liberal Arts category -

Figure 10. The classification process of teaching reform file from Hebei University of Technology.

Next, use the “Result statistics” module as shown in Figure 11. This module is mainly
used to provide statistical analysis of the classification results of the educational reform
documents at Hebei University of Technology. The number and names of documents in
each category will be displayed in the text box corresponding to the “Result statistics” but-
ton. Additionally, a pie chart will be generated based on the classification results, allow-
ing for an easy analysis of the distribution of each type of document within the processed
folder. The corresponding results will be displayed in the output box corresponding to the
“Pie chart” button. From the results, it can be seen that Hebei University of Technology has
invested heavily in educational reform in the past two years, with a focus on the “Special
Topic on Theoretical and Practical Research of New Liberal Arts” and the “Special Topic
on Theoretical and Practical Research of Emerging Engineering Education”, accounting
for 46.2% and 36.5%, respectively. Therefore, this system can be used to analyze the key
directions of educational reform in a certain area for the current year.
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Figure 11. Statistics on the classification results of teaching reform file from Hebei University of

Technology.

Finally, the educational reform documents at Hebei University of Technology from
the past two years will be manually classified by professional personnel. The results of the
manual classification will then be compared with the classification results of the automatic
educational reform document classification system based on the Naive Bayes algorithm,
and the comparison is presented in Figure 12. From Figure 12, it can be observed that the
classification results of the automatic educational reform document classification system
based on the Naive Bayes algorithm are largely consistent with the classifications made by
professional personnel, with only a few instances of misclassification.

Classification results of educational reform documents

25
—— Manual classification results
—— System automatic classification results
20 A
15
_
o]
fis]
£
3
=
10
5 4
0 - T T T T T T
Emerging Enginearing Mew Libaral Arts Curriculum ldeclogical  Collaborative Education  Teaching and Practice Labor Education,
Education and Political Construction Development of Integrated Education .ﬁes(hetsi;i?:(a(ion,

Category of educational reform documents

Figure 12. Comparison of classification results.
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4. Verification and Discussion

Through in-depth analysis of questionnaire surveys and systematic evaluations, the
universal applicability and effectiveness of the educational reform document automatic
classification system based on the Naive Bayes algorithm designed in this paper have been
validated.

To further demonstrate the universality and efficiency of the current design of the
educational reform document automatic classification system based on the Naive Bayes
algorithm, 20 relevant education professionals were invited to evaluate the system and
fill out a questionnaire. The Chinese version and English version of the questionnaire are
provided in Table 2. The 20 invited workers were divided into two groups based on their
experience level: experienced workers, and novices. Figures 13 and 14 summarize the
survey results, where EW-A represents experienced workers choosing option A, and N-A

represents novices choosing option A.

Table 2. Questionnaire.

Chinese Version

English Version

FNIEEETN

QI:AE % R G2 R AH RS20 A 2
LR 5 B D — s i B LI 3% # B

Q- FHiZ A Gt 2 15 REMA vkt T2 LR AN 2 1T 300 e %2
Oge D —sefef Brr b DA RE

QB 1% A Gt A2 15 REdR R S IR 2
Ogel—sefeE el DA RE

Q4:f8 FH 1% R Gt 2 15 REdE i SO0 R UERA 12
Oe 0 —se e Ear bl DA RE

Q5% A LA 1A KM E?
Us0F—enElrs

Q6:f# 1% R Gt 2 15 RE1F B R 1 7 RACR?
Oe0—se e e DA R

Q7: A FH 1% A G & 71348 21 PRI A, A5 FH 28R ey 2
L e 0, VA A f IR

L — s R, e P RO —

U1 58 A AN 2 FH, AR T e

Q8 A ffE 7 H A N B3 A2

LR et LT DA L ANHE R

Hoth:

Identity:

Q1: Does the system help in classifying the corresponding
files?

A Very helpful. B Some help. C No help.

Q2: Can the use of the system solve the classification errors
caused by lack of professional knowledge ?

A Yes. B To some extent. C No.

Q3: Can the system improve the speed of file classification ?
A Yes. B To some extent. C No.

Q4: Can the use of the system improve the accuracy of file
classification ?

A Yes. B To some extent. C No.

Q5: Does the system have practical value ?

A Yes. B To some extent. C No.

Q6: Can the system be used to get the desired classification
results ?

A Yes. B To some extent. C No.

Q7: Do you encounter difficulties when using the system, and
what is the effectiveness of its usage?

A User-friendly, no difficulty.

B Some difficulties, average performance.

C Not used at all, very difficult.

Q8: Do you recommend other personnel to use it

A Yes. B Probably. C No.

Other:

Q is question
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Survey results of experienced worker
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Figure 13. Survey results of experienced workers.

Survey results of novice
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Figure 14. Survey results of novice.

4.1. Analysis of Survey Results from Experienced Worker

As shown in Figure 13, from Q1 and Q2, it can be seen that 90% of experienced work-
ers believe that the current design of the classification system is useful and can compensate
for the lack of professional knowledge reserves among workers.

According to the results of Q3, Q5, and Q7, 100% of experienced workers believe that
the current design of the classification system can improve document classification speed,
has practical value, and performs well in its usage.

From Q4 to Q8, it is evident that 90% of experienced workers believe that the system
can improve document classification accuracy and are willing to recommend it to others.
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Based on the results of Q6, 80% of experienced workers believe that the current design
of the classification system can achieve the expected classification results.

4.2. Analysis of Survey Results from Novice

As shown in Figure 14, from Q1 and Q3, it can be seen that 100% of novices believe
that the current design of the classification system is useful and can improve document
classification speed.

According to the results of Q2 and Q5, 90% of novices believe that the current design
of the classification system can compensate for the lack of professional knowledge reserves
among workers and has practical value.

From Q4 to Q6, it is evident that 80% of novices believe that the system can improve
document classification accuracy and achieve the expected classification results.

Based on the results of Q7 and Q8, 100% of novices believe that the current design
of the classification system performs well in its usage and are willing to recommend it to
others.

4.3. Discussion

To select the most suitable algorithm for classifying educational reform documents,
we trained classification models based on multilayer perceptron, support vector machine,
random forest algorithm, and the Naive Bayes algorithm. After data testing, we found
that the classification model based on the Naive Bayes algorithm performed the best, with
a prediction accuracy of about 94%.

Based on the analysis of the experimental results, our designed automatic classifica-
tion system for educational reform documents based on the Naive Bayes algorithm was
generally consistent with the classification of professional personnel, with only a few mis-
classified files. The classification results were acceptable. At the same time, applying this
software can reduce the demand for professional knowledge reserves of management per-
sonnel and reduce classification errors caused by subjective factors. Therefore, this system
is feasible for classifying educational reform documents.

Finally, we verified the universal applicability and effectiveness of our designed au-
tomatic classification system for educational reform documents based on the Naive Bayes
algorithm through survey questionnaires. The results showed that this system is helpful
for education workers, especially for novices.

5. Conclusions

Through the organization of educational reform documents and algorithm reuse, we
have designed an automatic classification system for educational reform documents based
on the Naive Bayes algorithm. Experimental verification has shown that the system can
effectively classify educational reform documents automatically, filling the gap in the ap-
plication of text classification in this category of documents and reducing the demand for
professional knowledge of management personnel. The main contributions of the current
research can be summarized as follows:

1.  Determined the classification direction for educational reform documents based on
the “Guidelines for the Declaration of Undergraduate Education Reform Research
and Practice Projects in 2021”.

2. Constructed retrieval strategies for educational reform documents using “AND”,
“OR”, and “NOT” combinations based on the keywords obtained from the guide-
lines.

3.  Conducted data cleaning, algorithm construction, training, and selection for educa-
tional reform documents, identifying the most suitable classification algorithm for
this type of document.

4. Developed an automatic classification software for educational reform documents
based on the naive Bayes algorithm, which significantly reduces classification time
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while lowering the requirement for professional knowledge storage of classifiers, all
while ensuring accuracy.

Despite the contributions of this system, its limitations are evident. Educational re-
form documents often involve multiple topics and fields, and sometimes a document may
belong to multiple categories, making it difficult for the system to handle multi-label classi-
fication problems. This system is designed for Chinese documents only, and supports the
classification of single-language documents, making it unable to accurately classify docu-
ments in other languages. Additionally, education reform is a constantly evolving field
with new themes and concepts emerging regularly. Therefore, the classification system
requires regular updates and maintenance to adapt to new developments in educational
reform. These limitations point to future research directions. It is necessary to explore the
use of more scientific algorithms for document analysis to make the results more objective
and effective. Designing the software to be scalable to accommodate new educational re-
form topics and concepts is also important. Future research will also focus on designing
classification systems for different language types and continuously improving the analy-
sis of educational reform documents while enriching the corresponding training databases.

Author Contributions: Conceptualization, P.Z., ZM. and Q.W.; methodology, P.Z. and Z.M,;
writing —original draft preparation, Z.M.; data curation, Z.R. and Q.W.; writing—review and edit-
ing, HW. and D.S,; visualization, C.Z.; supervision, P.Z.; funding acquisition, P.Z. All authors have
read and agreed to the published version of the manuscript.

Funding: This paper was funded by the National Natural Science Foundation of China (Grant No.
51975181), the National Innovation Method Fund of China (Grant No. 2020IM020500) and Hebei
Province Teaching Reform Project (Grant No. 2022GJJG042 and No. 2022GJJG038).

Data Availability Statement: The data is contained in the article and is available from the corre-
sponding authors on reasonable request.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1. Maron, M.E. Automatie indexing: An experimental in-quiry. ]. ACM 1961, 8, 404—417. [CrossRef]

2. Zhang, Z.].; Wang, Z.Q. Summary of text classification and algorithm. Comput. Knowl. Technol. 2012, 8, 825-828.

3. Alina, P.; Ioana, D.; Yoon, H.].; Mohd, Y.J.; Tanmoy, B. Deep learning uncertainty quantification for clinical text classification. J.
Biomed. Inform. 2024, 149, 104576.

4. Liu, H.; Hao, Y.; Zhang, W.H.; Zhang, H.Y.; Gao, F. Online urban-waterlogging monitoring based on a recurrent neural network
for classification of microblogging text. Nat. Hazards Earth Syst. Sci. 2021, 21, 1179-1194. [CrossRef]

5. Yang, X.Z.; Wang, Q.Q.; Jiang, J.L. Analysis of classroom teacher-student dialogue based on artificial intelligence:automatic
classification and sub-level construction of IRE. E-Educ. Res. 2023, 44, 79-86.

6.  Vishaal, U.; Abhishek, A.; Anubha, G.; Tanmoy, C. InPHYNet: Leveraging attention-based multitask recurrent networks for
multi-label physics text classification. Knowl.-Based Syst. 2021, 211, 106487.

7. Chen, YW, Wang, J.L.; Cai, Y.Q.; DU, J.X. A method for Chinese text classification based on apparent semantics and latent
aspects. |. Ambient Intell. Humaniz. Comput. 2015, 6, 473-480. [CrossRef]

8.  Li, HM.,; Huang, H.N.; Cao, X.; Qian, J.G. Falcon: A novel Chinese short text classification method. J. Comput. Commun. 2018, 6,
216-226. [CrossRef]

9. Wang, G.S,; Huang, X.J. Convolutional neural network text classification model based on Word2vec and improved TF-IDF. J.
Chin. Comput. Syst. 2019, 40, 1120-1126.

