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Abstract

Public complaints exhibit strong spatiotemporal dependencies, where issues often prop-
agate across categories within short timeframes, yet existing studies largely overlook
cross-category recurrence and underutilize embedding representations for structured data.
To address this gap, this study proposes a multilabel embedding-based framework to
predict short-term cross-category complaint recurrence using structured spatiotemporal
data. Using 48,103 real-world complaint records, the framework integrates embedding
representations with Machine Learning (ML) and Deep Learning (DL) models to predict the
likelihood of multiple complaint categories recurring within the next seven days in the same
area. The results indicated that both approaches achieved average label-wise F1-scores
of 30.5–32.6%, exceeding 81% for highly recurrent categories. The best ML model, Binary
Relevance with Logistic Regression using multilingual-e5-large embeddings, achieved the
lowest Hamming loss of 0.138 ± 0.126. Statistical analysis confirmed non-normality with
Shapiro–Wilk statistics between 0.796 and 0.819 and p-values below 0.05, and significant
differences across models with a Friedman test statistic of 512.531 and p-values below
0.05, although no significant pairwise differences were found with the Nemenyi post hoc
test. Furthermore, 95% bootstrap confidence intervals indicate stable performance, with F1
ranging from 74.1% to 74.9% for ML and 73.2% to 74% for DL.

Keywords: public complaints; complaint recurrence; embeddings; machine learning; deep
learning; multilabel classification

1. Introduction
Public complaints are formal expressions of dissatisfaction or service requests submit-

ted by individuals to governmental and municipal authorities [1–7]. These complaints are
typically classified into few categories such as infrastructure, public safety, environmental
concerns, health services, and administrative processes [6–9]. As critical feedback mecha-
nisms, citizen complaints service not only as indicators of service quality but also as early
signals of systemic failures in urban governance. In contrast, inefficient complaint manage-
ment can lead to public frustration, diminish morale among frontline public servants, and
erode institutional trust over time [5,7,10,11].

A growing body of research demonstrates that complaint patterns exhibit strong
spatiotemporal dependencies, where incidents in one location often precede or co-occur
with related issues in adjacent areas or service domains [12–20]. For instance, unresolved
infrastructure defects such as potholes or faulty street lighting, may trigger cascading
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grievances in public safety or traffic management, amplifying citizen dissatisfaction and
increasing operational burdens on municipal departments [12,13]. Empirical evidence
supporting this phenomenon has been reported in multiple studies. For example, an
analysis of 65,680 complaints recorded through the Road Problem Reporting Service (RPRS)
application between January 2021 and December 2022 identified pothole complaints on
highways, national roads, and residential roads as high-priority issues due to their potential
impacts on traffic safety, service quality, and maintenance workloads [12]. Similarly, an
analysis of Buffalo’s 311 service requests during a severe snowstorm revealed that surges in
snow-removal complaints were subsequently followed by increases in garbage collection
complaints within the same geographic areas, demonstrating how disruptions in one
municipal service can propagate downstream effects across other service domains [19].
This interdependence underscores the limitations of treating complaints as isolated events
and highlights the need for predictive models capable of anticipating multiple concurrent
risks. Such a challenge extends beyond conventional univariate forecasting or single-label
classification frameworks [15], calling for more sophisticated, multimodal approaches.

While prior studies have focused on predicting complaint types [3,7,10,21–34], few ap-
proaches address the multifaceted recurrence of complaints across several categories within
a short time frame. Cross-category complaint recurrence is defined as this phenomenon,
where an initial complaint triggers a sequence of subsequent complaints across different
categorical domains, reflecting cascading and interdependent service failures rather than
isolated events, and capturing the dynamics of complaint escalation and secondary issue
propagation [14,16–20,35]. Moreover, there remains limited research on transforming entire
data instances comprising both categorical and temporal features into a unified embedding
space that preserves relational and spatial semantics. Existing complaint prediction studies
have extensively utilized transformer-based embeddings to represent complaint narratives
and improve classification performance [31,36,37]. However, these embeddings are predom-
inantly derived from unstructured textual descriptions and are primarily applied to tasks
such as complaint classification, leaving the rich contextual information in structured vari-
ables underutilized. Therefore, a key research gap remains in developing a framework that
transforms structured spatiotemporal complaint records into embedding representations
and leverages them for prediction of short-term cross-category complaint recurrence.

To address this gap, this study makes a two-part contribution. First, this study formal-
izes short-term complaint recurrence as a multilabel classification problem, enabling the
simultaneous prediction of multiple downstream complaint categories within a 7-day hori-
zon. Second, it introduces a hybrid modeling framework that integrates semantic embed-
dings derived from complaint categories with structured spatiotemporal features including
district, state legislative assembly, responsible department, and complaint timestamp to
create a more comprehensive representation of municipal service dynamics. By combining
sentence-transformer-based embeddings with predictive models, the proposed approach
aims to improve the representation of structured spatiotemporal complaint records and
facilitate the early identification of potential cross-category complaint propagation. This
empowers municipal agencies to anticipate cascading service failures, prioritize preventive
interventions, and optimize resource allocation in a proactive, data-driven manner.

The remainder of this paper is structured as follows: Section 2 reviews the relevant
literature on spatiotemporal dependencies in public complaints and the use of embedding-
based representations for complaint classification. Section 3 describes the methodological
framework, detailing the process of data collection, multilabel dataset construction, embed-
ding generation, model construction and evaluation. Section 4 presents and discusses the
experimental results, comparing Machine Learning and Deep Learning performances
across different embedding models and complaint categories. Finally, Section 5 con-
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cludes the study by summarizing key findings, highlighting practical implications for
municipal governance.

2. Literature Review
Recent advances in urban analytics have revealed that complaints are deeply inter-

connected in location and time. Complaints do not occur in isolation but evolve through
interrelated processes, where one type of issue can trigger or influence others nearby. The
growing recognition of the spatiotemporal and cascading nature of complaints has moti-
vated researchers to explore advanced Machine Learning (ML) and Deep Learning (DL)
approaches to move beyond descriptive spatial statistics toward predictive frameworks
capable of capturing cross-domain dependencies.

While ML models typically involve simpler approaches like Logistic Regression and
Random Forest (RF), DL which is an advanced subset of ML employs deep neural networks
with multiple layers, enabling more powerful representations for supervised learning
tasks [38,39]. Building upon this, recent studies have explored embedding-based repre-
sentations that capture relational, temporal, and semantic information within structured
complaint data. However, most studies focus on single-category classification or cluster
analysis, rather than predicting multiple categories likely to recur within a short temporal
window. Addressing this research gap requires transforming structured spatiotemporal
features into embedding spaces that preserve contextual relationships among complaint cat-
egories. Such an approach forms the foundation for the multilabel cross-category recurrence
prediction framework proposed in this study.

2.1. Spatiotemporal Dependencies in Complaints

Complaints do not occur in isolation but are deeply embedded in the spatial and
temporal dynamics of urban life [14,16–20]. Existing studies have increasingly emphasized
that complaints often cluster geographically and propagate over time, with one issues
serving as a precursor to others in adjacent domains. In this context, statistical analysis
of citizen-reported complaints have revealed that urban complaints are far from random,
but instead exhibit strong spatial autocorrelation and temporal regularities as indicated in
Table 1.

The researchers applied Moran’s I and hot spot analysis to Beijing’s 12,345 hotline
data and reported significantly clustered patterns of safety complaints, especially in central
districts [16]. Similarly, spatial autocorrelation analysis on New York City’s 311 noise
complaints revealed positive significant across multiple distance scales and concluded that
building density in residential areas had higher complaints during non-working periods,
confirming the tendency of complaints to aggregate geographically [17]. Furthermore,
the researchers studied San Francisco’s 5.94 million 311 service requests from 2009 to
2022 and identified both persistent and emerging hot spots of waste-related complaints,
showing how clustering shifts over time and across neighborhoods [18]. In particular, an
analysis of Buffalo’s 311 service requests during a severe snowstorm demonstrated that
spikes in snow removal complaints were quickly followed by surges in garbage collection
requests, indicating a clear cause–effect relationship between service failures [19]. Spatial
analysis further confirmed that these complaint categories were clustered within the same
block groups, reinforcing the idea of temporal propagation embedded within geographic
concentration [19].
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Table 1. Comparative Analysis of Existing Complaint Studies highlighting Data Sources, Methods,
and Problem Types.

Author Data Source Method Problem Type
12

,3
45

H
ot

li
ne

31
1

C
al

l

Se
ns

e
C

it
y

B
ai

du
Se

ar
ch

R
PR

S

Pa
tr

ol
-C

al
le

d

11
0

C
al

l

M
or

an
’s

I

A
rc

G
IS

Su
pp

or
tV

ec
to

r
M

ac
hi

ne

R
F

Ex
tr

em
e

G
ra

di
en

tB
oo

st
in

g

G
eo

gr
ap

hi
ca

lR
F

SH
ap

le
y

A
dd

it
iv

e
ex

Pl
an

at
io

ns

Lo
ng

Sh
or

t-
Te

rm
M

em
or

y

D
en

si
ty

-b
as

ed
Sp

at
ia

lC
lu

st
er

in
g

of
A

pp
li

ca
ti

on
s

w
it

h
N

oi
se

C
on

vo
lu

ti
on

al
N

eu
ra

lN
et

w
or

ks

A
ut

oc
or

re
la

ti
on

A
na

ly
si

s

C
lu

st
er

in
g

A
na

ly
si

s

Ti
m

e-
Se

ri
es

A
na

ly
si

s

Si
ng

le
C

at
eg

or
y

Pr
ed

ic
ti

on

C
ro

ss
-C

at
eg

or
y

Pr
ed

ic
ti

on

[12] ✓ ✓ ✓ ✓

[16] ✓ ✓ ✓ ✓

[17] ✓ ✓ ✓ ✓

[18] ✓ ✓ ✓ ✓

[19] ✓ ✓ ✓ ✓ ✓ ✓ ✓

[20] ✓ ✓ ✓ ✓

[40] ✓ ✓ ✓ ✓ ✓ ✓

[41] ✓ ✓ ✓ ✓

[42] ✓ ✓ ✓

[43] ✓ ✓ ✓

[44] ✓ ✓ ✓

The check mark indicates that the method was included and used by the researcher; blank cells indicate that the
method was not included or used.

This growing recognition of the spatiotemporal and cascading nature of complaints
has motivated researchers to explore advanced ML and DL models, aiming to move beyond
purely statistical descriptions and toward predictive frameworks that can capture complex
dependencies across time, space, and complaint categories. Time-series modeling has been
one of the earliest approaches to uncover such dependencies. Long Short-Term Memory
(LSTM) networks were applied to capture temporal recurrence patterns in Patras, Greece,
and the results showed that both seasonal trends and a general increase in complaints could
be modeled for prediction [20]. Similarly, the researchers introduced the Airware-Haikou
dataset that combines air quality measurements with a complaint corpus and highlighted
how citizen reports can provide valuable context for interpreting pollution anomalies when
coupled with spatiotemporal modeling [45].

Other studies have focused on spatial heterogeneity and neighborhood effects in
complaint patterns. The researchers applied an interpretable spatial ML framework com-
bining Geographically Weighted RF with SHapley Additive exPlanations (SHAP) analysis
to urban sanitation complaints in San Francisco [40]. Their results showed that drivers
such as restroom density and homelessness rates varied spatially, shaping the clustering of
sanitation-related complaints. Other study extended this line of inquiry in China by using
an Extreme Gradient Boosting (XGBoost) and SHAP model to examine pollution-related
complaints, revealing that socio-economic attributes often had a stronger influence on
complaint recurrence than objective environmental measures [41].