10. Du, J.C; Gui, L.; He, Y.L,; Xu, R.F.; Wang, X. Convolution-Based Neural Attention with Applications to Sentiment Classification.
IEEE Access 2019, 7, 27983-27992. [CrossRef]

11. Peng, Y.Q.; Song, C.B.; Yan, Q.; Zhao, X.S.; Wei, M. Research on Chinese text classification based on Hybrid Model of VDCNN
and LSTM. Comput. Eng. 2018, 44, 190-196.

12. Yun, X.P. Research progress and prospect of emergency management based on CNKI and CiteSpace. China Saf. Sci. ]. 2022, 32,
185.

13.  Nan, M.Y,; Chen, J. Research Progress, Hotspots and Trends of Land Use under the Background of Ecological Civilization in
China: Visual Analysis Based on the CNKI Database. Sustainability 2022, 15, 249. [CrossRef]

14. Li, X.P.; Zhou, Y. Research on information text extraction and analysis technology based on natural language processing. Wirel.

Internet Technol. 2023, 20, 157-159.

152



Mathematics 2024, 12, 1127

15.

16.
17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

Zhu, Y.H. Medical text mining and knowledge extraction based on natural language processing and knowledge graph. China
Comput. Commun. 2023, 35, 1-3.

Aizawa, A. An information-theoretic perspective of tf—idf measures. Inf. Process. Manag. 2003, 39, 45-65. [CrossRef]

Paulsen, D.; Yash, G.; AnHai, D. Sparkly: A Simple yet Surprisingly Strong TF/IDF Blocker for Entity Matching. Proc. VLDB
Endow. 2023, 16, 1507-1519. [CrossRef]

Wan, Q.; Xu, X.H.; Han, J. A dimensionality reduction method for large-scale group decision-making using TF-IDF feature
similarity and information loss entropy. Appl. Soft Comput. 2024, 150, 111039. [CrossRef]

Gonzalez, F.; Torres-Ruiz, M.; Rivera-Torruco, G.; Chonona-Hernandez, L.; Quintero, R. A Natural-Language-Processing-Based
Method for the Clustering and Analysis of Movie Reviews and Classification by Genre. Mathematics 2023, 11, 4735. [CrossRef]
Jitchaijaroen, W.; Keawsawasvong, S.; Wipulanusat, W.; Kumar, D.R.; Jamsawang, P. Machine learning approaches for stability
prediction of rectangular tunnels in natural clays based on MLP and RBF neural networks. Intell. Syst. Appl. 2024, 21, 200329.
[CrossRef]

Xiang, M.; Zhou, B.T.; Cheng, S.Q.; Liu, S. MCMP-Net: MLP combining max pooling network for sSEMG gesture recognition.
Biomed. Signal Process. Control 2024, 90, 105846.

Sun, H.L.; Lu, Y.F. A novel approach for solving linear Fredholm integro-differential equations via LS-SVM algorithm. Appl.
Math. Comput. 2024, 470, 128557. [CrossRef]

Chen, C.F.; He, Q.X,; Li, Y.Y. Downscaling and merging multiple satellite precipitation products and gauge observations using
random forest with the incorporation of spatial autocorrelation. J. Hydrol. 2024, 632, 130919. [CrossRef]

Lauzon, D.; Gloaguen, E. Quantifying uncertainty and improving prospectivity mapping in mineral belts using transfer learning
and Random Forest: A case study of copper mineralization in the Superior Craton Province, Quebec, Canada. Ore Geol. Rev.
2024, 166, 105918. [CrossRef]

Li, C.; Managi, S. Mental health and natural land cover: A global analysis based on random forest with geographical considera-
tion. Sci. Rep. 2024, 14, 2894. [CrossRef] [PubMed]

Wang, L.; Li, ZW.; Zhu, C.D.; Li, Y.J. Research on spam filtering based on NB algorithm. Transducer Microsyst. Technol. 2020, 39,
46-48.

Yuan, L.H; Li, X W.; Xu, J. An improved anti-spam filtering method based on bayesian. Comput. Digit. Eng. 2020, 48, 513-516.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-
thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

153



. mathematics ml\D\Py
F

Article

A Study on the Identification of the Water Army to Improve the
Helpfulness of Online Product Reviews

Chuyang Li, Shijia Zhang and Xiangdong Liu *

School of Economics, Jinan University, Guangzhou 510632, China; chuyangli@stu2022.jnu.edu.cn (C.L.);
zsjlrz@stu2022.jnu.edu.cn (S.Z.)
* Correspondence: tliuxd@jnu.edu.cn; Tel.: +86-20-8522-6933

Abstract: Based on the perspective of identifying the water army, this paper uses the methods of
machine learning and data visualization to analyze the helpfulness of online produce reviews, portray
product portraits, and provide real and helpful product reviews. In order to identify and eliminate the
water army, the Term Frequency-Inverse Document Frequency Model (TF-IDF) and Latent Semantic
Index Model (LSI) are used. After eliminating the water army, three classification methods were
selected to perform sentimental analysis, including logistics, SnowNLP, and Convolutional Neural
Network for text(TextCNN). The TextCNN has the highest F1 score among the three classification
methods. At the same time, the Latent Dirichlet Allocation mode (LDA) is used to extract the topics
of various reviews. Finally, targeted countermeasures are proposed to manufacturers, consumers,
and regulators.

Keywords: online product reviews; water army; latent semantic index; latent dirichlet allocation;
convolutional neural network
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1. Introduction

In recent years, China’s technological infrastructure has continued to improve, and
the Internet has become widespread in both urban and rural areas, significantly increasing
network coverage. This has greatly driven the rise of e-commerce, with online shopping
becoming mainstream. According to data from the “The 54th Statistical Report on China’s
Internet Development” [1], as of June 2024, the number of internet users in China had
reached 1.099 billion, meaning the internet penetration rate hit 78.0%. The number of
online shopping and online payment users rose to 905 million and 969 million, respectively,
reflecting a 1.5% increase compared to December 2023. This large population of internet
users has formed the foundation of China’s rapidly developing consumer market, providing
a strong user base for the growth of the digital economy.

Against the backdrop of rapid e-commerce growth and the development of Web 2.0
social platforms, consumers can now purchase their preferred products without leaving
home. However, due to the inherent virtual nature of online shopping and the uncertainty
surrounding product quality, it is difficult for consumers to obtain complete and accurate
product information through online shopping. Consumers often rely on manufacturers’
descriptions and other consumers’ reviews to determine whether a product meets their
needs. Online product reviews are not only an essential reference for consumers when
selecting products or services but also a key channel through which businesses interact
with users. However, the varying quality of review information and the vast quantity of
reviews present a significant challenge for consumers trying to find useful information.

In addition, the growing number of fake review groups, known as the “water army”,
has significantly disrupted consumers’ decision-making processes. In order to establish a
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favorable product image, many companies have started paying for higher positive review
rates. Companies hire large numbers of these “water army” to pose as regular internet users
or consumers, flooding the internet with concentrated posts that deliberately skew public
opinion and real information, severely impacting the order of the internet [2]. This has
fueled the growth of fake reviews, bringing significant negative effects to the e-commerce
industry. To genuinely protect internet users’ rights, government authorities have made
great efforts, with the Cyberspace Administration of China focusing on cracking down on
the “water army” as a key part of its regulatory efforts.

Research on identifying and eliminating the “water army” as well as distinguishing
useful information, has become a hot topic.

The main contributions are as follows:

1. We introduce variables such as historical comment records of users who have been
less concerned by the predecessors to enrich the evaluation index system.

2. We identify and eliminate the reviews from the water army based on the behavior
characteristics of reviewers and the content characteristics of reviews.

3. We use sentiment analysis and topic analysis methods to extract the most important
information in the reviews, portray the corresponding product portraits, and improve
the efficiency of users browsing reviews.

2. Literature Review

When shopping online, user review information can directly influence consumers’
purchasing intentions. The reviews left by buyers often hold significant reference value and
provide insights into the true condition of the products. Driven by profit motives, some
merchants may hire a “water army” to spread false positive reviews for their own products
to increase sales or to use malicious reviews to discredit competitors’ ratings. The existence
of this marketing “water army” severely disrupts the normal competitive mechanisms of
e-commerce platforms. Therefore, identifying these online “water armies” through relevant
technological means has become an increasingly urgent issue [3].

In the last decade, early research mainly used the methods of multivariate statistical
analysis or experimental design to study how online reviews exert their usefulness and test
qualitative hypotheses or conclusions [4]. Combining theory and practice, 1587 reviews
of 6 products on Amazon’s e-commerce platform are modeled and analyzed, and the
results show that the extremeness of reviews, product types, and depth of reviews have a
significant impact on the helpfulness of online reviews, see Mudambi and Schuff [5]. Based
on the evaluation indicators provided on the Amazon e-commerce platform, the star rating
of reviews is the most important factor that has a significant impact on the usefulness
of online reviews, see Korfiatis et al. [6]. The moderating effect of product brands on
products through regression analysis is studied, and it found that if a review conveys more
information that matches the description of the product on the website or contains less
personal subjective feelings, the more useful the review will be, otherwise, the review
will be less useful. In addition, there is no significant correlation between the emotional
intensity shown in the reviews and the usefulness of the reviews, see Liao et al. [7]. By
using the three factors of word-of-mouth, e-commerce platform, and trust tendencies as
dependent variables in the process of consumers’ attitudes being affected by negative online
word-of-mouth, the result proved that consumers believe that rational negative word-of-
mouth is more credible through structural equation models, see Tao et al. [8]. Nowadays,
traditional analysis methods are no longer suitable for massive data and features. More
and more experts and scholars use machine learning methods to conduct text mining on
online reviews from multiple perspectives to increase the breadth and depth of research
and obtain practical conclusions. The communication behavior based on the interaction
characteristics between different communication subjects can be quantified; the Decision
Tree Model to detect the information disseminated by the water army can be used; and
an information dissemination model based on interactive behavior can be established,
see Chen et al. [9]. The word2vec word vector technology of deep learning is required
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to build product feature words and emotional word lexicons through the construction
of emotional concept pairs to score sentiment and analyze user sentiment of specific
characteristics of brand products. The empirical results show that compared with the
general sentiment vocabulary, this method has improved the accuracy of sentiment analysis,
see Wang et al. [10]. The neural networks are utilized to learn a distributed representation
for each word and the probability function of word sequences and convert each word
into a low-dimensional, continuous vector, see Bengio et al. [11]. An approach that uses
a combined kernel from multiple branches of a Convolutional Neural Network (CNN)
with Long Short-term Memory (LSTM) layers is proposed. The model has the highest
reported accuracy on the Internet Movie Database review sentiment dataset. Additionally,
they presented multiple architectural variations; see Yenter and Verma [12]. Luo [13]
presents a text sentiment analysis method combining Latent Dirichlet Allocation (LDA)
text representation and convolutional neural network (CNN). The CNN with the gated
recurrent unit (GRU) is used as a classifier to achieve highly accurate text classification,
and experimental results indicate the effectiveness of such a method. Peng et al. [14]
focused on detecting “e-commerce water army” through graph modeling of collusive
behaviors in online reviews. Their study highlighted how these groups manipulate product
reviews by forming collusive networks, impacting consumer decisions in e-commerce. The
method they proposed includes analyzing collusive relationships based on user behavior
and content, which helps in detecting these organized activities more accurately. Paul
and Nikolaev [15] offer a systematic literature review for detecting the water army on the
e-commerce platform.