Spatiotemporal clustering methods have also been leveraged to understand oper-
ational and management implications of complaint data. By geotagging smartphone-
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reported road issues, the researchers applied spatiotemporal clustering to link complaint
types and locations with their actual processing times [12]. Consequently, the approach
showed how certain complaint categories tended to cluster in space and these clusters
predicted subsequent response times. Other study integrated road network features into a
Convolutional Neural Network (CNN)-based model to predict urban events and achieved
high accuracy (R2 ≈ 0.94) on patrol-called data [42]. This study demonstrated that com-
bining event and spatial context improves prediction of one event type from others in
the network.

Recent advances in graph-based DL have further expanded the modeling of complaint
interdependencies. The researchers introduced MuST2-Learn, a spatiotemporal Graph
Neural Network (GNN) framework for heterogeneous municipal service requests [43].
This multi-view model jointly encodes spatial, temporal, and inter-type correlations among
complaint categories to capture how one service request type may influence the timing or
volume of other types, improving predictive accuracy across request categories. Similarly,
the researchers proposed a a Deep Spatio-Temporal Graph Attention Network (GAT) for
street-level police service calls (110 calls) [44]. Treating streets as nodes in a graph, their
model uses attention to weight neighboring streets differently, capturing how crime-related
calls at one location precede or correlate with calls on adjacent streets.

Together, these works underscore a growing recognition that complaints and service
requests exhibit complex spatial and temporal interdependencies. However, most existing
studies have either examined recurrence within the same complaint category or have mod-
eled correlations at an aggregate level, focusing on volume forecasting or cluster detection.
There remains limited research that explicitly predicts which other complaint categories
are likely to occur within a short horizon once an initial complaint is reported in a given
area. This gap highlights the need for predictive frameworks capable of capturing short-
term, cross-category recurrence of complaints, which is critical for enabling anticipatory
governance and proactive resource allocation.

2.2. Complaint Classification with Embedding Representation

The growing availability of high-dimensional tabular data has motivated a transition
from conventional feature encoding methods toward embedding-based representations.
Conventional pproaches such as one-hot encoding often fail to capture latent relationships
among categorical variables and may lead to sparse, high-dimensional feature spaces.
To address these limitations, embedding techniques have emerged as an effective repre-
sentation learning paradigm for structured data by mapping discrete feature values into
dense continuous vectors that preserve semantic and relational information. Such repre-
sentations enable ML and DL models to learn more informative patterns while improving
generalization and computational efficiency.

A foundational contribution in this area was introduced by [46], who proposed entity
embeddings for categorical variables through neural networks trained end-to-end. Their
approach demonstrated that semantically related category values can be positioned closer
together in the latent space, thereby capturing intrinsic relationships that are inaccessible to
one-hot encoding. Building upon this concept, Arik et al. [47] proposed TabNet, a deep tab-
ular learning architecture that generates contextual feature embeddings through sequential
attention mechanisms. By dynamically selecting the most relevant features at each decision
step, TabNet learns instance-specific representations while maintaining interpretability.
More recently, transformer-based approaches have extended representation learning for
tabular data. The survey by [48] highlights various strategies for adapting transformers
to structured data, including row-wise serialization, column-wise encoding, and hybrid
architectures that integrate entity embeddings with positional information. Similarly, Jiang
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et al. [49] categorized tabular representation learning methods into specialized, transfer-
able, and foundation-model-based approaches, emphasizing the growing importance of
transferable embeddings for downstream predictive tasks.

Recent studies have further explored the integration of LLMs and sentence encoders
for tabular representation learning. For example, Cheng et al. [50] transformed tabular
records into textual sequences by serializing feature-value pairs and encoding them using
DistilBERT, allowing semantic relationships among structured attributes to be captured
through pretrained language representations. Likewise, Kasneci et al. [51] demonstrated
that contextual embeddings generated by RoBERTa and GPT-2 provide complementary
information to conventional numerical and categorical features, consistently improving
predictive performance in tabular classification tasks. Extending this direction, Koloski et
al. [52] proposed a framework that converts each feature-value pair into natural language
descriptions and leverages frozen LLM embeddings before applying lightweight adaptation
layers for downstream learning. Furthermore, Hoppe et al. [53] evaluated transferable
row embeddings generated by tabular foundation models and reported that although
pretrained embeddings can enhance predictive performance, their effectiveness depends
on task complexity and data characteristics. Collectively, these studies demonstrate that
embedding-based representations have evolved from simple categorical embeddings to
sophisticated transformer and LLM-derived representations capable of capturing rich
interactions within structured tabular data.

The benefits of embedding representations have also been demonstrated in complaint-
related applications as shown in Table 2. In public service informatics, Esperança et al. [54]
combined complaint metadata with complaint text using Bidirectional Encoder Representa-
tions from Transformers (BERT)-based representations to improve municipal complaint
routing and reduce redundancy. Similarly, Jurn et al. [31] integrated KoBERT text embed-
dings with structured complaint attributes extracted through named entity recognition,
achieving improved prediction performance in call center complaint management. Beyond
public complaints, multimodal embedding frameworks have been applied in healthcare
settings where structured records and complaint narratives are jointly modeled. For in-
stance, Lin et al. [36] combined TabNet embeddings for structured patient information with
MacBERT representations of complaint descriptions to predict hospitalization outcomes.
Likewise, Zhang et al. [37] demonstrated that integrating structured electronic health
record data with BERT-derived complaint embeddings significantly improved emergency
department severity prediction compared with using either modality alone. These findings
indicate that embedding representations can effectively fuse heterogeneous structured and
unstructured information, resulting in more informative predictive models.

Despite these advances, existing studies predominantly employ embeddings for single-
complaint classification [3,7,10,21–34,55], clustering [54], and severity estimation [36,37].
More importantly, most studies utilize embeddings primarily to represent textual complaint
descriptions, while the potential of embedding-based representations for structured tabular
attributes, including complaint categories, temporal characteristics, and spatial information,
remains underexplored. Existing research also focuses on predicting outcomes within a
single complaint category or domain, overlooking the complex interdependencies that
exist among different complaint categories across space and time. Consequently, there is
limited understanding of whether embedding representations derived from structured spa-
tiotemporal complaint data can effectively capture latent cross-category relationships and
support the prediction of subsequent complaint occurrences. Addressing this gap is partic-
ularly important for developing proactive urban governance systems, as it enables early
identification of emerging complaint patterns, facilitates anticipatory resource allocation,
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and advances complaint analytics beyond reactive classification toward spatiotemporally
aware recurrence prediction.

Table 2. Comparative Analysis of Existing Embedding-based Complaint Analytics Studies highlight-
ing Representation Methods and Predictive Models.

Author Embeddings ML Model DL Model
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[50] ✓ ✓
[54] ✓ ✓ ✓ ✓ ✓
[31] ✓ ✓ ✓
[36] ✓ ✓ ✓
[37] ✓ ✓ ✓ ✓
[3] ✓ ✓ ✓ ✓
[7] ✓ ✓ ✓ ✓
[10] ✓ ✓ ✓ ✓
[21] ✓ ✓
[22] ✓ ✓ ✓ ✓
[23] ✓ ✓
[24] ✓ ✓
[25] ✓ ✓ ✓ ✓ ✓ ✓
[26] ✓ ✓
[27] ✓ ✓
[28] ✓ ✓ ✓ ✓
[29] ✓ ✓
[30] ✓ ✓
[32] ✓ ✓
[33] ✓ ✓
[34] ✓ ✓ ✓ ✓
[55] ✓ ✓

The check mark indicates that the method was included and used by the researcher; blank cells indicate that the
method was not included or used.

3. Method
This section presents the methodological framework for predicting short-term cross-

category complaint recurrence using multilabel classification with embeddings derived
from structured spatiotemporal dataset as shown in Figure 1. The proposed approaches
investigate five experimental questions to evaluate the effectiveness and practical applica-
bility of the proposed framework, namely whether (i) embedding-based representations
improve multilabel complaint recurrence prediction compared with conventional encoding
approaches, (ii) performance remains consistent across complaint categories under label
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imbalance, (iii) highly recurrent complaint categories can be reliably identified to support
proactive intervention planning, (iv) low-frequency complaint categories expose system-
atic failure modes that limit deployment readiness, and (v) the observed performance
differences remain statistically reliable across categories and models. The corresponding
hypotheses assume that richer embeddings improve recurrence representation, category
imbalance significantly affects prediction behavior, recurrent complaint categories exhibit
higher predictive reliability, rare categories remain challenging due to insufficient recur-
rence signals, and statistical testing confirms that observed differences reflect stable model
behavior rather than random variation.

The proposed approach begins with the construction of a multilabel dataset, where
each complaint instance represents a unique occurrence along with its subsequent re-
lated complaints observed within a predefined prediction horizon of h = 7 days. This
transformation enables the formulation of the recurrence prediction task as a supervised
multilabel classification problem, where each label corresponds to a distinct complaint
category that may reappear within the short-term window. Following dataset construction,
the embedding representation stage converts each structured complaint record into a dense
and high-dimensional vector that captures its semantic and contextual relationships. By
embedding the features into a unified representation space, the model is able to learn latent
dependencies between complaint categories across time and space. These embeddings
provide a rich input format for ML and DL models to effectively recognize cross-category
recurrence patterns.

Finally, the model construction and evaluation phase applies a series of ML and
DL models, including both existing algorithms and modern architectures optimized for
tabular data, to perform multilabel classification. The predictive performance of these
models is assessed using established multilabel evaluation metrics such as subset accuracy,
hamming loss, precision, recall, and F1 score. Together, these methodological components
form an end-to-end framework capable of capturing the spatial, temporal, and categorical
dependencies essential for anticipating complaint recurrence within a short-term horizon.

3.1. Data Collection

In this study, a real-world complaints dataset was collected from a local municipal
service provider in Seberang Perai, Pulau Pinang, Malaysia. The dataset encompasses a
comprehensive record of public complaints logged between 1 January 2024 and 30 June
2025, providing a 1 year and 6 month longitudinal view of civic issues reported by residents.
A total of 48,103 complaint instances were initially collected with 6 variables during this
period as shown in Table 3, each representing a unique service request or concern submitted
to the respective responsible department. The dataset reflects the operational scope of
municipal governance, covering various aspects of urban living including infrastructure,
public safety, sanitation, and administrative services.

Each complaint is timestamped and geotagged to one of the three administrative
districts in Seberang Perai, namely North, Central, and South. As summarized in Table 4,
the Central district accounts for the largest proportion of complaints (47.37%), followed by
North (23.66%) and South (16.83%). In addition to district information, each complaint is
linked to a specific State Legislative Assembly (SLA) constituency. An SLA constituency is
an electoral and administrative subdivision represented by a state legislator and serves as
an important governance unit for local planning, public service monitoring, and resource
allocation. A total of 22 unique SLA constituencies are represented in the dataset, compris-
ing 13 in the North district, 18 in the Central district, and 6 in the South district. Compared
with district-level aggregation, SLA constituencies provide a finer spatial granularity that
enables the identification of localized complaint recurrence patterns while maintaining
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sufficient complaint density for meaningful analysis. This makes SLA a suitable spatial
unit for modeling short-term cross-category complaint recurrence.

Figure 1. Workflow of the Proposed Multilabel Framework for Predicting Short-Term Cross-Category
Complaint Recurrence.
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Table 3. Feature Description.