In general, the existing literature on the usefulness of online product reviews is mostly
measured by the length of the review, the number of words in the review, and the star rating
of the review. The types of variables are relatively single. The biggest innovation of this
paper is to introduce variables such as historical comment records of users who have been
less concerned by the predecessors to enrich the evaluation index system and to identify
and eliminate the reviews from the water army based on the behavior characteristics of
reviewers and the content characteristics of reviews. Then, we use sentiment analysis and
topic analysis methods to extract the most important information in the reviews, portray
the corresponding product portraits, and improve the efficiency of users browsing reviews.

3. Identify and Eliminate Water Army Based on TF-IDF and LSI Models
3.1. TF-IDF and LSI Models

In order to create a good network ecosystem, the identification and elimination of
the water army is very important. With the development of data science, more and more
technologies have been developed and applied to the field of identifying water army, such
as text-based, user-based, and influence-based features methods, see Moon et al. [16]; Budhi
et al. [17]; Gaoswami et al. [18].

The Term Frequency-Inverse Document Frequency model (TE-IDF) [19] can evaluate
the importance of a word for all online reviews of a product, thereby scaling text data. The
term frequency indicates the frequency of items appearing in the document. TF-IDF is an
unsupervised learning method that gives higher weight to terms that often appear in a
particular document. However, the weight given to the terms that often appear in many
documents in the corpus is not high. If a word appears frequently in a particular document
but does not appear frequently in many documents, then the word is likely to be a better
description of the content of the document. The purpose of TE-IDF zooming is to find
words that can be used to distinguish documents, that is, the most “important” words.
The “important” here is not necessarily related to the “positive” or “negative” we want to
discuss. The formula for calculating the TF-IDF score of word w in document 4 is:

tfidf(w,d):tflog<£}111) +1 (1)
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where N is the number of documents in the training set, d is a document from N, N, is
the number of documents in which the word w appears in the training set, and f is the
number of times the word w appears in the query document d.

Scikit-learn 1.0.2 version is a popular machine-learning library in Python 3.8 [20];
under its framework, it has two functions for solving TF-IDF problems: TfidfTransformer
and TfidfVectorizer. The former accepts the coefficient matrix generated by CountVectorizer
and transforms it, and the latter accepts the text data and completes the bag of words feature
extraction and TF- IDF transformation.

Latent Semantic Indexing (LSI) is an unsupervised topic model based on the singular
value decomposition method used to obtain the topic of the text. Using the LSI model to
analyze the potential themes of the text and the self-similarity of the text, the water army
can be identified based on the content characteristics of the text. Eigenvalue decomposition
can extract the eigenvalues of the square matrix. Singular value decomposition can extract
the eigenvalues of any matrix, including square matrices, which have a wider range of
applications. Singular value decomposition can be explained as a matrix of m x n that can
be decomposed into three matrices:

Amxn = umxmBanVn];xn (2)
To reduce the dimension, it can also be written:
Amxn ~ umkakkakI;n (3)

When applied to a text topic model, m is the number of texts, n is the number of
words in each text, and k is the number of topics which is generally less than the number
of texts. And A;; corresponds to the feature value of the j-th word in the i-th text. After
singular value decomposition, U;; corresponds to the relevance of the i-th text and the I-th
topic, Vj, corresponds to the relevance of the p-th word meaning of the j-th word, and By,
corresponds to the relevance of the I-th topic and the p-th word meaning.

3.2. Water Army Characteristics and Identification Process

One of the behavioral characteristics of water army users is that they will post a
massive number of reviews in a short period of time. In other words, if a user posts a large
amount of reviews on a single-day basis, we can identify this user as a water army.

Moreover, water army often applies fixed templates, their emotional tone is relatively
single and extreme, and the self-similarity of water army users’ texts will be relatively high.
Therefore, another way of identifying the water army is based on the self-similarity of
comments. First, the TF-IDF model is used to extract the feature values of the comment
texts, and then the LSI model will analyze the auto-correlation of the user’s respective
comment texts. Num_topics is an important parameter in the LSI model and refers to the
number of topics contained in the document. We adjust Num_topics and choose the most
suitable parameter value.

3.3. Data Source

According to the different attributes of products, online products are mainly divided
into two categories: search goods and experience goods, see Zhai et al. [21]. Search goods
refer to products that consumers can obtain as much objective information as possible about,
including digital products and home appliances, through the objective description given
by the manufacturer before purchasing. Experience goods refer to a category of products
whose consumer reviews largely depend on subjective personal feelings, including food and
makeup. Consumers depend on online reviews when buying different types of products.
For example, consumers rely more on online reviews when buying experiential products.
There are a large number of water armies in the review area of experiential products. In
order to have an accurate model, this article chooses to analyze experiential products,
taking beauty and personal care products sold on online shopping platforms as an example.
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Specifically, we selected the Bioderma Make-up Removing product, which is at the top of
the top-selling makeup list of the online shopping platform JD.com, as a sample. We use
the Octopus crawler tool to collect reviews and the respective historical comment records.
The review data, ranging from 20 May 2020, to 18 September 2024, includes the user name
(partially shown by JD.com for privacy purposes), name of the product, purchase date,
review rating, review title, and review content (in simplified Chinese).

3.4. Identify and Eliminate Water Army

Table 1 reveals some comments identified by the suspected water army; for readers’
convenience, the original Chinese text is translated into English. It is evident that the water
army used fixed review templates for mass copying and pasting, resulting in very rigid and
unnatural feedback. Additionally, the number of these comments is quite staggering; the
total number of comments crawled is 5510, of which 949 are from fake reviewers, accounting
for a high percentage of 17%. As mentioned in the literature review, the presence of fake
comments potentially skews the consumers’ opinions and hides real information. Therefore,
it is necessary to identify and eliminate these fake reviews.

Table 1. Reviews posted by water army.

Review Content

“Always like the brand! The product packing is exquisite, not greasy on the face.

1 Removes the makeup. Feels refreshing after use. I will definitely repurchase this brand.
Bought two big bottles during promotion, can use for a long time, affordable!”
“Always like the brand! The product packing is exquisite, not greasy on the face.

2 Removes the makeup. Feels refreshing after use. I will definitely repurchase this brand.
Bought two big bottles during promotion, can use for a long time, affordable!”
3 “I bought this many times, and I'm still using it. I liked it.”

“Easy makeup removal, simple and convenient, good for sensitive skin. Eyelashes and
lips can be removed together. With a gentle wipe, the dirt falls off.”
“Easy makeup removal, simple and convenient, good for sensitive skin. Eyelashes and
lips can be removed together. With a gentle wipe, the dirt falls off.”

4. Text Classification Model Based on Sentimental Analysis
4.1. Classification Methods

Text sentiment classification is the process of analysis, processing, induction, and
reasoning for subjective texts with emotional colors; see Nandwani and Verma [22]. In
other words, the most meaningful elements in the text are extracted, the emotional color is
analyzed, and finally, the conclusions obtained from the analysis are applied to actual life.
So far, many scholars have conducted related research in this field. Three types of sentiment
analysis classification methods are summarized, namely sentiment dictionary, language
analysis, and machine learning, see Lightart et al. [23]. The main process of sentiment
analysis is shown in Figure 1.

Data preprocessing, Analyze the general tendency of text Extract the text of each emotional
word segmentation and > | sentiment color, and divide the data N direction, construct and analyze

filtering stop words. into positive, negative and neutral. the semantic network.

Figure 1. Sentiment analysis process.

The processing objects of sentiment analysis are generally text data, and there are
significant differences between text features and numerical features, so the text needs to be
expressed numerically before it can be used in algorithms.

SnowNLP 0.12.3 version, the sentiment analysis processing package in Python, uses
the naive Bayesian method to train and predict data. It has powerful functions and
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can perform Chinese word segmentation, analyze text emotional colors, and extract text
keywords. The sentiment attribute can automatically recognize the semantics of each
comment based on the emotional color score and classify it according to the corresponding
score to generate new texts of the corresponding category. This score is essentially the
probability of the appearance of various emotional themes and words in each comment,
so the score interval is 0 to 1. The higher the score, the richer the positive emotional color
conveyed in the sentence; on the contrary, the more negative the emotional color.

Convolutional Neural Networks (CNN) are commonly used in computer vision image
analysis and natural language processing in the field of deep learning. CNN has three
characteristics: local connection, weight sharing, and sub-sampling. The main flow of CNN
text processing is shown in Figure 2.

Training samples [—>| Data preprocessing [ Wordvector > Convolution

v

Training model Adjust the weight € Fully connected [€—  Pooling

Figure 2. CNN training process.

CNN text processing is mainly used in sentiment analysis and topic classification tasks.
This method directly uses the convolution kernel as a shared weight to connect the entire
neural network, which has been proven to be convenient for most texts. In this paper, we
employ TextCNN (PyTorch 2.0.1 version) for sentiment classification. To achieve the best
fitting results, we train our model by iteratively optimizing the algorithm and continuously
adjusting the model parameters. Eventually, our model parameters are as follows:

Embedding: Set to 10, representing the vector dimension for each word in the in-
put layer.

Maximum sentence length: Set to 200, indicating the maximum length allowed when
processing sentences.

Batch Size: Determined to be 100, representing the amount of data used for training
in each iteration. A reasonable batch size helps balance memory usage efficiency with the
stability of model training.

Epochs: Set to 100, indicating the number of times the entire dataset will be traversed
for training. Sufficient training cycles help the model fully learn data features, achieving
better generalization.

Learning Rate: Set to 0.001, as a smaller learning rate helps the model adjust parame-
ters more finely during training, avoiding overfitting.

Hidden Layer Channels: Set to 12, representing the number of output channels in the
convolutional layer of TextCNN.

4.2. Evaluation Metrics

In this paper, the F1 score is used to measure the accuracy of the two-class model. The
F1 score is the harmonic average of precision and recall. The maximum value is 1, and the

minimum value is 0.

F =2 pre?zfzon-recall @
precision + recall

4.3. Data Preprocessing

In order to encourage consumers to post reviews to attract more potential consumers,
businesses generally propose an encouragement mechanism. When the number of reviews
made by consumers reaches the lower limit, they can receive several rewards. In order to
improve the effectiveness of reviews, some e-commerce platforms also set a lower limit for
the number of reviews. The original intention of this initiative is positive, but in the actual
implementation process, many consumers may post redundant and invalid repetitive

159



Mathematics 2024, 12, 3234

reviews. Therefore, the comment text obtained directly from the e-commerce platform will
inevitably contain a large amount of invalid information. If invalid information is intro-
duced into the subsequent analysis work, it will lead to deviations. Therefore, it is necessary
to preprocess the data, filter the data, and remove the repetitive and meaningless content.