Feature Type Description

Date Datetime The date the complaint was lodged, formatted as YYYY-MM-DD.
District Categorical The administrative district within Seberang Perai where the complaint

originated: North, Central, or South.
State Legislative Assembly Categorical The legislative assembly constituency within Seberang Perai associated

with the complaint.
Department Categorical The administrative department responsible for addressing the complaint.
Main Complaint Categorical Main category under which the complaint falls.
Complaint Categorical Category of a complaint classified under the broader main category.

The responsible department associated with each complaint is also recorded, facili-
tating insights into inter-departmental workloads and response efficiencies. Overall, the
dataset contains complaints managed by 21 unique municipal departments, with 20 depart-
ments represented in both the North and Central districts and 19 departments represented
in the South district, as shown in Table 4. Complaints are organized under a hierarchical
classification system consisting of four main complaint categories, namely Enforcement,
Maintenance, Cleaning, and Others. These main categories are further subdivided into
40 specific complaint types, offering more detailed descriptions of the reported issues (e.g.,
Trees, Vehicle, and Rubbish). This two-tier taxonomy ensures both interpretability at the
strategic level and precision at the operational level.

Table 4. Distribution of State Legislative Assembly, Department, and Complaints by District.

District State Legislative Assembly Department Complaints (%)

North 13 20 23.66
Central 18 20 47.37
South 6 19 16.83

Prior to analysis, data quality assessment was conducted to identify incomplete
records. Complaint instances containing missing values in any of the 6 variables were
removed to ensure consistency during subsequent process. After removing incomplete
records, 23,804 complete complaint records remained for subsequent analysis. The in-
clusion of temporal, geographic, administrative, and categorical dimensions makes this
dataset particularly suitable for modeling dynamic civic issue patterns, especially when
transformed into a multilabel classification framework to anticipate cascading complaints
within a 7-day window. To preserve the temporal integrity of complaint evolution and
avoid information leakage, the dataset is partitioned chronologically, with 21,012 complaint
records submitted between 1 January 2024 and 30 April 2025 used for model training, and
the remaining 2792 records spanning 1 May 2025 to 30 June 2025 reserved as a held-out test
set for evaluating predictive performance on future and unseen complaint patterns.

3.2. Formulating Short-Term Cross-Category Complaint Recurrence as Multilabel Solution

To model the problem of predicting short-term cross-category complaint recurrence,
this study formulates it as a multilabel classification task. The objective is to determine, for
each complaint instance, whether other categories of complaints are likely to recur within a
short time window in the same area. The prediction horizon is defined by a parameter h
to represent the number of days after the ocurrence of a complaint. In this study, h = 7 is
used to capture week-level recurrence patterns.

Each complaint instance xi is represented by structured features as shown in Table 3.
Formally, a complaint instance can be written as xi = (Date = tstart, District = ri,

https://doi.org/10.3390/informatics13070108

https://doi.org/10.3390/informatics13070108


Informatics 2026, 13, 108 11 of 38

State Legislative Assembly = li, Department = wi, Main Complaint = mi, Complaint = ci)

where ci ∈ C is the specific complaint category from the global set C. Within the next
h days in the same area li, let the observed set of recurrence categories CF ⊆ C. The
multilabel output for xi is then expressed as a binary vector Si = [si1, si2, ..., siN ] where
sij = 1 if category cj ∈ CF, and sij = 0 otherwise, with N = |C| being the total number of
complaint categories.

Algorithm 1 provides the process to transform the complaint dataset into a multilabel
target representation. Each step of the process contributes to identifying all subsequent
complaint categories within the defined time window h and encoding them into a binary
label vector.

Algorithm 1 Extract Future Complaints Within h days in Same Area

Input
xi Current complaint
X Full complaint dataset
C List of complaint categories
h Time window size in days

Output
S Binary vector of length N with the presence of each c within h days

1: function NEXTCOMPLAINTS(xi, X, C, h)
2: i← current position of xi
3: tstart ← current Date of xi
4: l ← current State Legislative Assembly of xi
5: tend ← tstart + h
6: F ← rows from X where tstart ≤ Date ≤ tend, State Legislative Assembly = l, and

row index ̸= i
7: CF ← unique list of complaint categories of F
8: S← {(k, 1) | k ∈ CF}
9: S← S ∪ {(k, 0) | k /∈ CF}

10: S← reorganize the sequence of k of S into an order matching the C
11: return S
12: end function

The function nextComplaints(xi, X, C, h) begins by locating the current instance xi

within the full dataset X (Algorithm 1, Line 2). The temporal reference tstart is then set to
the date of the current complaint (Algorithm 1, Line 3), while the spatial reference l is set
to the complaint’s State Legislative Assembly, ensuring that recurrence is constrained to
the same area (Algorithm 1, Line 4). The prediction horizon is then established by adding
h days to the starting date tstart, yielding tend (Algorithm 1, Line 5). Next, the algorithm
extracts all rows F from X when (i) their dates fall within [tstart, tend], (ii) they occur within
the same State Legislative Assembly l, and (iii) they are not the same row as xi (Algorithm 1,
Line 6). Consequently, this subset F contains all relevant future complaints within the short-
term window. From F, the unique set of complaint categories CF is identified (Algorithm 1,
Line 7).

To encode recurrence in a multilabel form, a binary vector S is constructed
(Algorithm 1, Lines 7–10). Each element of S corresponds to a category c ∈ C. If a
category c appears in CF, its corresponding entry in S is assigned as 1 (Algorithm 1, Line 8);
otherwise, it is assigned as 0 (Algorithm 1, Line 9). The sequence is then reorganized to
match the global order of categories in C (Algorithm 1, Line 10) for output consistency.
Finally, the binary vector S is returned as the multilabel output for the complaint instance
xi (Algorithm 1, Line 11). This formulation transforms each complaint into a supervised
instance: the features consist of the structured spatiotemporal features of xi, as listed
in Table 3, and the label is the multilabel vector S. Each dimension of S represents the
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recurrence likelihood of all complaint categories C for a particular complaint category,
thereby framing the prediction problem as multilabel classification rather than single-label
prediction.

Consequently, the transformed training dataset encompasses 6 features (Table 3) and
21,012 complaint records across 37 categories C. The categories Trees, Vehicle, and Rubbish
account for the highest numbers of short-term recurrent complaints, while Earthworks,
Open Burning, and Staff represent the least recurrent categories (Table 5). The table
summarizes the distribution of recurrence outcomes, where Yes indicates the number
of instances in which a complaint category recurred or occurred within the short-term
prediction horizon when a complaint is lodged in the same area, while No represents the
absence of recurrence. This distribution highlights the importance of framing the task
as a multilabel classification problem, since recurrent complaints often arise in relation
to one another over short time spans and must therefore be modeled jointly rather than
independently.

Table 5. Complaint Categories with the Highest and Lowest Short-Term Recurrence Frequencies.

Group Category Yes No

Highest Trees 17,452 3560
Vehicle 16,447 4565
Rubbish 16,225 4787

Lowest Earthworks 711 20,301
Open Burning 691 20,321

Staff 265 20,747

3.3. Embeddings Representation

After formulating short-term cross-category complaint recurrence as a multilabel prob-
lem, the next step is to represent each complaint instance in a numerical space suitable for
predictive models. The transformed dataset, consisting of the 6 structured features, is first
converted into a textual form by concatenating feature values into a single comma-separated
string. The resulting textual representation is then projected into a high-dimensional em-
beddings space, where semantically similar complaint instances are placed closer together.
Existing embedding models are employed for this transformation, each producing vectors
of different dimensional sizes depending on the architecture and pretraining corpus. Table 6
summarizes the embedding models considered in this stduy along with their corresponding
output dimensions.

Table 6. Embedding Models and the Corresponding Embedding Dimension Size.

Embedding Model Dimension Size

all-MiniLM-L6-v2 384
all-mpnet-base-v2 768
jina-embeddings-v4 2048
bge-m3 1024
multilingual-e5-large 1024
Qwen3-Embedding-4B 2560

As shown in Table 6, lightweight models such as all-MiniLM-L6-v2 generate relatively
compact embeddings of 384 dimensions, while larger models such as Qwen3-Embedding-
4B produce embeddings up to 2560 dimensions. The diversity of embedding sizes provides
an opportunity to assess the trade-off between representational richness and computational
efficiency when training multilabel classifiers for complaint recurrence prediction. By
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embedding complaint records into such vector spaces, structured spatiotemporal features
can be effectively aligned with DL architectures, enabling the capture of latent relationships
that extend beyond categorical boundaries.

3.4. Model Construction and Evaluation

In this work, a range of ML and DL models were employed, as summarized in Table 7,
to perform multilabel classification for predicting short-term cross-category complaint
recurrence within h = 7 days. Since multilabel classification requires handling multiple
outputs simultaneously, common problem transformation methods such as Binary Rele-
vance (BR) and Classifier Chain (CC) were integrated with most of the selected models.
BR approaches the task by decomposing it into multiple independent binary classifica-
tion problems, while CC goes a step further by modeling label dependencies, using the
predictions of earlier labels as additional features for subsequent classifiers [56–58].

Table 7. Existing Machine Learning and Deep Learning Models for Multilabel Classification.

Type Model Hyperparameter Description Values

ML

Logistic Regression (LR) class_weight Weights assigned to classes to address class imbalance None

Gaussian Naive Bayes (GNB) var_smoothing Small variance added for numerical stability 1 ·10−9

Random Forest (RF) class_weight Weights assigned to classes to address class imbalance None
max_depth Maximum depth of a tree None

Adaptive Boosting (AdaBoost) estimator Base learner Decision Tree

Extreme Gradient Boosting (XGBoost) max_depth Maximum depth of a tree None

Light Gradient Boosting Machine
(LGBM)

class_weight Weights assigned to classes to address class imbalance None
max_depth Maximum depth of a tree -1

Categorical Boosting (CatBoost) class_weights Weights assigned to classes to address class imbalance None
depth Depth of a tree None

Multilabel k-Nearest Neighbours
(MLkNN)

k Number of nearest neighbours 10

DL

Modern Neighbor Component
Analysis (ModernNCA) [59]

max_epochs Maximum number of training epochs 3
lr Learning rate controlling parameter updates during

training
0.001

Multilayer Perceptron (MLP) max_epochs Maximum number of training epochs 3
lr Learning rate controlling parameter updates during

training
0.001

Recurrent Neural Network for
Tabulur Data (TabulaRNN) [60]

max_epochs Maximum number of training epochs 3
lr Learning rate controlling parameter updates during

training
0.001

TabM [61] max_epochs Maximum number of training epochs 3
lr Learning rate controlling parameter updates during

training
0.001

Multi-task TabNet [47] max_epochs Maximum number of training epochs 3
lr Learning rate controlling parameter updates during

training
0.001

FT-Transformer (FTT) [62] max_epochs Maximum number of training epochs 3
lr Learning rate controlling parameter updates during

training
0.001

MambaTab (MT) [63] max_epochs Maximum number of training epochs 3
lr Learning rate controlling parameter updates during

training
0.001

While BR and CC provide a flexible means of adapting existing classifiers to multilabel
settings, certain models are inherently capable of handling multilabel outputs. MLkNN,
for instance, extends the classical K-Nearest Neighbors algorithm by assigning multiple
labels to an instance based on the label distribution of its nearest neighbors, effectively
capturing relationships between categories in local neighborhoods [57]. Similarly, Multi-
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task TabNet is a DL model specifically designed for tabular data. It applies a series
of feature transformations and employs an attention mechanism to focus on the most
relevant attributes for each task, allowing it to capture nonlinear dependencies and feature
interactions [47,64,65]. Because these models are inherently multilabel by design, they do
not require BR or CC transformation.