Text deduplication is to remove the repetitive and meaningless parts of the text. There
are two main reasons for removing these invalid parts. On the one hand, when consumers
purchase a certain product multiple times, they may directly copy and paste the reviews
from the previous purchase for convenience and post the same reviews again. Some
consumers copy and paste other consumers’ reviews for convenience. Deduplication can
keep only one of these same reviews. On the other hand, e-commerce platforms will
stipulate that consumers post reviews within a certain time limit; otherwise, the system
will automatically generate reviews. In addition, consumers can choose the system to
automatically generate reviews when they post reviews. For example, there are a lot of
“system default praise” in the product review area of JD.com. This kind of comment is
obviously of no analytical value.

A total of 949 duplicate comments were deleted, and the new sample comment set
contains 4561 reviews. The 4561 reviews corresponding to 4561 users are numbered 1-4561
sequentially.

Many consumers use repetitive words in reviews in order to reach the lower limit of the
number of words in a review. Such repetitive and meaningless fragments generally appear
at the beginning or the end of the corpus. The purpose of mechanical compression is to
remove these fragments. The code character encoding module is called when mechanically
compressing the text. The specific steps of mechanical compression are as follows: first, the
comment text is processed in the correct order, and the words with the same prefix in the
comment text are removed and then the newly generated comment text is reversed, and
the words with the same prefix are removed again, and finally the text is reversed back to
the normal sequence.

After completing the above preprocessing steps, in order to intuitively understand the
main emotional tone conveyed in the text, we use the command ‘word cloud’ to generate a
word cloud image of the preprocessed text. Jieba module 0.42.1 is used to split text into
segmented words, incorporating stop words and a custom dictionary during the process.
Stop words can eliminate unimportant words, such as conjunctions and pronouns like
“you”, “and” and “then”. Next, rank frequently used words to generate a word cloud.
Among these words, “clean”, "not bad”, “makeup removal”, “mild”, “good to use” and
“repurchase” rank the highest accordingly. The majority of sentimental words in word
clouds convey a positive attitude.

4.4. Experimental Results

We call the sentiment analysis processing package SnowNLP in Python to get the final
scoring result of each comment, as shown in Figure 3. It can be seen from Figure 3 that the
score clusters around 1, indicating an overall positive sentiment of consumers.

Suppose the sentiment score is 5. The standard for the first classification is: if s > 0.5,
it means that the text conveys positive sentiment, then the review will be classified as
a positive review; if s < 0.5, it will be classified as a negative review. In addition to
expressing positive emotions, positive reviews’ text length is usually longer than negative
reviews’, and makes its TF-IDF weight higher. The positive review allows users to form
a comprehensive understanding of the product. In other words, it is more effective for
manufacturers, consumers, and regulators. Most of the reviews classified as negative
reviews are negative experiences of the product or descriptions that have nothing to do
with the product itself.
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Figure 3. Sentiment analysis score chart. The horizontal axis represents the ID of 4561 users, and the
vertical axis represents the score.

The sentiment attribute is judged by the built-in trained model. Consumers choose
the positive and negative reviews on this online shopping platform. The positive reviews
published by some consumers in order to meet the word count requirements or the positive
reviews published by the system by default will be included in the negative reviews during
the sentimental mining process. Such positive reviews actually do not contain positive
sentimental colors. Therefore, the classification result obtained by the sentiments attribute
must be different from the number of positive reviews and negative reviews displayed on
the online shopping platform. Table 2 shows the classification results of the three sentiment
analyses. For the TextCNN and SnowNLP sentiments analysis, the number of positive
reviews is less than the number of positive reviews displayed on the online shopping
platform, and the number of negative reviews is more than the number of negative reviews
displayed on the platform.

Table 2. Classification results of the review types.

. The Online Shopping -
Review Type Platform Textcnn Logistic SnowNLP
positive review 4308 4048 4535 3611
negative review 253 513 26 950

This article selects the Jieba word segmentation tool, inserts the stop word dictionary
of Harbin Institute of Technology, and adds the custom stop words based on the actual
situation for word segmentation. The custom stop words mainly include some network
terms. Call the CountVectorizer and TfidfTransformer functions in the scikit-learn feature
extraction.text library to calculate the TF-IDF weight of the text [23]. Based on the known TE-
IDF weights, the logistic regression classification method under the scikit-learn framework
is called, and the results are shown in Table 3.

Table 3. Logistic Classification Results.

Label Precision Recall F1_Score
positive review 0.69 1.00 0.82
negative review 1.00 0.02 0.03

It can be seen from Table 3 that even though the precision for negative review hits 1,
the recall rate and F1 score are extremely low. For positive reviews, the logistic classification
was able to detect all positive reviews but only with 69% precision. Overall, the logistic
classification is considered invalid, and further adjustments are required.
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Table 4 shows the SnowNLP classification performs better than the logistic classifica-
tion in a negative review. The F1_score of positive review and negative are 0.88 and 0.84,
respectively, suggesting SnowNLP is a reasonable classification method.

Table 4. SnowNLP Classification Results.

Label Precision Recall F1_Score
positive review 0.91 0.84 0.88
negative review 0.70 0.83 0.76

As shown in Table 5, the classification result of TextCNN is better. Basically, posi-
tive and negative reviews can be better distinguished. TextCNN outperforms previous
classification models; overall, it can be considered the most effective one.

Table 5. TextCNN Classification Results.

Label Precision Recall F1_Score
positive review 0.89 0.93 091
negative review 0.87 0.81 0.83

Table 6 displays the weight average value of each measurement among logistic,
SnowNLP, and TextCNN classifications. Apparently, logistic classification is not an ideal
choice. SnowNLP and TextCNN both proved to be valid, but TextCNN is slightly better.

Table 6. Classification Comparison.

Classification Precision Recall Accuracy F1_Score
Logistic 0.79 0.69 0.69 0.57
SnowNLP 0.85 0.83 0.83 0.84
TextCNN 0.88 0.89 0.89 0.88

5. The Analysis of Online Product Reviews
5.1. LDA Model

Latent Dirichlet Allocation (LDA) is an unsupervised learning model that extracts
topics from text. The normal sequence of text generation is from words to topics and finally
text; however, LDA attempts to reverse engineer this process [13]. According to the existing
text, several topics are selected under a certain probability, and finally, under these several
topics, several corresponding words are selected with a certain probability. Intuitively,
the LDA model attempts to find word groups that frequently appear together in a text
containing multiple topics. Each document can be understood as a “mixed” of subsets of
various topics. These topics refer to the components extracted from the text, which may or
may not have semantics.

Suppose there are several topic sets T in the text set D; the word set composed of
all the different words contained in D is V, and there are m words and k topics in total.
Consider each text d in D as a word sequence (wq,ws, - - - ,wy). The position of these n
words in the sequence has no effect on the LDA algorithm. The probability that each text n
in D corresponds to a different topicis (ps1, pr2, - - - , psx) The probability of corresponding
to the i-th topic in text d is defined as:

Nti

pri =" 5)

The total number of words in the text is 1, n;; represents the number of words corre-
sponding to the i-th topic in the text d. The probability that the topic t in each topic set T
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generates a different word is (p1, Pw2, - -, Pwm)- The probability that the topic ¢ generates
the i-th word in the entire word set V is P,,;. Specifically,

Nwi
N

Pui = (6)

N, represents the number of the i-th word in the word set V corresponding to the
topic ¢, and N is the total number of all words corresponding to the topic ¢. In summary,
the core formula of the LDA model is:

p(wld) = p(wlt) x p(t|d) )

5.2. Optimal Number of Topics in LDA Topic Modeling

The LDA model is used for topic analysis, and the probability has indicated the
frequency of topic feature words in various topic texts. As shown in Table 3, TextCNN
classification divides 4561 reviews into 4048 positive reviews and 513 negative reviews; we
use this result to perform the LDA model. First, determine whether it is a stop word for
the word segmentation result. When a stop word is encountered, it will be removed. Then,
clean the text again, and convert the words into vectors, and use the LDA model to train
the positive and negative word segmentation results. The output is the clustering result of
several features in all kinds of texts.

When conducting LDA topic modeling, the optimal number of topics directly affects
the interpretability and predictive power of the model. By analyzing the graph of average
cosine similarity between positive and negative reviews, the cohesion and differentiation
of each topic can be evaluated to determine the optimal number of topics. Cosine similarity
represents the distance between topics, with higher cosine similarity indicating more over-
lap between topics and lower cosine similarity suggesting better classification performance.
Figure 4 shows cosine similarity for both positive and negative reviews.

0 2 4 6 8

Figure 4. Cosine similarity for both positive and negative reviews. The horizontal axis measures a
number of topics, and the vertical axis measures cosine similarity.

For positive reviews, the average cosine similarity increases and then stabilizes as
the number of topics increases. When there are fewer topics, the similarity is lower,
possibly because a small number of topics cannot fully capture the diversity of the reviews,
leading to significant differences in the content within the same topic. As the number
of topics increases, the similarity gradually rises, indicating that the content within each
topic becomes more consistent. Once the number of topics reaches a certain point, the
growth remains unchanged, suggesting that adding more topics does not bring additional
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information but rather increases the complexity of the model. The cosine similarity is
lowest when the number of topics is 2, but with sufficient sample size, we eventually
choose 3 to be the optimal number of topics for positive reviews.

For negative reviews, the average cosine similarity shows a trend of initially decreasing
and then slowly increasing. The similarity for negative reviews decreases more rapidly
with fewer topics, indicating that the content of negative reviews is more concentrated and
consistent, requiring fewer topics to achieve higher cohesion. The similarity between topics
is lowest when the number of topics is 2, so 2 is also determined as the optimal number of
topics for negative reviews.

5.3. Sentiment Analysis for Both Positive and Negative Topics

As shown in Table 7, positive topics include consumer experience, product value,
and after-sales. Among consumer experience, keywords such as “refreshing”, “gentle”,
“fast”, “good” and “logistics” reflect consumers’ strong satisfaction with the product ex-
perience and their positive attitudes toward delivery speed. This indicates significant
affirmation of the product. Under the product value topic, words like “worth”, “feel-
ing”, “price”, “packaging”, “like” and “real” suggest strong shopping satisfaction from
consumers to purchase this product. The after-sales topic includes keywords like “repur-
chase”, “affordable”, “promotions”, “useful”, “purchase” and “quality” indicating that
consumers recognize the company’s commitment to product quality and find the selling

price reasonable and acceptable.

Table 7. Keywords of positive and negative topics.