For probabilistic multilabel classifiers, BR and CC models produce label-wise probabil-
ity estimates that are internally converted into binary predictions using the default decision
threshold of 0.5 [56–58]. Similarly, Multi-task TabNet applies a sigmoid activation at each
output node and adopts the standard 0.5 cutoff to determine label assignment [47,64,65].
For MLkNN, label assignment follows the algorithm’s built-in Bayesian posterior estima-
tion procedure, where a label is predicted as positive when its posterior probability exceeds
0.5 [57]. This default thresholding behavior ensures consistency across models and enables
fair comparison across embedding configurations. Overall, the ML models included in
this study were selected for their relative simplicity, interpretability, and established per-
formance in classification tasks. Specifically, LR and GNB were included as lightweight
probabilistic baselines to assess the effectiveness of semantic embeddings under different
modeling assumptions, while RF, AdaBoost, XGBoost, LGBM, and CatBoost were selected
to represent tree-based ensemble approaches capable of capturing nonlinear relationships
and feature interactions. Moreover, DL models were chosen for their capacity to learn rich
representations and capture complex feature interactions in tabular data [66–68]. This com-
plementary set of models provides a balanced foundation for investigating the effectiveness
of multilabel learning in predicting complaint recurrence.

To assess the predictive performance of these models, several evaluation metrics
were applied namely subset accuracy, hamming loss, precision, recall, and F1 score. Subset
accuracy, also known as the exact match ratio, measures the proportion of instances in which
the entire predicted label set matches the ground truth exactly, making it the strictest metric
for multilabel classification. In contrast, hamming loss evaluates the fraction of misclassified
labels, penalizing false positives and false negatives equally across all categories. To provide
a more nuanced perspective, precision quantifies the proportion of correctly predicted labels
among all predicted labels, while recall measures the proportion of correctly predicted labels
among all true labels. Finally, the F1 score which involves the harmonic mean of precision
and recall offers a balanced metric that accounts for both false positives and false negatives.
For multilabel classification, precision, recall, and F1 score are computed using sample-
wise averaging, ensuring that each complaint record contributes equally to the overall
evaluation. In addition to overall performance evaluation, label-wise performance analysis
is conducted to examine model effectiveness at the individual complaint category level.
In this context, label-wise performance refers to the evaluation of prediction effectiveness
for each complaint category separately, allowing systematic comparison of how different
models handle the heterogeneity and imbalance across complaint types.

To further assess the effectiveness of models under the label-wise setting, statistical sig-
nificance analyses are performed. First, the Shapiro–Wilk test is applied to the distribution
of label-wise performance scores to evaluate the normality assumption. The hypotheses
are defined as follows:

H0. The label-wise performances are normally distributed.

Ha. The label-wise performances are not normally distributed.

If the resulting p-value is less than the significance level of 0.05, H0 is rejected, indicat-
ing a violation of normality. In such cases, the non-parametric Friedman test is employed;
otherwise, a one-way Analysis of Variance (ANOVA) is conducted to compare multiple
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models across labels. The hypotheses for both tests are defined as below. Rejection of H0 at
the 0.05 significance level indicates statistically significant differences among the evaluated
models;

H0. There is no significant difference in model performance across models.

Ha. At least one model exhibits significantly different performance.

Following a statistically significant ANOVA or Friedman test result, pairwise post hoc
comparisons are performed to determine which models differ significantly. Specifically,
Tukey’s Honest Significant Difference (HSD) test is employed after ANOVA, whereas the
Nemenyi test is applied after the Friedman test. Both post hoc tests evaluate the following
hypotheses for each pairwise comparison. Rejection of H0 at the 0.05 significance level
indicates that the performance difference between a pair of models is statistically significant.
These post hoc analyses provide a detailed examination of pairwise model differences and
identify the specific models contributing to the overall significance detected by the ANOVA
or Friedman test;

H0. There is no significant difference between the performances of the two compared models.

Ha. There is a significant difference between the performances of the two compared models.

Furthermore, to complement hypothesis testing, bootstrap confidence intervals are
computed for label-wise performance metrics to quantify the uncertainty of and variability
in model estimates. Specifically, 95% bootstrap confidence intervals are reported to provide
a reliable range within which the true performance is expected to lie. This combination
of statistical significance testing and interval estimation ensures a more comprehensive
evaluation of model performance beyond point estimates.

4. Results and Discussion
This section presents the experimental findings on short-term complaint recurrence

prediction using the proposed framework. The evaluation considers multiple embedding
models combined with both ML and DL approaches. Model performance is assessed using
subset accuracy, hamming loss, precision, recall, and F1 score. To structure the analysis,
five levels of results are reported. First, this study reports the baseline performance of
the selected ML and DL models with different embeddings, establishing a benchmark for
comparison (Table 8). Next, a statistical summary of performance is provided by computing
the mean and standard deviation of each metric across complaint categories, offering a
more generalizable view of model effectiveness beyond individual cases (Table 9). The
findings narrow the focus to the three most recurrent complaint categories namely Trees,
Vehicle, and Rubbish (Table 10) and least most recurrent categories such as Open Burning,
Earthworks, and Staff (Table 11), illustrating model behavior on high-frequency and low-
frequency labels, respectively. To ensure that the observed performance differences are
statistically reliable, statistical significance tests are conducted. Specifically, the Shapiro–
Wilk test is first applied to assess whether the distribution of model performance scores
satisfies the normality assumption required for parametric testing. Depending on the
outcome of the normality test, either a one-way ANOVA or the non-parametric Friedman
test is employed to determine whether statistically significant differences exist among the
evaluated models. The choice of post hoc procedure depends on the statistical test applied.
When a significant result is obtained from the one-way ANOVA, Tukey’s HSD test is used
to compare all model pairs. Conversely, when the Friedman test indicates a significant
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difference, the Nemenyi test is employed to identify the specific pairs of models that exhibit
statistically significant performance differences. In addition, bootstrap CI is computed for
the top-performing ML and DL models, ranked based on F1 score, to quantify the stability
of and variability in their label-wise performance across complaint categories.

Table 8. Comparison of Top Performing Embeddings-Based and Conventional Encoding Models
based on F1 Score.

Type Embeddings Model Subset Accuracy Hamming Loss Precision Recall F1

ML

No BR + AdaBoost 0.000 0.140 0.684 0.748 0.696
No CC + AdaBoost 0.000 0.144 0.672 0.760 0.693
jina-embeddings-v4 BR + LR 0.001 0.140 0.694 0.674 0.663
multilingual-e5-large BR + LR 0.001 0.138 0.695 0.673 0.661
Qwen3-Embedding-4B BR + LR 0.002 0.139 0.693 0.670 0.658

DL

bge-m3 BR + TabM 0.000 0.140 0.688 0.695 0.675
multilingual-e5-large CC + TabM 0.000 0.140 0.681 0.701 0.674
bge-m3 CC + FTT 0.001 0.143 0.682 0.698 0.671
Qwen3-Embedding-4B CC + FTT 0.000 0.146 0.676 0.708 0.671
bge-m3 CC + TabM 0.000 0.141 0.686 0.685 0.668

Table 8 compares embeddings-based approaches against conventional encoding base-
lines. Among all evaluated configurations, only two non-embedding models using one-hot
encoding ranked within the top-performing configurations, namely BR + AdaBoost and
CC + AdaBoost. Although these conventional representations remained competitive in
overall F1 score (≥69.3%), the majority of top-performing positions were occupied by
embeddings-based models. Notably, embeddings-based approaches achieved competi-
tive or lower hamming loss while maintaining comparable precision (≥69.3%) and recall
(≥67%). The superior ranking frequency of embedding representations indicates that
transforming structured complaint records into dense semantic spaces enables models to
capture relationships among complaint categories, temporal dynamics, and administrative
attributes more effectively than sparse one-hot vectors. Moreover, A key observation is that
subset accuracy values remain extremely low across all models, ranging between 0% and
2%. This indicates that none of the models were able to perfectly predict the entire set of
complaint recurrence labels for any given instance. Such a result is expected in multilabel
classification tasks with large label spaces, as the exact match ratio becomes overly strict
and rarely achieved, especially when multiple labels co-occur with varying dependencies.

In contrast, hamming loss provides a more informative perspective on model perfor-
mance. Across both ML and DL models, hamming loss values remain relatively consistent,
falling between 0.138 and 0.146. These results suggest that, while exact label-set matches
were rare, the models were still capable of correctly predicting a substantial proportion
of individual labels. Notably, the ML models with BR + LR using multilingual-e5-large
embeddings achieved the lowest hamming loss (0.138), indicating fewer misclassifications
compared to other configurations. This reinforces the suitability of hamming loss as a
practical evaluation metric in multilabel complaint recurrence prediction, as it penalizes
errors at the individual label level rather than the entire label set.

When considering F1 score, a clearer separation between model performance emerges
in embeddings-based models. Among the embedding-based models, the DL models with
TabM consistently outperform ML models with LR, with the top F1 scores reaching 67.5%
(BR + TabM with bge-m3 embeddings) compared to 66.3% (BR + LR with jina-embeddings-
v4). Therefore, the results suggest that both model families exhibit broadly comparable
effectiveness for multilabel complaint recurrence prediction. The primary distinction lies
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in their prediction tendencies rather than overall predictive capability. Specifically, ML
models generally achieve slightly higher precision, whereas DL models tend to achieve
slightly higher recall.

Interestingly, the precision–recall trade-off further explains the observed differences
in F1 scores between ML and DL models. For ML models, particularly BR + LR with
multilingual-e5-large embeddings, precision values remain slightly higher than recall
(69.5% vs. 67.3%), suggesting that these models adopt a more conservative prediction
strategy by favoring correct positive predictions at the expense of missing some true
labels. In contrast, DL models with TabM, such as CC + TabM with multilingual-e5-large
embeddings, tend to yield higher recall than precision (70.1% vs. 68.1%), reflecting a more
inclusive prediction approach that captures a broader set of true labels while tolerating
additional false positives. This balance contributes to the consistently higher F1 scores of
DL models, as the harmonic mean rewards models that effectively balance both metrics
rather than excelling in only one.

Table 9. Average Label-Wise Performance of ML and DL Models.

Embeddings Model Label-Wise Hamming Precision Recall F1Accuracy Loss

ML Model

No BR + AdaBoost 0.860 ± 0.128 0.140 ± 0.128 0.319 ± 0.364 0.354 ± 0.420 0.326 ± 0.375
No CC + AdaBoost 0.856 ± 0.136 0.144 ± 0.136 0.315 ± 0.360 0.357 ± 0.425 0.324 ± 0.373
jina-embeddings-v4 BR + LR 0.860 ± 0.127 0.140 ± 0.127 0.375 ± 0.391 0.328 ± 0.402 0.311 ± 0.374
multilingual-e5-large BR + LR 0.862 ± 0.126 0.138 ± 0.126 0.342 ± 0.371 0.331 ± 0.399 0.318 ± 0.373
Qwen3-Embedding-4B BR + LR 0.861 ± 0.126 0.139 ± 0.126 0.326 ± 0.373 0.331 ± 0.395 0.319 ± 0.372

DL Model

bge-m3 BR + TabM 0.860 ± 0.125 0.140 ± 0.125 0.318 ± 0.366 0.328 ± 0.404 0.310 ± 0.375
multilingual-e5-large CC + TabM 0.860 ± 0.126 0.140 ± 0.126 0.303 ± 0.366 0.337 ± 0.411 0.312 ± 0.377
bge-m3 CC + FTT 0.856 ± 0.133 0.144 ± 0.133 0.335 ± 0.363 0.328 ± 0.405 0.310 ± 0.368
Qwen3-Embedding-4B CC + FTT 0.854 ± 0.142 0.146 ± 0.142 0.334 ± 0.366 0.338 ± 0.417 0.309 ± 0.374
bge-m3 CC + TabM 0.859 ± 0.128 0.141 ± 0.128 0.322 ± 0.369 0.325 ± 0.405 0.305 ± 0.374

While the previous analysis focused on overall performance aggregated across all
labels, Table 9 provides deeper insights into average label-wise behavior by reporting
per-category performance. This view is critical because it captures the variability across
complaint categories, many of which exhibit imbalanced recurrence frequencies. Although
label-wise accuracy remains relatively high across all models (approximately 85.4–86.2%),
this metric should be interpreted cautiously. Unlike subset accuracy, which requires every
label for a complaint record to be predicted correctly, label-wise accuracy evaluates each
category independently. Given the highly sparse multilabel matrix, where most category
labels are negative for a given complaint instance, the metric is dominated by correctly pre-
dicted negatives. Consequently, high label-wise accuracy does not necessarily imply strong
identification of recurrent complaint categories or effective modeling of label dependencies.