Topic Trend Topic Keywords
Consumer experience refreshing, gentle, fast, good, logistics
Positive Product value worth, feehn.g, price, packaging,
. like, real
Topic

repurchase, affordable, promotions,

After sales useful, purchase, quality

L. . poor, leaking, damage, fake,
) Logistics experience .
Negative packaging

Topic i !
P Consumer feedback customer service, poor, bottle,
packaging, cap

Negative topics are logistics experience and consumer feedback. The first topic in-
cludes keywords such as “poor”, “leaking”, “damage”, “fake” and “packaging” which
highlight consumers’ dissatisfaction with product integrity. This reveals that the company
should enhance quality checks and protective measures during shipping to fundamentally
improve the consumer experience. In the second topic, keywords like “customer service”,
“poor”, “bottle”, “packaging” and “cap” reflect consumer dissatisfaction with service and
raise doubts about the product itself, creating a divergence from positive reviews. The prod-
uct company should comprehensively consider consumer feedback to optimize the product
and upgrade all aspects from production to after-sales service, striving for sustainable

development and promotion of the product.

6. Conclusions

Online reviews are a necessary reference for consumers before making online shopping
decisions. However, driven by interest, a large number of fake reviews have emerged
online, making it difficult for consumers to obtain genuine product experiences. This
study collected 5510 review data from JD.com and analyzed it using machine learning
and data visualization methods, identifying 949 reviews posted by water army. After
eliminating the water army, we explored the positive and negative sentiments in the rest of
the reviews. The result reveals that positive sentiments significantly outnumber negative
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ones, indicating a generally favorable consumer evaluation of the Bioderma Make-up
Removing product. Finally, through LDA topic analysis and keyword examination, our
study delved into users’ authentic feelings. The majority of consumers held a positive
view regarding product effectiveness, packaging, and logistics speed, with some users
even making repeat purchases. However, there was considerable dissatisfaction regarding
product integrity, and a few users expressed doubts about the products.

Product manufacturers, consumers, and regulators can carry out the targeted work and
make decisions based on the product portraits. Based on our findings, several suggestions
are proposed for product manufacturers, consumers, and regulators:

First, manufacturers should focus on topic phrases extracted from negative reviews
in the research and development process. For example, they consider how to enhance
the effect of the product and improve the practicality of the product and the consumer
experience. They also need to consider how to improve the packaging so that the product
is not easily damaged during transportation and is more convenient for consumers to use.
In addition, manufacturers should focus on the topic phrases extracted from the praise in
the sales link, such as combining the true advantages of the product, determining the key
direction of marketing, and putting an end to false propaganda.

Second, for consumers, the subject terms of various reviews help them quickly and
concisely obtain effective information from a large number of reviews and improve the
efficiency of online shopping.

Third, for regulators, information from reviews can be used as a reference in the
supervision process to supervise whether manufacturers have false propaganda or whether
consumers have unreasonable complaints.

Finally, the model can effectively identify the water army and eliminate interfering
reviews. To thoroughly solve the problem of the water army, the supervisory authority
should clarify the water army concept, strictly implement the supervision system, increase
penalties, and create a good online shopping environment.

Our study has made some progress but still has certain limitations, outlined as follows:

Firstly, this study focuses solely on the e-commerce platform of JD.com, which is quite
narrow. Obviously, water army activities across various platforms may exhibit different
patterns. Future research could consider analyzing multiple platforms to explore whether
differences in platforms lead to variations in the number of online reviews and the quantity
of water army.

Secondly, the research methods could also be further optimized. This study uses cosine
similarity to identify the water army, but there are other methods available. Exploring a
combination of different approaches could enhance the accuracy of water army detection.
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Abstract: Large-scale crowd flow prediction is a critical task in urban management and
public safety. However, achieving accurate and efficient prediction remains challenging.
Most existing models overlook spatial heterogeneity, employing unified parameters to
fit diverse crowd flow patterns across different spatial units, which limits their accuracy.
Meanwhile, the massive spatial units significantly increase the computational cost, limiting
model efficiency. To address these limitations, we propose a novel model for large-scale
crowd flow prediction, namely the Stratified Compressive Sensing Network (SCS-Net).
First, we develop a spatially stratified module that posterior adaptively extracts the un-
derlying spatially stratified structure, effectively modeling spatial heterogeneity. Then, we
develop compressive sensing modules to compress redundant information from massive
spatial units and learn shared crowd flow patterns, enabling efficient prediction. Finally,
we conduct experiments on a large-scale real-world dataset. The results demonstrate
that SCS-Net outperforms deep learning baseline models by 35.25-139.2% in MAE and
26.3-112.4% in RMSE while reducing GFLOPs by 53-1067 times and shortening training
time by 3.1-83.2 times compared to prevalent spatio-temporal prediction models. More-
over, the spatially stratified structure extracted by SCS-Net offers valuable interpretability
for spatial heterogeneity in crowd flow patterns, providing deeper insights into urban
functional layouts.

Keywords: crowd flow prediction; large scale; compressive sensing; spatial heterogeneity;
spatially stratified structure

MSC: 68T09

1. Introduction

With the accelerated pace of urbanization, urban population density has increased
rapidly [1,2]. The improper allocation of urban infrastructure has triggered numerous
issues, such as traffic congestion and crowd crush [3-5]. Crowd flow prediction, which aims
to forecast the future total number of people entering or leaving a given region (i.e., inflows
and outflows) [6-8], plays a crucial role in mitigating these issues. Specifically, accurate
crowd flow predictions enable transportation authorities to dynamically adjust public
transit resources and optimize urban infrastructure allocation. In addition, by providing
early warnings of high crowd concentrations, these predictions support precautionary
measures for urban public safety.
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Temporal and spatial dependencies are fundamental for ensuring the predictability of
crowd flow [9,10]. Since deep learning techniques have achieved significant progress in
spatio-temporal prediction tasks, numerous recent studies have developed diverse neural
network models to capture these dependencies [11,12]. Regarding spatial modeling, prevail-
ing approaches are typically categorized into Convolutional Neural Network (CNN)-based
models, Graph Neural Network-(GNN) based models, and attention-based models [13].
Although these methods effectively model spatio-temporal dependencies, the increasing
demand for large-scale crowd flow prediction presents two major challenges: inaccuracy
and inefficiency.

Firstly, inaccuracy is primarily attributable to spatial heterogeneity, which implies
that spatio-temporal dependencies vary across different spatial units [14]. Existing crowd
flow prediction models often overlook the influence of spatial heterogeneity. They employ
unified parameters to fit the diverse crowd flow patterns across various spatial units,
leading to unsatisfactory predictions [15]. Since the spatio-temporal evolution of crowd
flow is closely related to human activities and regional functions [16,17], the patterns across
different spatial units are not entirely unique but share certain similarities [18]. For example,
workers typically commute daily between their residences and workplaces, while older
adults often travel between parks and their homes during the day [19]. This regularity
indicates that crowd flow patterns exhibit a spatially stratified structure, which categorizes
the spatial units. Spatial units of the same type tend to display similar patterns. Since
spatial heterogeneity becomes more significant at larger scales, it is crucial to understand
and leverage this structure for effective modeling of spatial heterogeneity.

Secondly, inefficiency arises from the massive spatial units. Since existing crowd
flow prediction models are primarily designed based on small-scale public datasets,
the efficiency challenges introduced by large-scale prediction have not been adequately
considered [20-22]. Specifically, due to irregular urban boundaries, CNN-based models
struggle to be directly applied. A large number of unnecessary spatial units must be
incorporated to fill the standardized tensor structures required for convolutional opera-
tions, leading to additional computational overhead and increased data noise. Although
GNN-based and attention-based models can more flexibly adapt to diverse spatial unit
distributions, their computational cost increases significantly with the expansion of spatial
extent. When the number of spatial units grows by a factor of N, the computational cost of
the adjacency matrix and self-attention mechanism increases by a factor of N2, significantly
reducing model efficiency. This highlights the urgent need for a more scalable and efficient
model for large-scale crowd flow prediction.

In this study, we propose a novel model for large-scale crowd flow prediction, namely
the Stratified Compressive Sensing Network (SCS-Net). The proposed SCS-Net consists
of two key components: (1) a Spatially Stratified Module (SS-Module), which extracts the
spatially stratified structure of crowd flow, and (2) several Compressive Sensing Modules
(CS-Modules), which learn the shared crowd flow patterns. The main contributions of this
study are summarized as follows:

e  We developed a spatially stratified module to model spatial heterogeneity. This
module enables posterior adaptive extraction of the spatially stratified structure from
geographical environments, improving prediction accuracy.

e  We developed several compressive sensing modules to enhance efficiency. By com-
pressing redundant information among spatial units of the same type, this module
facilitates the learning of shared crowd flow patterns, thereby significantly improving
computational efficiency. Meanwhile, by leveraging the information lost after recon-
struction, this module captures residual fluctuation patterns, further enhancing the
model’s predictive capabilities.
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e  We evaluated our proposed model for large-scale crowd flow prediction in Fuzhou,
China. Experimental results demonstrated its significant advantages over baseline
models in both accuracy and efficiency. Based on the interpretability analysis of
the spatially stratified structure, we found that spatial heterogeneity in crowd flow
patterns is closely related to the urban functional layouts in Fuzhou.

2. Related Works

Crowd flow prediction has emerged as a pivotal task in urban dynamic monitoring,
aiming to uncover spatio-temporal patterns from historical crowd flow data to forecast
future crowd movements. It provides essential decision support for urban management
and public safety. Hoang et al. (2016) proposed the first model for Forecasting Citywide
Crowd Flow (FCCF) [6]. It leverages Intrinsic Gaussian Markov Random Fields to capture
seasonal and trend components in crowd flow while employing a spatio-temporal residual
model to learn spatio-temporal dependencies. Since then, driven by the strong capacity of
neural network architectures to model these dependencies, numerous deep learning-based
approaches have been developed [23]. Based on their spatial modeling strategies, these
crowd flow prediction models can be broadly classified into CNN, GNN, and attention-
based models.

CNN-based models, the most prevalent in crowd flow prediction, leverage convolu-
tional operations to capture spatio-temporal dependencies in crowd flow data. For instance,
the deep-learning-based prediction model for spatio-temporal data (DeepST) [24] and
Spatio-Temporal Residual Network (ST-ResNet) [7] employ 2D convolutions to model spa-
tial dependencies, as well as temporal closeness, periodicity, and trends. Building on this,
Zheng et al. (2019) introduced 3D convolutions to enhance the modeling of spatio-temporal
dependencies [25]. Since crowd flow patterns are constrained by the local receptive fields of
standard convolutions, several improvements have been proposed. In the spatial domain,
the ConvPlus architecture expands the spatial receptive field of convolutions [26,27]. In
the temporal domain, recurrent neural networks (RNNs) have been combined with con-
volutional structures to extend the temporal receptive field [28-31]. However, due to the
inherent limitation of convolutional operations on regular grid-based data, CNN-based
models struggle to adapt to complex study areas with irregularly shaped spatial units.

GNN-based models can more flexibly handle complex spatial units, such as admin-
istrative districts [32]. For spatial modeling, existing studies primarily construct graphs
based on spatial proximity, road connectivity, and functional similarity to capture spa-
tial dependencies between units [17,33,34]. Based on this, the Graph Attention Network
(GAT) has been introduced to enhance GNN-based models by adaptively assigning edge
weights [35]. However, defining a suitable graph is challenging, as it often relies on
prior knowledge.