Examining hamming loss in this context further supports this observation. Average
hamming losses fall consistently between 0.138 and 0.146 across all models, reflecting
a relatively stable error rate per label. The closeness of these values to those observed
in the overall evaluation highlights the effectiveness of per-label predictions, but the
accompanying deviations imply that less frequent categories contribute disproportionately
to misclassifications. This confirms that while the models are competent in handling
dominant categories, rare complaint types remain more difficult to capture consistently
within the 7-day prediction horizon.
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A more informative observation is the substantial variability reflected in the standard
deviations of precision, recall, and F1 score, which range from approximately ±36% to 42%
across categories. These values are larger than the corresponding means, indicating consid-
erable heterogeneity in category-level performance. While certain complaint categories are
predicted reliably, others remain extremely difficult to identify. This observation is consis-
tent with the highly imbalanced nature of complaint recurrence, where frequently recurring
categories dominate the training data while many rare categories contain very limited
positive examples. The one-hot encoding baselines achieved precision values of 31.9% and
31.5%, recall of 35.4% and 35.7%, and F1 scores of 32.6% and 32.4%, indicating strong per-
formance under aggregate evaluation. In comparison, embeddings-based ML models with
BR + LR generally achieve higher average precision (up to 37.5% with jina-embeddings-v4)
compared to DL models (as low as 30.3% with multilingual-e5-large + CC + TabM). This
suggests that ML-based approaches are more conservative, reducing false positives by mak-
ing fewer positive predictions per label. By contrast, DL models tend to lean toward higher
recall, with CC + TabM (multilingual-e5-large) reaching 33.7%, slightly outperforming the
ML counterparts in capturing true positives. Among the embeddings-based models, these
trade-offs manifest in the F1 scores, where both ML and DL converge around similar ranges
(≈30.5–31.9%), despite ML exhibiting marginally more stable precision–recall balance for
certain embeddings. The average F1 scores of approximately 30%-33% further demonstrate
that category-level prediction remains challenging despite the favorable overall label-wise
accuracy. Moreover, the performance differences between ML and DL models are relatively
small, suggesting that category frequency and label imbalance exert a stronger influence
on predictive performance than the choice of classifier architecture. Therefore, the results
indicate that the principal challenge lies not in model selection but in accurately learning
recurrence patterns for infrequent complaint categories.

Notably, embeddings play a substantial role in shaping per-label performance. For
ML, jina-embeddings-v4 yields the highest average precision and competitive F1, whereas
multilingual-e5-large provides slightly stronger recall. For DL models, Qwen3-Embedding-
4B embeddings achieve the best balance with F1 scores above 30.9%, outperforming bge-m3
which consistently lags behind. This pattern indicates that embedding dimensionality and
semantic richness directly influence how effectively both ML and DL models generalize
across complaint categories, particularly those with limited recurrence.

Building upon the label-wise averages, Table 10 zooms into the performance of the
three most recurrent complaint categories namely Trees, Vehicle, and Rubbish. These
categories dominate the recurrence distribution and therefore provide a strong test case for
evaluating the robustness of the proposed models. Across both ML and DL approaches,
all three categories achieve notably higher F1 scores than the overall averages reported in
Table 9, suggesting that recurrent categories are captured more reliably than less frequent
ones. This improvement reflects the greater availability of training data for these categories,
which enables the models to better learn recurrence patterns.

For the Trees category, ML and DL models exhibit very close performance. LR with
BR and high-capacity embeddings such as Qwen3-Embedding-4B achieves the highest
F1 score among ML approaches (89.9%), driven by balanced precision (83.3%) and recall
(97.6%). DL models, particularly TabM with bge-m3 and multilingual-e5-large, consistently
produce perfect recall (100%) but slightly lower precision (80.8%), yielding F1 scores around
89.4%. Near-perfect recall is likely attributable to the high prevalence of recurring Trees
complaints rather than an inherent superiority of a particular modeling approach. Because
recurrent Trees complaints constitute a large proportion of positive examples, the models
can identify most positive cases successfully. However, the corresponding precision values
remain around 80–83%, indicating that the high recall is partly achieved through more
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aggressive positive predictions that increase false positives. Similar behavior is observed for
Vehicle and Rubbish, where improvements in recall are often accompanied by reductions
in precision.

Table 10. Performance of ML and DL Models on the Three Most Recurrent Complaint Categories
(Trees, Vehicle, and Rubbish).

Label . Type Embeddings Model Label-Wise Hamming Precision Recall F1Accuracy Loss

Trees

ML

No BR + AdaBoost 0.808 0.192 0.808 1.000 0.894
No CC + AdaBoost 0.808 0.192 0.808 1.000 0.894
jina-embeddings-v4 BR + LR 0.811 0.189 0.814 0.993 0.895
multilingual-e5-large BR + LR 0.817 0.183 0.831 0.971 0.896
Qwen3-Embedding-4B BR + LR 0.823 0.177 0.833 0.976 0.899

DL

bge-m3 BR + TabM 0.808 0.192 0.808 1.000 0.894
multilingual-e5-large CC + TabM 0.808 0.192 0.808 1.000 0.894
bge-m3 CC + FTT 0.814 0.186 0.835 0.959 0.893
Qwen3-Embedding-4B CC + FTT 0.813 0.187 0.816 0.992 0.896
bge-m3 CC + TabM 0.808 0.192 0.808 1.000 0.894

Vehicle

ML

No BR + AdaBoost 0.785 0.215 0.874 0.845 0.860
No CC + AdaBoost 0.785 0.215 0.874 0.845 0.860
jina-embeddings-v4 BR + LR 0.797 0.203 0.891 0.841 0.865
multilingual-e5-large BR + LR 0.788 0.212 0.870 0.855 0.862
Qwen3-Embedding-4B BR + LR 0.796 0.204 0.877 0.857 0.867

DL

bge-m3 BR + TabM 0.796 0.204 0.858 0.884 0.871
multilingual-e5-large CC + TabM 0.788 0.212 0.864 0.863 0.863
bge-m3 CC + FTT 0.790 0.210 0.796 0.980 0.879
Qwen3-Embedding-4B CC + FTT 0.770 0.230 0.820 0.902 0.859
bge-m3 CC + TabM 0.804 0.196 0.863 0.888 0.875

Rubbish

ML

No BR + AdaBoost 0.760 0.240 0.763 0.985 0.859
No CC + AdaBoost 0.748 0.252 0.753 0.985 0.853
jina-embeddings-v4 BR + LR 0.782 0.218 0.821 0.905 0.861
multilingual-e5-large BR + LR 0.794 0.206 0.829 0.912 0.868
Qwen3-Embedding-4B BR + LR 0.785 0.215 0.825 0.903 0.862

DL

bge-m3 BR + TabM 0.782 0.218 0.808 0.927 0.863
multilingual-e5-large CC + TabM 0.765 0.235 0.776 0.963 0.859
bge-m3 CC + FTT 0.777 0.223 0.814 0.908 0.858
Qwen3-Embedding-4B CC + FTT 0.801 0.199 0.828 0.925 0.874
bge-m3 CC + TabM 0.760 0.240 0.774 0.958 0.856

Label Type Embeddings Model Subset Hamming Precision Recall F1Accuracy Loss

Trees,
Vechicle, and
Rubbish

ML

No BR + AdaBoost 0.565 0.215 0.790 0.891 0.819
No CC + AdaBoost 0.565 0.220 0.789 0.892 0.818
jina-embeddings-v4 BR + LR 0.574 0.203 0.800 0.849 0.804
multilingual-e5-large BR + LR 0.576 0.200 0.784 0.845 0.793
Qwen3-Embedding-4B BR + LR 0.581 0.199 0.785 0.844 0.795

DL

bge-m3 BR + TabM 0.576 0.205 0.795 0.878 0.815
multilingual-e5-large CC + TabM 0.560 0.213 0.788 0.884 0.815
bge-m3 CC + FTT 0.554 0.207 0.782 0.890 0.814
Qwen3-Embedding-4B CC + FTT 0.551 0.205 0.794 0.880 0.813
bge-m3 CC + TabM 0.563 0.210 0.791 0.894 0.820

The Vehicle category presents a more competitive picture. Here, DL models such as
CC + FTT with bge-m3 embeddings achieve the highest F1 score (87.9%), surpassing ML
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approaches by leveraging stronger recall (98%) while maintaining competitive precision
(86.4%). By contrast, ML models with BR + LR and embeddings such as Qwen3-Embedding-
4B maintain more balanced precision (87.7%) and recall (85.7%), producing an F1 score of
86.7%. For Rubbish, both ML and DL approaches again achieve strong and comparable
performance. ML models using multilingual-e5-large embeddings with BR + LR report the
highest ML F1 score (86.8%), combining strong precision (82.9%) with high recall (91.2%).
On the other hand, DL models, particularly CC + TabM with bge-m3 embeddings, reach
an F1 score of 85.6%, driven by higher recall (95.8%) but slightly lower precision (77.4%).
Across different embedding-model pairings, DL approaches consistently show higher recall
values, in some cases approaching 96.3%, but their precision is often lower, leading to F1
scores that remain competitive but not consistently superior to ML.

When analyzing these three categories jointly, the contrast between ML and DL
approaches becomes clearer. ML models consistently maintain higher subset accuracy
(≈56–58.1%) and slightly lower hamming loss compared to DL models (≈55.1–57.6% sub-
set accuracy). However, DL approaches show superior F1 scores across the combined
categories, with CC + TabM using bge-m3 embeddings reaching the highest F1 score of
82%. This improvement is largely attributed to recall-oriented behavior, where DL models
capture a greater proportion of recurrent labels even when precision suffers. Given the
marginal performance differences, these findings should not be interpreted as conclusive
evidence that DL models generalize better than ML models. Instead, the results suggest
that both model families are capable of effectively modeling highly recurrent complaint
categories when sufficient training examples are available.

Table 11 presents the category-level performance for the three least recurrent com-
plaint categories, namely Open Burning, Earthworks, and Staff, which represent the most
challenging prediction cases due to their extremely limited recurrence frequencies. Across
all evaluated configurations, including both non-embedding and embedding-based ML
and DL models, performance exhibits a highly uniform pattern. Label-wise accuracy re-
mains exceptionally high, ranging between 98.8% and 99.3%, while hamming loss remains
correspondingly low at 0.007–0.012. However, despite these seemingly favorable values,
precision, recall, and F1 score are consistently equal to 0 across all models and embeddings.
This result indicates that none of the evaluated methods successfully identified positive
recurrence instances for these categories. Instead, all models converged toward predicting
the negative class for every sample, thereby achieving high apparent correctness due solely
to the overwhelming dominance of non-recurrent labels.

This outcome further highlights the limitations of relying on accuracy-oriented metrics
in highly sparse multilabel settings. Since label-wise accuracy evaluates each complaint
category independently and the majority of observations belong to the negative class, a
trivial classifier that predicts no recurrence can still achieve nearly perfect accuracy and low
hamming loss. The consistency of this behavior across one-hot encoding, semantic embed-
dings, ML approaches, and DL architectures suggests that the limitation is not primarily
attributable to model selection or representation quality. Rather, the complete absence
of positive predictions implies that the underlying data distribution for these categories
contains insufficient recurring patterns to support meaningful learning. Even semantically
richer embeddings such as multilingual-e5-large, Qwen3-Embedding-4B, jina-embeddings-
v4, and bge-m3 failed to produce measurable improvements, indicating that semantic
feature enhancement alone cannot compensate for extremely limited positive supervision.
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Table 11. Performance of ML and DL Models on the Three Least Recurrent Complaint Categories
(Open Burning, Earthworks, and Staff).

Label Type Embeddings Model Label-Wise Hamming Precision Recall F1Accuracy Loss

Open
Burning

ML

No BR + AdaBoost 0.993 0.007 0.000 0.000 0.000
No CC + AdaBoost 0.993 0.007 0.000 0.000 0.000
jina-embeddings-v4 BR + LR 0.993 0.007 0.000 0.000 0.000
multilingual-e5-large BR + LR 0.993 0.007 0.000 0.000 0.000
Qwen3-Embedding-4B BR + LR 0.993 0.007 0.000 0.000 0.000

DL

bge-m3 BR + TabM 0.993 0.007 0.000 0.000 0.000
multilingual-e5-large CC + TabM 0.993 0.007 0.000 0.000 0.000
bge-m3 CC + FTT 0.993 0.007 0.000 0.000 0.000
Qwen3-Embedding-4B CC + FTT 0.993 0.007 0.000 0.000 0.000
bge-m3 CC + TabM 0.993 0.007 0.000 0.000 0.000

Earthworks

ML

No BR + AdaBoost 0.988 0.012 0.000 0.000 0.000
No CC + AdaBoost 0.988 0.012 0.000 0.000 0.000
jina-embeddings-v4 BR + LR 0.988 0.012 0.000 0.000 0.000
multilingual-e5-large BR + LR 0.988 0.012 0.000 0.000 0.000
Qwen3-Embedding-4B BR + LR 0.988 0.012 0.000 0.000 0.000

DL

bge-m3 BR + TabM 0.988 0.012 0.000 0.000 0.000
multilingual-e5-large CC + TabM 0.988 0.012 0.000 0.000 0.000
bge-m3 CC + FTT 0.988 0.012 0.000 0.000 0.000
Qwen3-Embedding-4B CC + FTT 0.988 0.012 0.000 0.000 0.000
bge-m3 CC + TabM 0.988 0.012 0.000 0.000 0.000

Staff

ML

No BR + AdaBoost 0.988 0.012 0.000 0.000 0.000
No CC + AdaBoost 0.988 0.012 0.000 0.000 0.000
jina-embeddings-v4 BR + LR 0.988 0.012 0.000 0.000 0.000
multilingual-e5-large BR + LR 0.988 0.012 0.000 0.000 0.000
Qwen3-Embedding-4B BR + LR 0.988 0.012 0.000 0.000 0.000

DL

bge-m3 BR + TabM 0.988 0.012 0.000 0.000 0.000
multilingual-e5-large CC + TabM 0.988 0.012 0.000 0.000 0.000
bge-m3 CC + FTT 0.988 0.012 0.000 0.000 0.000
Qwen3-Embedding-4B CC + FTT 0.988 0.012 0.000 0.000 0.000
bge-m3 CC + TabM 0.988 0.012 0.000 0.000 0.000

Label Type Embeddings Model Subset Hamming Precision Recall F1Accuracy Loss

Open
Burning,
Earthworks,
and Staff

ML

No BR + AdaBoost 0.979 0.010 0.000 0.000 0.000
No CC + AdaBoost 0.979 0.010 0.000 0.000 0.000
jina-embeddings-v4 BR + LR 0.979 0.010 0.000 0.000 0.000
multilingual-e5-large BR + LR 0.979 0.010 0.000 0.000 0.000
Qwen3-Embedding-4B BR + LR 0.979 0.010 0.000 0.000 0.000

DL

bge-m3 BR + TabM 0.979 0.010 0.000 0.000 0.000
multilingual-e5-large CC + TabM 0.979 0.010 0.000 0.000 0.000
bge-m3 CC + FTT 0.979 0.010 0.000 0.000 0.000
Qwen3-Embedding-4B CC + FTT 0.979 0.010 0.000 0.000 0.000
bge-m3 CC + TabM 0.979 0.010 0.000 0.000 0.000

An additional observation emerges when considering the combined evaluation of
Open Burning, Earthworks, and Staff. When aggregated into a joint multilabel setting,
subset accuracy remains at 97.9% and hamming loss remains stable at 0.010 across all model
configurations, yet precision, recall, and F1 continue to remain at zero. This confirms that
the inability to recover positive labels persists even after combining multiple low-frequency
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categories and is therefore unlikely to result from isolated category-specific effects. Instead,
the results suggest the existence of a lower recurrence threshold below which current
predictive architectures cannot reliably learn complaint recurrence behavior within the
7-day forecasting horizon.

The statistical significance analysis further examines the effectiveness of model perfor-
mance across individual complaint categories in the multilabel classification setting. Prior
to conducting comparative statistical tests, the Shapiro–Wilk normality test was applied to
determine whether the distribution of label-wise performance scores satisfied the normality
assumption required for parametric tests. As shown in Table 12, the Shapiro–Wilk statistics
range from 0.796 to 0.819 across the evaluation metrics, including label-wise accuracy
(0.819), hamming loss (0.819), precision (0.799), recall (0.799), and F1 score (0.796). However,
the corresponding p-values are all equal to 0, which are substantially below the signifi-
cance level of α = 0.05. Therefore, the null hypothesis H0 which assumes that the model
performance scores are normally distributed across complaint categories, is rejected. This
result indicates that the label-wise performance values significantly deviate from normality.
Consequently, instead of employing a parametric one-way ANOVA, the non-parametric
Friedman test was adopted to compare the relative performance of the evaluated models.

Table 12. The Shapiro–Wilk and Friedman Tests of Label-Wise Performance.

Statistical Test Statistical Measure Label-Wise Hamming Precision Recall F1Accuracy Loss

Shapiro–Wilk Statistics 0.819 0.819 0.799 0.799 0.796
p-value 0
Reject Null Hypothesis Yes

Friedman Statistics 3430.777 3430.777 932.61 1535.869 512.531
p-value 0
Reject Null Hypothesis Yes

The Friedman test results, also summarized in Table 12, reveal statistically significant
differences in model performance across complaint categories. The Friedman statistics are
3430.777 for label-wise accuracy, 3430.777 for hamming loss, 932.61 for precision, 1535.869
for recall, and 512.531 for F1 score, with all associated p-values equal to 0. Since these values
are below the significance threshold of 0.05, the null hypothesis H0 stating that there is no
significant difference in model performance is rejected for all evaluation metrics. These
findings confirm that the observed variations in label-wise performance among the evaluated
ML and DL models are statistically significant rather than arising from random variation.

In Table 13, the Nemenyi post hoc analysis provides a finer-grained interpretation of
the statistical differences identified by the Friedman test by examining pairwise compar-
isons among model combinations. Unlike the Friedman test, which only indicates that at
least one configuration differs significantly from the others, the Nemenyi procedure identi-
fies where those differences occur across the evaluated multilabel configurations. Table 13
shows that several of the largest performance gaps emerge between embedding-based
modern tabular architectures and lower-performing baseline configurations. An important
observation is that most pairwise comparisons remain close to, but do not consistently
cross, significance thresholds (α = 0.05). For example, Qwen3-Embedding-4B with BR + MT
compared against one-hot encoding + CC + FTT yields a p-value of 0.051, while bge-m3
with CC + MT reaches p = 0.084 and bge-m3 with BR + MT yields p = 0.098. These values
indicate measurable but moderate practical separation between configurations rather than
overwhelming superiority of a single architecture. From a modeling perspective, Table 13
suggests that representation quality contributes more strongly than classifier complexity
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alone. High-performing comparisons consistently involve richer semantic embeddings
such as Qwen3-Embedding-4B, jina-embeddings-v4, and bge-m3 combined with architec-
tures designed to capture structured feature interactions. Conversely, multiple TabNet
configurations remain among the weakest despite using embeddings, implying that embed-
ding dimensionality alone does not guarantee improved multilabel prediction. Instead, the
interaction between representation learning and model appears to determine category-level
effectiveness. Therefore, the Nemenyi results reinforce the earlier conclusion that embed-
ding representations primarily improve reproducibility and cross-category generalization
rather than producing universally dominant gains in average F1 performance.

Table 13. The Nemenyi Post Hoc Test of Label-Wise Performance.

Group A Group B
p-Value

Embeddings Model F1 Embeddings Model F1

Qwen3-Embedding-4B BR + MT 0.360 No CC + FTT 0.273 0.051
Qwen3-Embedding-4B CC + MT 0.367 No CC + FTT 0.273 0.062
bge-m3 CC + MT 0.373 No CC + FTT 0.273 0.084
Qwen3-Embedding-4B BR + MT 0.360 all-mpnet-base-v2 TabNet 0.187 0.095
bge-m3 BR + MT 0.382 No CC + FTT 0.273 0.098
Qwen3-Embedding-4B CC + MT 0.367 all-mpnet-base-v2 TabNet 0.187 0.113
Qwen3-Embedding-4B BR + MT 0.360 jina-embeddings-v4 TabNet 0.193 0.119
jina-embeddings-v4 CC + MT 0.376 No CC + FTT 0.273 0.138
Qwen3-Embedding-4B CC + MT 0.367 jina-embeddings-v4 TabNet 0.193 0.141
bge-m3 CC + MT 0.373 all-mpnet-base-v2 TabNet 0.187 0.148
Qwen3-Embedding-4B BR + MT 0.360 Qwen3-Embedding-4B TabNet 0.197 0.164
Qwen3-Embedding-4B BR + MT 0.360 No TabNet 0.187 0.164
bge-m3 TabNet 0.197 Qwen3-Embedding-4B BR + MT 0.360 0.166
bge-m3 BR + MT 0.382 all-mpnet-base-v2 TabNet 0.187 0.171
bge-m3 CC + MT 0.373 jina-embeddings-v4 TabNet 0.193 0.182
Qwen3-Embedding-4B BR + MT 0.360 all-MiniLM-L6-v2 TabNet 0.197 0.183
Qwen3-Embedding-4B CC + MT 0.367 Qwen3-Embedding-4B TabNet 0.197 0.192
Qwen3-Embedding-4B CC + MT 0.367 No TabNet 0.187 0.192
bge-m3 TabNet 0.197 Qwen3-Embedding-4B CC + MT 0.367 0.194
jina-embeddings-v4 BR + MT 0.382 No CC + FTT 0.273 0.202
bge-m3 BR + MT 0.382 jina-embeddings-v4 TabNet 0.193 0.208
Qwen3-Embedding-4B CC + MT 0.367 all-MiniLM-L6-v2 TabNet 0.197 0.213
jina-embeddings-v4 CC + MT 0.376 all-mpnet-base-v2 TabNet 0.187 0.231
bge-m3 CC + MT 0.373 Qwen3-Embedding-4B TabNet 0.197 0.243
bge-m3 CC + MT 0.373 No TabNet 0.187 0.243
bge-m3 CC + MT 0.373 bge-m3 TabNet 0.197 0.245
bge-m3 CC + MT 0.373 all-MiniLM-L6-v2 TabNet 0.197 0.267
Qwen3-Embedding-4B BR + MT 0.360 multilingual-e5-large TabNet 0.195 0.269
Qwen3-Embedding-4B BR + MT 0.360 No BR + FTT 0.288 0.272
bge-m3 BR + MT 0.382 Qwen3-Embedding-4B TabNet 0.197 0.275
bge-m3 BR + MT 0.382 No TabNet 0.187 0.276
jina-embeddings-v4 CC + MT 0.376 jina-embeddings-v4 TabNet 0.193 0.276
bge-m3 BR + MT 0.382 bge-m3 TabNet 0.197 0.278
bge-m3 BR + MT 0.382 all-MiniLM-L6-v2 TabNet 0.197 0.302
No CC + FTT 0.273 all-MiniLM-L6-v2 BR + MT 0.373 0.304
Qwen3-Embedding-4B CC + MT 0.367 multilingual-e5-large TabNet 0.195 0.308
No CC + FTT 0.273 all-mpnet-base-v2 CC + MT 0.377 0.310
Qwen3-Embedding-4B CC + MT 0.367 No BR + FTT 0.288 0.311
jina-embeddings-v4 BR + MT 0.382 all-mpnet-base-v2 TabNet 0.187 0.322
Qwen3-Embedding-4B TabNet 0.197 jina-embeddings-v4 CC + MT 0.376 0.355
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To complement the statistical significance analysis, 95% bootstrap confidence intervals
were computed for the top-performing configurations selected according to overall F1
score (Table 14). Instead of interpreting narrower intervals as evidence of stability, the
confidence intervals were used to examine whether performance differences between
competing representations remain meaningful after accounting for sampling variability
across complaint categories.