Attention-based models apply self-attention mechanisms to adaptively learn the in-
trinsic spatio-temporal structures in crowd flow data [36,37]. To better capture the influence
of the geographical environments, environmental factors are also mapped into embedding
vectors and integrated into the spatio-temporal attention mechanism [38,39]. However,
attention-based models frequently compute pairwise attention scores between spatial units,
which is considerably less efficient compared to CNN-based and GNN-based models.

Meanwhile, most of these models are designed based on small-scale datasets, such
as the TaxiNYC dataset (with 10 x 20 = 200 grids) and the BikeNYC dataset (with
16 x 8 = 128 grids). Since large-scale crowd flow prediction has become a critical demand
in urban dynamic monitoring [40,41], these models overlook the impact of the number of
spatial units on efficiency, making them difficult to apply in practice. Specifically, spatial
convolutions often require numerous additional spatial units to maintain grid regular-
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ity, while the computational cost of graph convolutions and self-attention mechanisms
increases significantly with the number of spatial units. Although Jiang et al. (2021) and Su
et al. (2023) introduced pyramid structures to model the multi-scale spatio-temporal depen-
dencies of large-scale crowd flow [20,42], the efficiency of these models remains concerning.

Moreover, these models overlook the impact of spatial heterogeneity, which limits
their predictive performance. Since spatial units with similar geographical environments
exhibit similar patterns [43], identifying the spatially stratified structure of spatial units
has become an effective approach for modeling spatial heterogeneity [44,45]. Lin et al.
(2023) applied K-shape clustering to extract spatial units of the same type for spatial het-
erogeneity modeling [19]. However, this method is constrained by its reliance on a priori
linear similarity metrics. Liang et al. (2021) proposed an unsupervised Mincut loss to
posteriorly cluster spatial units [15]. However, the loss enforces spatially compact and
balanced clusters, which contradicts the irregular urban functional layouts and impairs
interpretability. Therefore, accurately extracting the spatially stratified structure by incor-
porating geographical environments is crucial for enhancing the accuracy of crowd flow
prediction models.

3. Preliminaries

Definition 1 (Spatial unit). The fundamental units that constitute the study area. The most
common shape of a spatial unit is a grid.

Definition 2 (Crowd flow). The total number of people entering or leaving a spatial unit within
a given time interval, including inflow and outflow. The crowd flow at time t is denoted as
X+ € RN*2 where N denotes the number of spatial units.

Definition 3 (Geographical environments). External factors related to crowd flow that char-
acterize human activities, functions, and other attributes of spatial units. The geographical envi-
ronments of the study area are represented as E € RN*D  where D denotes the number of external
factors.

Definition 4 (Large-scale area). A study area is defined as large-scale if it comprises more than
10,000 spatial units or covers at least one entire city. This definition is empirically based on
(1) the typical spatial resolution (1 km x 1 km) adopted in publicly available crowd flow datasets,
(ii) the area of most cities, and (iii) the application contexts of large-scale crowd flow prediction. This
empirical definition provides an explicit and testable reference for distinguishing between large-scale
and small-scale crowd flow prediction.

Problem 1. Here, we define the problem of large-scale crowd flow prediction as follows: Given
historical crowd flow X = {X t}tTi1 € RN*2XTh for N spatial units during the time period from
1 to T1, along with the geographical environments E, the goal is to predict the future crowd flow
X' = {Xf}tT:iTil € RN*2xT2 for the time period from Ty + 1 to Tp.

4. Methodology

Figure 1 illustrates the framework of the proposed SCS-Net, which consists of a
Spatially Stratified Module (55-Module) and several Compressive Sensing Modules (CS-
Modules). The SS-Module first clusters the spatial units based on their geographical
environments to extract the spatially stratified structure. Then, for the spatial units in each
cluster, a certain CS-Module compresses the redundant information in the historical crowd
flow of the spatial units for efficient prediction. Finally, the parameters of SCS-Net are
optimized through the prediction loss, the clustering loss, and the compressive sensing
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loss. We then aggregate the predictions of spatial units in different clusters to obtain the
future crowd flow.
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Figure 1. Framework of the proposed SCS-Net.

4.1. Spatially Stratified Module

The influence of spatial heterogeneity on crowd flow is reflected in a certain spatially
stratified structure, which is closely related to geographical environments. In other words,
spatial units with similar geographical environments are likely to exhibit similar crowd
flow patterns. Clustering the spatial units has been proven to be a feasible approach for
extracting the spatially stratified structure. However, the results of prior clustering methods
are often overly generic, as they are not customized for the crowd flow prediction task.

Therefore, we integrate the process of clustering spatial units into the neural net-
work to capture the task-specific spatially stratified structure posteriorly. Specifically, we
employ two fully connected neural networks to learn the correlations between different
spatial units from the geographical environments E. Based on this non-linear similarity
measure, the clustering matrix can be obtained. The SS-Module can be formulated by the
following equation:

B = Softmax (0 (EWg + bg) W2+ bs) 1)

where B = {Bk},If:1 € RN*K denotes the clustering matrix, and K denotes the number of
clusters. Each column of B represents the probabilities of all spatial units belonging to
a specific cluster; each row of B corresponds to the classification vector of a spatial unit,
representing its probabilities of belonging to each cluster. Spatial units with more similar
geographical environments will have more similar classification vectors. o(-) denotes the
ReLU activation function; So ffmax(-) denotes the Softmax activation function; Wg, bg, w§,
and b? are all learnable parameters.

4.2. Compressive Sensing Module

In large-scale crowd flow prediction, existing CNN, GNN, and attention-based models
are all constrained by the computational cost of spatial modeling. To address this, we
introduce the idea of compressive sensing from the signal processing field. Compressive
sensing extracts key information in the sparse domain (e.g., frequency-domain signals)
from discrete sampling signals, enabling efficient reconstruction of the original signal. In
crowd flow, such key information corresponds to the shared patterns. We develop a flexible
and efficient prediction architecture with linear complexity, namely the CS-Module, as
illustrated in Figure 2.
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Figure 2. Architecture of the CS-Module.
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The CS-Module consists of four steps: information compression, pattern prediction,
trend reconstruction, and residual learning. Specifically, for the k-th column of the clustering
matrix By, the information compression step first applies two convolutional layers to
compress the redundant information of different spatial units in the historical crowd
flow and learn the shared crowd flow patterns. This process can be formulated by the
following equation:

Py = Convc(By ©® X) = U(BkQX*W};er};) « W2 + b2 )

where Py = {rPk,t}tTi1 € REX2xTh denotes the L shared patterns in the embedding space,
with each shared pattern containing a portion of the key information, similar to an eigenvec-
tor in a matrix; Convc(-) denotes the operation process of the information compression step.
This process considers three key components: the similarities across different crowd flow
series, the temporal dependencies within each series, and the correlations between inflow
and outflow series; © denotes the Hadamard product, which controls the proportion of
information from X flowing into the k-th CS-Module based on By; * represents the convolu-
tion operator; ch, blc, W%:, and b% are all learnable parameters. The convolution kernel size
is set to 3 with a padding of 1 to ensure the length of the time slices remains unchanged.

The information compression step simplifies the prediction task of numerous spatial
units in the physical space into the prediction task of L shared patterns in the embedding
space, significantly improving the efficiency of crowd flow prediction. Second, the pattern
prediction step applies a Gated Recurrent Unit (GRU) to capture the temporal dependencies
in the shared patterns and predict their future evolution. This process can be formulated as
the following equation:

R; = O'(Pk,twpr + H; Wy, + br) 3)

Z; = V(Pk,twpz + H; Wy + bz) 4)
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H; = tanh(Pj Wy, + (Rt © Hy_1) Wy, + by,) (@)
Hi=Z:0Hq + (1—Z:) 0 H; ©)
Prt+1 = HWg +bg (7)

where R; and Z; denote the reset gate and update gate of the GRU, respectively; ﬁt
represents the candidate hidden states; H;_; and H; are the hidden states at times t — 1
and t, respectively; tanh(-) denotes the tanh activation function; Wy, Wy, by, Wy, W,
bz, Wyn, Wi, by, Wi, and bg are all learnable parameters. Through iterative prediction,

the future shared crowd flow patterns P} = {'Pk,t}tT:ile € REX2XT2 can be obtained.
Based on this, the trend reconstruction step applies two convolutional layers to per-

form the inverse process of the information compression step, i.e., mapping the historical

and future shared patterns into the crowd flow in the physical space. This process can be

formulated as the following equation:
T4l = o ([Pul[P] + Wh+ b) « Wi + b ®

where T € RN*2%T1 and T, € RN*2%T2 represent the reconstructed historical and future
crowd flow of the spatial units in the k-th cluster. Considering that P, and P}, represent
the shared crowd flow patterns, the reconstructed 7 and 77, can represent the crowd flow
trend. W4, b}a, W%z, and b%{ are all learnable parameters, where the convolution kernel size
is 3 and the padding is 1 to ensure the length of the time slices remains unchanged.

It is evident that the reconstructed crowd flow retains only the key trends while losing
the details of the spatial units. To fully leverage the information in the crowd flow data
for improving predictions, the residual learning step employs a Gated Linear Unit (GLU)
to capture the fluctuation patterns of the residuals between the historical crowd flow and
the trends and to predict the future residuals for each spatial unit. This process can be
formulated as the following equation:

Ri=BrOX — Ty )

R = (RkW} + b}) © sigmoid (Rkw"f + b%) (10)

where R and R, denote the historical and future residuals, respectively; sigmoid(-) de-
notes the sigmoid activation function; and W}, b}, W2, and b? are all learnable parameters.

By integrating the trend and residual predictions from the CS-Modules corresponding
to different clusters, the final crowd flow predictions X' € RN*2%T2 can be formulated as
the following equation:

R K
A=Y (Th+RY) (1)
k=1

4.3. Optimization

In our proposed SCS-Net, we design three types of losses to guide the model’s training;:
the prediction loss, the clustering loss, and the compressive sensing loss. The prediction
loss aims to minimize the discrepancy between the predicted crowd flow and the actual
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future crowd flow, ensuring the accuracy of the predictions. The prediction loss £, can be
formulated as the following equation:

A 112
|2 -2
Lp = Nx2xT, (12)

where ||-||, denotes the L2 norm. The clustering loss aims to promote the sparsity of the
classification vectors of spatial units, ensuring the effectiveness of the SS-Module. The
clustering loss L. can be formulated as the following equation:

B'Bo I

-

- 13
BTB1 13

2

where 1 € RKX1 is a row vector with all elements equal to 1, and I € RX*K is an identity
matrix. When the classification vectors of different clusters are orthogonal and those within
the same cluster are sparse, B'B tends to be a diagonal matrix. ﬁ serves as a diagonal
normalization of BTB. The compressive sensing loss aims to promote the completeness of
the reconstructed crowd flow information and the accuracy of the shared pattern predic-
tions, ensuring the effectiveness of the CS-Modules. The compressive sensing loss can be

decomposed into two parts, Lg; and Lgy, and formulated as the following equation:

|t
Ls1= Nx2xT; (14)

2K (P}~ Conoc (Bi o 21)|[]
Kx2xT,

Ls; = (15)

To train the proposed SCS-Net, the overall loss, composed of the three losses men-
tioned above, will be minimized to optimize the SCS-Net’s parameters. The overall loss
can be formulated as the following equation:

L=Ly+AcLet Lo+ AsLy, (16)

where £ denotes the overall loss. Considering the scale discrepancies among different loss
terms, A; € [0,1] and Ag € [0, 1] are introduced to balance the importance of the loss terms.