Table 14. Confidence Interval of Label-Wise Performance.

Type Embeddings Model Label-Wise Hamming Precision Recall F1Accuracy Loss

ML

No BR + AdaBoost (0.858, 0.862) (0.138, 0.142) (0.712, 0.722) (0.771, 0.781) (0.741, 0.749)
No CC + AdaBoost (0.853, 0.858) (0.142, 0.147) (0.699, 0.710) (0.779, 0.788) (0.738, 0.746)
jina-embeddings-v4 BR + LR (0.858, 0.862) (0.138, 0.142) (0.735, 0.746) (0.720, 0.731) (0.729, 0.737)
multilingual-e5-large BR + LR (0.860, 0.864) (0.136, 0.140) (0.740, 0.751) (0.723, 0.733) (0.733, 0.741)
Qwen3-Embedding-4B BR + LR (0.859, 0.863) (0.137, 0.141) (0.738, 0.749) (0.722, 0.732) (0.731, 0.740)

DL

bge-m3 BR + TabM (0.858, 0.862) (0.138, 0.142) (0.732, 0.742) (0.73, 0.740) (0.732, 0.740)
multilingual-e5-large CC + TabM (0.857, 0.862) (0.138, 0.143) (0.725, 0.736) (0.740, 0.750) (0.733, 0.742)
bge-m3 CC + FTT (0.854, 0.859) (0.141, 0.146) (0.722, 0.732) (0.729, 0.739) (0.726, 0.735)
Qwen3-Embedding-4B CC + FTT (0.852, 0.856) (0.144, 0.148) (0.710, 0.720) (0.741, 0.751) (0.726, 0.734)
bge-m3 CC + TabM (0.856, 0.861) (0.139, 0.144) (0.729, 0.740) (0.724, 0.734) (0.728, 0.736)

The results show substantial overlap among the leading configurations. For example,
BR + LR with multilingual-e5-large achieved an F1 confidence interval of (73.3%, 74.1%),
while BR + LR with jina-embeddings-v4 produced a closely overlapping interval of (72.9%,
73.7%). Similarly, BR + TabM with bge-m3 yielded an interval of (73.2%, 74.0%), and
CC + TabM with multilingual-e5-large reached (73.3%, 74.2%). The overlap suggests that
although the Friedman test detected statistically significant differences across models, the
practical magnitude of these differences among the top-performing methods is limited.

Importantly, confidence intervals reveal a different pattern from the point estimates
alone. While one-hot encoding baselines achieved competitive average F1 values and
appeared among the top overall rankings, embedding-based models occupied most of
the selected configurations and maintained overlapping intervals across multiple metrics
simultaneously, including label-wise accuracy, hamming loss, precision, recall, and F1. This
indicates that embedding representations do not necessarily provide large isolated im-
provements but instead yield more reproducible predictive behavior across heterogeneous
complaint categories. Therefore, the confidence interval analysis is interpreted as an assess-
ment of practical equivalence and representation effectiveness rather than stability alone.
Combined with the Friedman test results, the findings suggest that embeddings contribute
primarily through consistent cross-category generalization rather than statistically large
performance gains.

Table 15 presents the label-wise performance of the proposed framework (multilingual-
e5-large + BR + LR) under different spatial aggregation levels (State Legislative Assembly
(SLA) and District) and prediction horizons ranging from 3 to 28 days. The comparison
against three baseline strategies (All 1s, All 0s, and Random prediction) provides important
insights into the contribution of spatial granularity and temporal horizon selection for cross-
category complaint recurrence prediction. Overall, the proposed framework consistently
outperforms the Random and All 0s baselines across all prediction horizons, demonstrating
that the learned embedding-based representations capture meaningful spatiotemporal
relationships beyond chance-level prediction. Notably, the proposed model achieves sub-
stantially lower hamming loss than the Random baseline in both spatial settings, indicating
more accurate label-level predictions despite the large and sparse multilabel output space.
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For example, under the SLA setting, hamming loss remains between 0.134 and 0.146 across
all horizons, compared with approximately 0.498–0.501 for the Random baseline. Similarly,
under the District setting, hamming loss ranges from 0.129 to 0.165, remaining considerably
lower than the corresponding Random baseline values near 0.5. These results suggest
that the proposed framework effectively learns recurrence patterns rather than merely
exploiting the dominant class distribution.

Table 15. Spatial Unit Ablation Study of Label-Wise Performance Across Aggregation Levels and
Prediction Horizons h.

Spatial h Prediction Label-Wise Hamming Precision Recall F1 LiftUnit Accuracy Loss

State Legislative
Assembly

3

Proposed 0.866 ± 0.135 0.134 ± 0.135 0.254 ± 0.330 0.235 ± 0.321 0.235 ± 0.319 0.673 ± 0.834
All 1s 0.194 ± 0.236 0.806 ± 0.236 0.194 ± 0.236 0.811 ± 0.397 0.270 ± 0.294 0.811 ± 0.397
All 0s 0.806 ± 0.236 0.194 ± 0.236 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
Random 0.501 ± 0.008 0.499 ± 0.008 0.196 ± 0.237 0.412 ± 0.206 0.211 ± 0.213 0.829 ± 0.413

7

Proposed 0.862 ± 0.126 0.138 ± 0.126 0.342 ± 0.371 0.331 ± 0.399 0.318 ± 0.373 0.779 ± 0.92
All 1s 0.265 ± 0.293 0.735 ± 0.293 0.265 ± 0.293 0.811 ± 0.397 0.344 ± 0.337 0.811 ± 0.397
All 0s 0.735 ± 0.293 0.265 ± 0.293 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
Random 0.500 ± 0.009 0.500 ± 0.009 0.264 ± 0.292 0.397 ± 0.198 0.259 ± 0.238 0.795 ± 0.396

14

Proposed 0.861 ± 0.124 0.139 ± 0.124 0.389 ± 0.397 0.409 ± 0.434 0.389 ± 0.401 0.805 ± 1.042
All 1s 0.329 ± 0.335 0.671 ± 0.335 0.329 ± 0.335 0.811 ± 0.397 0.407 ± 0.365 0.811 ± 0.397
All 0s 0.671 ± 0.335 0.329 ± 0.335 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
Random 0.502 ± 0.011 0.498 ± 0.011 0.329 ± 0.336 0.403 ± 0.199 0.302 ± 0.252 0.805 ± 0.397

21

Proposed 0.862 ± 0.126 0.138 ± 0.126 0.444 ± 0.383 0.454 ± 0.438 0.435 ± 0.402 1.02 ± 1.134
All 1s 0.363 ± 0.349 0.637 ± 0.349 0.363 ± 0.349 0.811 ± 0.397 0.440 ± 0.372 0.811 ± 0.397
All 0s 0.637 ± 0.349 0.363 ± 0.349 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
Random 0.500 ± 0.009 0.500 ± 0.009 0.362 ± 0.349 0.409 ± 0.201 0.324 ± 0.254 0.817 ± 0.402

28

Proposed 0.854 ± 0.130 0.146 ± 0.130 0.448 ± 0.384 0.487 ± 0.434 0.459 ± 0.401 0.943 ± 0.897
All 1s 0.381 ± 0.355 0.619 ± 0.355 0.381 ± 0.355 0.811 ± 0.397 0.459 ± 0.375 0.811 ± 0.397
All 0s 0.619 ± 0.355 0.381 ± 0.355 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
Random 0.499 ± 0.010 0.501 ± 0.010 0.380 ± 0.356 0.402 ± 0.198 0.335 ± 0.254 0.804 ± 0.396

3

Proposed 0.856 ± 0.168 0.144 ± 0.168 0.354 ± 0.414 0.419 ± 0.471 0.377 ± 0.431 0.494 ± 0.559
All 1s 0.377 ± 0.377 0.623 ± 0.377 0.377 ± 0.377 0.811 ± 0.397 0.445 ± 0.388 0.811 ± 0.397
All 0s 0.623 ± 0.377 0.377 ± 0.377 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
Random 0.498 ± 0.008 0.502 ± 0.008 0.376 ± 0.376 0.405 ± 0.199 0.324 ± 0.260 0.809 ± 0.397

District

7

Proposed 0.871 ± 0.148 0.129 ± 0.148 0.458 ± 0.424 0.483 ± 0.475 0.458 ± 0.444 0.683 ± 0.607
All 1s 0.454 ± 0.401 0.546 ± 0.401 0.454 ± 0.401 0.811 ± 0.397 0.518 ± 0.401 0.811 ± 0.397
All 0s 0.546 ± 0.401 0.454 ± 0.401 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
Random 0.499 ± 0.011 0.501 ± 0.011 0.453 ± 0.401 0.396 ± 0.196 0.368 ± 0.267 0.795 ± 0.393

14

Proposed 0.860 ± 0.170 0.140 ± 0.170 0.520 ± 0.435 0.551 ± 0.469 0.513 ± 0.448 0.986 ± 2.059
All 1s 0.509 ± 0.408 0.491 ± 0.408 0.509 ± 0.408 0.811 ± 0.397 0.570 ± 0.402 0.811 ± 0.397
All 0s 0.491 ± 0.408 0.509 ± 0.408 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
Random 0.501 ± 0.011 0.499 ± 0.011 0.508 ± 0.407 0.404 ± 0.198 0.403 ± 0.265 0.809 ± 0.397

21

Proposed 0.842 ± 0.186 0.158 ± 0.186 0.543 ± 0.432 0.585 ± 0.468 0.542 ± 0.443 0.716 ± 0.552
All 1s 0.538 ± 0.403 0.462 ± 0.403 0.538 ± 0.403 0.811 ± 0.397 0.6 ± 0.398 0.811 ± 0.397
All 0s 0.462 ± 0.403 0.538 ± 0.403 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
Random 0.499 ± 0.009 0.501 ± 0.009 0.538 ± 0.404 0.404 ± 0.198 0.421 ± 0.263 0.808 ± 0.396