5. Experiments
5.1. Dataset

In this study, we conducted experiments on a large-scale real-world dataset, the
CrowdFZ dataset. This dataset is derived from Android device location data in Fuzhou,
China, provided through a collaboration with Chinese telecom operators. The data have a
population sampling rate of approximately 20%, with a random sampling process, and each
record finely reflects a user’s location. Therefore, we believe that this dataset is sufficiently
capable of representing large-scale real-world crowd movements. Based on this, we divided
Fuzhou into grids with a spatial resolution of 0.01 degrees in both latitude and longitude,
resulting in a total of 11,418 spatial units, as shown in Figure 3. We then aggregated the
inflow and outflow within each grid at 30 min intervals from 1 January 2023 to 28 February
2023 to construct the CrowdFZ dataset.

Additionally, we collected the 2022 Point-of-Interest (POI) data and the 2023 road
network data of Fuzhou to describe the geographical environments. The POI data were
sourced from Gaode Map (https:/ /lbs.amap.com/ (accessed on 11 May 2024)), while the
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road network data were obtained from OpenStreetMap (https://download.geofabrik.de
(accessed on 21 November 2024)). The geographical environments include 22 external
factors, denoted as D = 22. Specifically, we used the POI data to calculate the number of
facilities in each spatial unit for the following categories: tourist attractions, transportation
facilities, educational and cultural institutions, healthcare services, sports and fitness
centers, leisure and entertainment venues, dining establishments, shopping locations,
hotels and accommodations, life services, residential and commercial buildings, business
enterprises, automotive services, and financial institutions, totaling 14 external factors.
Using the road network data, we computed the distance from each spatial unit to primary
roads, secondary roads, tertiary roads, and residential roads, as well as the length of these
four types of roads within each spatial unit, totaling eight external factors.
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Figure 3. Spatial distribution of the spatial units in the CrowdFZ dataset of Fuzhou.

5.2. Experiment Setting and Evaluation Metric

To ensure the fairness of the comparison, we adopted almost identical experimental
settings for our proposed SCS-Net and the deep learning baselines. Specifically, we used
the historical crowd flow data from the previous six time slices (T} = 6) to predict the
next one or three time slices (T, = 1 or 3). The last two weeks of the CrowdFZ dataset
were used for testing, while 80% of the remaining data were randomly selected for training
and 20% for validation. Min-max normalization was applied to scale the crowd flow and
geographical environments into the range [0,1]. Moreover, the batch size was set to 16.
The number of hidden states was set to 64. The convolution kernel size was set to 3. The
random seed was set to 2025. We employed the Adam optimizer to optimize the model
parameters with an initial learning rate of 0.001 and a maximum of 500 epochs. We applied
the early stopping strategy to avoid overfitting, setting a patience of 10, which means
training stopped if the validation loss did not improve for 10 consecutive epochs. The
experiments were conducted using the PyTorch 1.13 framework on an NVIDIA Tesla V100
GPU server.

In particular, for the key hyperparameters of our proposed SCS-Net, we conducted
a manual search over the following ranges: the number of clusters K = {1,2,3,4,5,6},
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the number of shared patterns L = {4,8,12,16,20}, the weight for the clustering loss
Ac = {0.1,0.01,0.001,0.0001,0.00001}, and the weight for the compressive sensing loss
As = {0.1,0.01,0.001,0.0001,0.00001}. As shown in Figure 4, SCS-Net demonstrates rela-
tively stable performance with small MAE and RMSE fluctuations across most parameter
configurations. Based on the optimal parameter configuration, we selected K = 3, L = 16,
Ac = 0.0001, and Ag = 0.001 as the default setting.
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Figure 4. Results of the parameter sensitivity analysis. (a-d) RMSE of SCS-Net under different hyper-
parameter configurations. (e-h) MAE of SCS-Net under different hyperparameter configurations.

In the experiments, we evaluated the models” performance using two common metrics:
Mean Absolute Error (MAE) and Root Mean Square Error (RMSE). They can be formulated
as the following equations:

HX/ _ .XA'/

MAE =~ T (17)
HX/ _ )2/

RMSE = 2 (18)

VNx2xT,

where ||-||; denotes the L1 norm.

5.3. Model Accuracy

To evaluate the accuracy of our proposed SCS-Net for large-scale crowd flow pre-
diction, we selected the following 11 baseline models for comparison. To ensure a fair
comparison, we kept the hyperparameters of the baseline models as consistent as possible
with those of the proposed SCS-Net. This includes settings such as batch size, number of
hidden states, number of CNN layers, number of RNN layers, convolution kernel size,
random seed, optimizer, learning rate and patience in early stopping strategy. Based on
these aligned configurations, we then performed additional hyperparameter tuning for
each baseline model to optimize their performance.

e  HA: Historical Average is a classic non-parametric time series prediction method that
uses the average of historical crowd flow as the predictions.

e  GRU [46]: Gated Recurrent Unit is a classic deep learning time-series prediction model
capable of capturing long-term temporal dependencies.

e DLinear [47]: DLinear is an advanced time series prediction model that decomposes
historical data into trend and residual components, efficiently capturing long-term
temporal dependencies through simple linear layers. The kernel size of the moving
average operation was set to 5.
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e  ConvGRU [48]: Convolutional Gated Recurrent Unit is a classic CNN-based spatio-
temporal prediction model that extends GRU with convolutional structures to capture
spatio-temporal dependencies.

e  STResNet [7]: Spatio-Temporal Residual Network is a widely recognized CNN-based
crowd flow prediction model that employs residual units to capture spatio-temporal
dependencies. The number of ResUnits was set to 3.

e AGCRN [49]: Adaptive Graph Convolutional Recurrent Network is a representa-
tive GNN-based spatio-temporal prediction model that extends GRU with adaptive
graph convolution to capture spatio-temporal dependencies. The dimension of node
embedding was set to 16.

e  DeepCrowd [20]: DeepCrowd is the first model applied to large-scale crowd flow
prediction. It constructs a pyramidal architecture by stacking ConvLSTM layers to
capture large-scale spatial dependencies. The number of pyramidal ConvLSTM layers
was set to 3.

e ASTCN [36]: Attentive Spatial-Temporal Convolutional Network is a representative
attention-based crowd flow prediction model that introduces causal 3D convolutions
and attention mechanisms to capture spatio-temporal dependencies. The number of
ST blocks was set to 1.

e TLAE [50]: Temporal Latent Auto-Encoder is a representative prediction model in-
corporating compressive sensing, which achieves efficient predicting by compressing
and reconstructing time series data. However, compared to SCS-Net, TLAE performs
less comprehensive time-series modeling and overlooks residual learning. The latent
dimension was set to 16.

e  STRN [15]: Spatio-Temporal Relation Network is an advanced CNN-based crowd
flow prediction model that introduces Mincut loss to extract the spatially stratified
structure for modeling spatial heterogeneity. The number of regions was set to 3.

e  BigST [51]: BigST is an advanced large-scale spatio-temporal prediction model that
uses a pre-training strategy to extract long-term temporal representations and intro-
duces a linearized global spatial convolution network to efficiently capture spatial
dependencies. The size of time window in the long sequence feature extractor was set
to 24. The dimension of random features was set to 32.

The accuracy comparison results of our proposed SCS-Net and the baseline models on
the CrowdFZ dataset are shown in Table 1. Overall, SCS-Net significantly outperforms the
baseline models across all metrics. Specifically, for the deep learning baseline models, the
MAE increases by 35.5% to 120.3% and the RMSE increases by 26.3% to 74.7% in single-
step predictions, while the MAE increases by 58.6% to 139.2% and the RMSE increases by
33.6% to 112.4% in multi-step predictions. This demonstrates the superior performance of
SCS-Net in large-scale crowd flow prediction.

Among the baseline models, the spatio-temporal prediction models outperform the
time series prediction model, highlighting the importance of spatial dependency in large-
scale crowd flow prediction. As the model architectures become more complex, the RMSE
generally decreases. ASTCN and DeepCrowd, which have the most sophisticated struc-
tures, achieve the lowest RMSE among the baseline models. This is attributed to their
incorporation of spatial downsampling techniques, which expand the spatial receptive
field. These two models partially mitigate the impact of spatial heterogeneity, thereby
enhancing performance. Although STRN models spatial heterogeneity, it enforces spatially
compact and balanced clusters in the spatially stratified structure. This constraint misaligns
with the urban functional layouts, ultimately limiting its accuracy.

However, the comparison results among the baseline models reveal an unusual phe-
nomenon in the MAE metric. Specifically, the simpler models, ConvGRU and TLAE,
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achieve the lowest MAE among the baseline models, whereas the more complex ASTCN
and DeepCrowd, which excel in RMSE, perform less satisfactorily in MAE. Unexpectedly,
the GRU even achieves a lower MAE than ASTCN and DeepCrowd. To investigate this
anomaly, we visualize the MAE distributions of single-step predictions for SCS-Net, TLAE,
ASTCN, DeepCrowd, ConvGRU, and GRU (Figure 5). To enhance readability, we applied
a natural logarithmic transformation, [n(1 + x), to the MAE values. The results indicate
that most MAEs are concentrated in the low-value range, as most spatial units exhibit
relatively low human activity intensity in large-scale crowd flow prediction. Although
ASTCN and DeepCrowd have larger medians and quartiles compared to the other models,
their peak values are significantly lower. This suggests that ASTCN and DeepCrowd
demonstrate a distinct advantage in predicting spatial units with higher human activity
intensity (H-units) but struggle with those with lower human activity intensity (L-units).
This may be attributed to the causal 3D convolutions in ASTCN and the pyramid ConvL-
STMs in DeepCrowd, which enable both models to capture longer-range spatio-temporal
dependencies and thus effectively fit the complex crowd flow patterns in H-units. However,
H-units contribute more to the loss function. The two models tend to overfit in H-units and
poorly generalize to the simpler patterns in L-units. Since most spatial units are L-units, the
advantages of ASTCN and DeepCrowd are difficult to demonstrate in the first-order MAE
metric, leading to better RMSE but worse MAE. In contrast, due to their simpler structures,
TLAE, ConvGRU, and GRU prioritize the simpler crowd flow patterns in L-units, resulting
in the underfitting of H-units. As second-order RMSE is more sensitive to peak values,
these models achieve better MAE but worse RMSE.

Table 1. Accuracy comparison results of SCS-Net and baseline models on the CrowdFZ dataset. Ay
and Ag represent the MAE and RMSE increase in the baseline models relative to SCS-Net, respectively.
The underlined values indicate the best metrics among the baseline models. The bold values indicate
the best metrics among all models.

T, =1 T, =3
Model
MAE Am RMSE AR MAE AVY RMSE AR

HA 3.1847 120.7% 20.3833 212.0% 3.9934 133.0% 25.6272 219.3%
GRU 2.1654 50.1% 11.412 74.7% 2.9217 70.5% 17.0506 112.4%
DLinear 2.1398 48.3% 11.5169 76.3% 3.0281 76.7% 17.5576 118.8%
ConvGRU 1.9551 35.5% 10.4633 60.2% 2.9022 69.3% 12.806 59.6%
STResNet 3.2986 128.6% 10.922 67.2% 4.0994 139.2% 16.0819 100.4%
AGCRN 2.9574 105.0% 10.7298 64.2% 3.9031 127.7% 16.6018 106.8%
DeepCrowd  2.1502 49.0% 8.9211 36.5% 3.0979 80.8% 10.7258 33.6%
ASTCN 2.8359 96.6% 8.2524 26.3% 3.0012 75.1% 10.7272 33.7%
TLAE 2.2912 58.8% 9.9185 51.8% 2.7184 58.6% 13.3906 66.8%
STRN 3.1779 120.3% 8.9634 37.2% 45195 163.7% 13.9061 73.3%
BigST 2.9839 106.8% 10.0191 53.4% 3.4222 99.7% 12.4788 55.5%

SCS-Net 1.4427 - 6.5334 - 1.7139 - 8.0263 -

Additionally, we visualized the prediction errors of an H-unit and an L-unit on 24
February 2023 (Figure 6). To maintain readability, we selected four representative models
for comparison. H-unit A corresponds to Shangxiahang Historic District, a major tourist
and commercial area in Fuzhou, while L-unit B corresponds to Gu’an Village, a small
rural village in Fuzhou. The results show that ConvGRU and GRU exhibit larger error
fluctuations in H-unit A, whereas their errors remain relatively stable in L-unit B. In contrast,
ASTCN exhibits the opposite trend, further validating our understanding of this anomaly.
Moreover, as shown in Figure 6, SCS-Net effectively captures the significant differences in
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crowd flow patterns between spatial units A and B, demonstrating its capability to handle
spatial heterogeneity. As a result, it achieves the best overall performance.

MAE (log-scaling)

TLAE ASTCN DeepCrowd ConvGRU GRU

Model

SCS-Net

Figure 5. MAE distributions of SCS-Net, TLAE, ASTCN, DeepCrowd, ConvGRU, and GRU after
log-scaling. For each column, the outer curve illustrates the probability density distribution, the thick
black bar in the center represents the interquartile range (IQR), the thin black lines extending from: it
denote the 95% confidence interval, and the white dot indicates the median.
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Figure 6. Prediction errors of SCS-Net, ASTCN, ConvGRU, and GRU on H-unit A and L-unit B
on 24 February 2023. (a) Locations of H-unit A and L-unit B. (b) Prediction errors for H-unit A.

(c) Prediction errors for L-unit B.

5.4. Model Efficiency

To evaluate the efficiency of our proposed SCS-Net and the baseline models for large-
scale crowd flow prediction, we introduced Giga Floating-Point Operations (GFLOPs)
and training time (minutes) as evaluation metrics to assess model efficiency. The GFLOPs
measures the total number of floating-point operations performed by the model per batch
(batch size = 1). The training time reflects the actual time required for the models to
converge during training. The efficiency comparison results are shown in Figure 7. Overall,
the GFLOPs and the training time are correlated. SCS-Net significantly outperforms
most baseline models. Although the GFLOPs and training time of HA and DLinear are
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considerably lower than that of SCS-Net, the poor predictive performance of these two
linear time series prediction models limits their application to large-scale crowd flow
prediction tasks. Meanwhile, TLAE also has lower GFLOPs and training time and achieves
relatively good accuracy. However, when SCS-Net is deployable, it remains the better
choice. In contrast, the CNN, GNN, and attention-based spatio-temporal prediction models
have GFLOPs approximately 53 (ASTCN) to 1067 (DeepCrowd) times higher than SCS-Net
and training times that are about 3.1 times (ASTCN) to 83.2 times (AGCRN) longer, leading
to substantially higher costs. Considering that SCS-Net is not constrained by prior graph
structures, nor by the shape or distribution of spatial units, this demonstrates its superior
applicability to large-scale crowd flow prediction.
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Figure 7. Efficiency comparison results of SCS-Net and baseline models on the CrowdFZ dataset.
(a) Comparison of GFLOPs. (b) Comparison of training time.

5.5. Ablation Experiment

To validate the effectiveness of the SS-Module and CS-Modules in our proposed
SCS-Net, we designed three variants of SCS-Net and conduct ablation experiments on the
CrowdFZ dataset.

e  SCS-Net-g: Replaces the CS-Modules with a GRU, retaining the model’s predictive
function while removing its capacity to perceive shared crowd flow patterns.

e  SCS-Net-k: Replaces the SS-Module with K-means clustering based on geographical
environments, providing a prior spatially stratified structure.

e  SCS-Net-c: Removes the SS-Module entirely, making the model incapable of capturing
the spatially stratified structure.

The comparison results of our proposed SCS-Net and its variants are shown in Table 2.
Among the three variants, SCS-Net-g, which removes the compressive sensing component,
experiences the most significant performance degradation. This highlights the critical
contribution of the CS-Modules to the superior performance of SCS-Net. Specifically, the
CS-Modules learn shared crowd flow patterns, preventing SCS-Net from being disturbed
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by redundant information among spatial units, thereby enhancing its sensitivity to individ-
ual spatial unit differences. Moreover, the results of SCS-Net-k and SCS-Net-c are close,
indicating that prior K-means clustering fails to effectively capture the spatially stratified
structure suitable for large-scale crowd flow prediction. In contrast, the SS-Module adap-
tively learns this structure in a posterior manner during the prediction process, further
enhancing the model’s predictive performance.

Table 2. Comparison results of SCS-Net and its variants on the CrowdFZ dataset. Ay; and Ag
represent the MAE and RMSE increase in the variants relative to SCS-Net, respectively. The bold
values indicate the best metrics among all models.

T, =1 T, =3
Model
MAE Apm RMSE AR MAE Apm RMSE AR
SCS-Net-g 2.3623 63.7% 10.7731 64.9% 2.7451 60.2% 15.2769 90.3%
SCS-Net-k 1.6072 11.4% 8.1463 24.7% 1.9194 12.0% 9.8755 23.0%
SCS-Net-c 1.5249 5.7% 7.7657 18.9% 2.141 24.9% 9.6372 20.1%
SCS-Net 1.4427 - 6.5334 - 1.7139 - 8.0263 -

5.6. Analysis of the Spatially Stratified Structure

The spatially stratified structure not only improves the accuracy of crowd flow predic-
tion but also offers deeper insights into spatial heterogeneity of human mobility. To explore
this, we visualized the spatial distributions of clusters produced by the prior K-means and
the posterior SS-Module, and Fuzhou's actual road network, as shown in Figure 8. Overall,
both clustering methods produce clusters with similar meanings: Cluster 1 (C-1) represents
H-units with high crowd activity, while Cluster 0 (C-0) and Cluster 2 (C-2) correspond to
L-units with low and even lower activity, respectively. The distribution of C-0 is relatively
consistent between the two methods, but C-1 and C-2 show notable differences. Compared
to Fuzhou’s road network, the C-1 from K-means aligns with the core urban area, whereas
the C-1 from the SS-Module matches the built-up areas, reflecting the city’s urban develop-
ment boundary. Since the ablation experiments show that the SS-Module’s clustering better
captures the spatially stratified structure for crowd flow prediction in Fuzhou, this suggests
that effectively handling large-scale, city-level tasks requires the ability to distinguish and
model the crowd flow patterns in built-up and non-built-up areas.

To further investigate which external factors play a key role in identifying the spatially
stratified structure, we built regression models using the random forest algorithm to
relate the external factors to each cluster from the SS-Module. We then visualized the
distribution of normalized feature importances for these clusters, as shown in Figure 9.
Overall, road network-related factors dominate the feature importance across all three
clusters. Specifically, distance to primary roads, distance to residential roads, and residential
road length are critical for identifying C-0 and C-2, likely reflecting proximity to built-up
areas. In contrast, identifying C-1, which represents built-up areas, requires considering
more factors, including residential road length, distance to residential roads, distance to
primary roads, life services, shopping locations, educational and cultural institutions, and
tourist attractions. These factors are closely related to transport accessibility and diverse
urban functions, offering potential value for urban spatial planning in Fuzhou. The prior
K-means clustering fails to capture the complex relationships between crowd flow and
these factors, thereby limiting its ability to improve prediction performance.
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Figure 8. Comparison of clustering results between K-means and the SS-Module. (a) Spatial distribu-

tion of clusters produced by K-means. (b) Spatial distribution of clusters produced by the SS-Module.
(c) Actual road network of Fuzhou. In the legend, “C-0”, “C-1”, and “C-2” represent Cluster 0,
Cluster 1, and Cluster 2 in both clustering results, respectively.
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Figure 9. Random forest normalized feature importances for each cluster in the SS-Module.

6. Conclusions

In this paper, we propose SCS-Net for accurate and efficient large-scale crowd flow
prediction. In the model, we develop a Spatially Stratified Module (S5-Module) that adap-
tively extracts the underlying spatially stratified structure in a posterior manner, thereby

improving prediction accuracy. Based on this, several Compressive Sensing Modules

(CS-Modules) are developed to compress redundant information in crowd flow and learn

shared crowd flow patterns, enhancing model efficiency. We conduct extensive experiments

on a large-scale real-world crowd flow prediction dataset. The results show that SCS-Net

achieves superior accuracy, outperforming deep learning baseline models by 35.25-139.2%
in MAE and 26.3-112.4% in RMSE. In terms of efficiency, the GFLOPs and the training time
of the prevalent spatio-temporal prediction models are approximately 53 to 1067 times and
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3.1 to 83.2 times higher than SCS-Net, respectively. Additionally, ablation experiments on
several variants of SCS-Net validate the effectiveness of the SS-Module and CS-Modules.
Further analysis of the spatially stratified structure reveals that spatial heterogeneity in
crowd flow patterns is closely related to the urban road network.

However, there are several limitations in this study. First, the generalizability and
applicability of our proposed SCS-Net need to be further validated through experiments in
additional study areas. Second, since quantifying predictive uncertainty is also crucial for
the applications of crowd flow prediction, we plan to incorporate techniques such as Monte-
Carlo dropout, quantile regression, and deep ensembles in the future work to enhance the
model’s robustness and interpretability. Moreover, for long-term and large-scale crowd
flow prediction tasks, we will explore more efficient and effective solutions, as modeling
more temporal slices may reduce model efficiency and lead to vanishing gradient issues.
Meanwhile, future crowd flow is influenced not only by historical trends but also by data
incompleteness (e.g., sparsity and missing values) and anomalous events (e.g., concerts and
public holidays). Capturing the impact of these external disruptions is another challenge
we aim to address. This will further support urban management and public safety.
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