28

Proposed 0.835 ± 0.196 0.165 ± 0.196 0.562 ± 0.425 0.639 ± 0.448 0.581 ± 0.427 0.744 ± 0.501
All 1s 0.558 ± 0.402 0.442 ± 0.402 0.558 ± 0.402 0.811 ± 0.397 0.618 ± 0.397 0.811 ± 0.397
All 0s 0.442 ± 0.402 0.558 ± 0.402 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000 0.000 ± 0.000
Random 0.500 ± 0.011 0.500 ± 0.011 0.558 ± 0.401 0.404 ± 0.198 0.433 ± 0.261 0.812 ± 0.398

The most notable finding is the influence of spatial aggregation. Although the method-
ology initially adopted SLA as the primary spatial unit because it offers finer-grained
localization of complaint dynamics, the District-level aggregation consistently achieves
higher F1 scores across all prediction horizons. At h = 7, the District representation at-
tains an F1 score of 45.8% compared with 31.8% for SLA, and the gap further widens at
h = 28, where District reaches 58.1% while SLA records 45.9%. Similar improvements are
observed in recall, increasing from 33.1% to 48.3% at h = 7 and from 48.7% to 63.9% at h = 28.
These findings suggest that aggregating complaints at the District level reduces spatial
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fragmentation and alleviates data sparsity by pooling recurrence events from multiple SLA
regions. As a result, the model is exposed to more consistent recurrence patterns and can
learn cross-category dependencies more effectively. However, this performance advantage
should be interpreted alongside the loss of geographic specificity. While district-level aggre-
gation improves predictive accuracy, SLA-level aggregation retains finer spatial resolution
that may be more useful for operational deployment and localized intervention planning.
Therefore, the results highlight an important trade-off between predictive performance and
spatial interpretability, where coarser aggregation improves model learning while finer
aggregation preserves actionable geographic detail.

The comparison with the All 1s prediction provides additional insight into the charac-
teristics of complaint recurrence. As the prediction horizon increases, the All 1s baseline
becomes increasingly competitive, with F1 scores rising from 27% to 45.9% under SLA and
from 44.5% to 61.8% under District aggregation. This reflects the growing prevalence of
positive labels over longer time windows. Nevertheless, unlike the All 1s baseline, which
achieves high recall through indiscriminate positive predictions, the proposed framework
maintains substantially higher label-wise accuracy and considerably lower hamming loss.
This demonstrates that the model is not merely benefiting from increasing recurrence
prevalence but is successfully distinguishing which complaint categories are likely to recur.

Table 16 examines the impact of spatial aggregation on the prediction of the Trees, Ve-
hicle, and Rubbish under prediction horizons of 3 and 7 days. Consistent with the findings
in Table 15, the results demonstrate that highly recurrent complaint categories are sub-
stantially easier to predict than the overall multilabel problem. Across all three categories,
the proposed framework achieves F1 scores ranging from 79.3% to 99.7%, considerably
higher than the average label-wise F1 values reported in the earlier experiments. This
finding is expected because these categories possess a large number of positive recurrence
instances, allowing the model to learn stable spatiotemporal recurrence patterns. The low
hamming loss values, particularly under the District aggregation level (0.006–0.030), further
indicate that the framework can accurately distinguish recurrent and non-recurrent events
for these dominant complaint categories. The results therefore reinforce the observation
that complaint recurrence frequency is a major determinant of predictive performance,
often exerting greater influence than model complexity itself.

A notable pattern emerges when comparing the SLA and District aggregation levels.
For all three complaint categories, district-level aggregation consistently produces near-
perfect performance. For example, Trees achieves F1 scores of 98.6% and 99.7% under
District aggregation for h = 3 and h = 7, respectively, while Rubbish records F1 scores
of 98.5% and 99.5%. Similar behavior is observed for Vehicle, where the performance
approaches perfect classification. The lift metric provides further insight into the practical
value of the proposed framework. Lift measures the predictive improvement relative
to random selection and therefore offers a more meaningful assessment than accuracy
alone in highly imbalanced settings. For the SLA aggregation level, the proposed model
achieves lift values exceeding 1 across all three categories, reaching 1.364 for Vehicle and
1.307 for Rubbish at h = 3. These values indicate that the framework identifies recurrent
complaints approximately 30–36% more effectively than random prediction, demonstrating
that it successfully captures meaningful recurrence structures rather than relying solely on
category prevalence. Interestingly, lift values generally decline as the prediction horizon
increases from 3 to 7 days, such as Vehicle decreasing from 1.364 to approximately 1.17
and Rubbish from 1.307 to 1.112. This reduction is expected because recurrence prevalence
increases with longer horizons, making the prediction task easier even for baseline methods
and thereby reducing the relative advantage over random prediction. At the District level,
lift values converge toward 1.0 because complaint recurrence becomes almost ubiquitous
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within the aggregated regions. In these circumstances, even simple strategies such as
predicting all positives perform nearly optimally. Therefore, the lift analysis highlights
that the greatest practical benefit of the proposed framework occurs under finer-grained
spatial settings, where meaningful discrimination between recurrent and non-recurrent
complaints remains challenging.

Table 16. Spatial Unit Ablation Study of Label-Wise Performance for Trees, Vehicle, and Rubbish.

Label Spatial Unit h Prediction Label-Wise Hamming Precision Recall F1 LiftAccuracy Loss

Trees

State Legislative
Assembly

3

Proposed 0.709 0.291 0.753 0.845 0.796 1.120
All 1s 0.672 0.328 0.672 1.000 0.804 1.000
All 0s 0.328 0.672 0.000 0.000 0.000 0.000
Random 0.498 0.502 0.672 0.495 0.570 0.999

7

Proposed 0.817 0.183 0.831 0.971 0.896 1.029
All 1s 0.808 0.192 0.808 1.000 0.894 1.000
All 0s 0.192 0.808 0.000 0.000 0.000 0.000
Random 0.514 0.486 0.813 0.517 0.632 1.006

District

3

Proposed 0.972 0.028 0.972 1.000 0.986 1.000
All 1s 0.972 0.028 0.972 1.000 0.986 1.000
All 0s 0.028 0.972 0.000 0.000 0.000 0.000
Random 0.491 0.509 0.970 0.491 0.652 0.998

7

Proposed 0.994 0.006 0.994 1.000 0.997 1.000
All 1s 0.994 0.006 0.994 1.000 0.997 1.000
All 0s 0.006 0.994 0.000 0.000 0.000 0.000
Random 0.514 0.486 0.995 0.513 0.677 1.002

Vehicle

State Legislative
Assembly

3

Proposed 0.815 0.185 0.880 0.825 0.852 1.364
All 1s 0.645 0.355 0.645 1.000 0.785 1.000
All 0s 0.355 0.645 0.000 0.000 0.000 0.000
Random 0.503 0.497 0.647 0.504 0.567 1.003

7

Proposed 0.788 0.212 0.870 0.855 0.862 1.120
All 1s 0.777 0.223 0.777 1.000 0.874 1.000
All 0s 0.223 0.777 0.000 0.000 0.000 0.000
Random 0.497 0.503 0.769 0.504 0.609 0.991

District

3

Proposed 0.986 0.014 0.986 1.000 0.993 1.000
All 1s 0.986 0.014 0.986 1.000 0.993 1.000
All 0s 0.014 0.986 0.000 0.000 0.000 0.000
Random 0.491 0.509 0.988 0.491 0.656 1.001

7

Proposed 0.994 0.006 0.994 1.000 0.997 1.000
All 1s 0.994 0.006 0.994 1.000 0.997 1.000
All 0s 0.006 0.994 0.000 0.000 0.000 0.000
Random 0.490 0.510 0.993 0.490 0.656 1.000

Rubbish

State Legislative
Assembly

3

Proposed 0.749 0.251 0.791 0.795 0.793 1.307
All 1s 0.605 0.395 0.605 1.000 0.754 1.000
All 0s 0.395 0.605 0.000 0.000 0.000 0.000
Random 0.498 0.502 0.607 0.484 0.539 1.003

7

Proposed 0.794 0.206 0.829 0.912 0.868 1.112
All 1s 0.745 0.255 0.745 1.000 0.854 1.000
All 0s 0.255 0.745 0.000 0.000 0.000 0.000
Random 0.500 0.500 0.747 0.498 0.597 1.002

District

3

Proposed 0.970 0.030 0.970 1.000 0.985 1.000
All 1s 0.970 0.030 0.970 1.000 0.985 1.000
All 0s 0.030 0.970 0.000 0.000 0.000 0.000
Random 0.490 0.510 0.971 0.489 0.650 1.001

7

Proposed 0.990 0.010 0.990 1.000 0.995 1.000
All 1s 0.990 0.010 0.990 1.000 0.995 1.000
All 0s 0.010 0.990 0.000 0.000 0.000 0.000
Random 0.487 0.513 0.989 0.488 0.653 0.999

Finally, the comparison with the All 1s baseline reveals an important characteristic of
highly recurrent complaint categories. Although the proposed framework often achieves
substantially higher accuracy and lower hamming loss, its F1 scores are occasionally compa-
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rable to or slightly below the All 1s strategy, particularly for Trees at the District level. This
phenomenon arises because these categories exhibit extremely high recurrence prevalence,
causing a naïve strategy that predicts recurrence for every instance to achieve near-perfect
recall and competitive F1 scores. However, the proposed framework remains preferable
because it maintains significantly lower error rates and provides more selective predictions.

Table 17 presents the opposite end of the recurrence spectrum by evaluating the pro-
posed framework on the Open Burning, Earthworks, and Staff. Unlike the highly recurrent
categories analyzed in Table 16, these complaint types contain very few positive recurrence
instances in the dataset, with only 691, 711, and 265 positive occurrences, respectively.
As a result, the prediction problem becomes highly imbalanced, creating substantial chal-
lenges for both learning and evaluation. Across all spatial units and prediction horizons,
the proposed framework consistently records F1 scores of 0%, indicating that the model
predicts all instances as non-recurrent. At first glance, this may appear to indicate poor
predictive performance. However, the simultaneously high label-wise accuracies ranging
from approximately 94.4% to 99.6% reveal a different interpretation. The model correctly
identifies the overwhelming majority of negative instances, reflecting the extreme rarity
of recurrence events within these categories. These findings demonstrate the existing
limitation of classifiers when applied to severely imbalanced multilabel datasets, where
minimizing overall classification error naturally favors the majority class.

The comparison between spatial aggregation levels further highlights the dominant
influence of class imbalance. Unlike the substantial gains observed for Trees, Vehicle, and
Rubbish, changing from SLA to District aggregation does not improve predictive perfor-
mance for Open Burning, Earthworks, and Staff. Regardless of whether complaints are
aggregated at the SLA or District level, the proposed framework continues to produce zero
recall and zero F1 score. This suggests that the primary limitation is not spatial sparsity but
the insufficient number of positive recurrence examples available for learning meaningful
recurrence patterns. Even though District aggregation increases complaint density, the
absolute number of positive examples remains too small relative to the overwhelming
number of negative instances. Consequently, the classifier converges toward a conservative
decision boundary that predicts the majority class exclusively. These findings align with
the earlier label-wise analysis showing that category frequency exerts a stronger influence
on predictive performance than model architecture or representation strategy.

The lift analysis provides additional evidence regarding the difficulty of these cate-
gories. For the proposed framework, lift remains 0 across all settings because no positive
recurrence events are identified. In contrast, the Random prediction occasionally achieves
lift values greater than 1, such as 1.182 for Open Burning, 1.133 for Earthworks, and 1.107
for Staff at h = 3. These seemingly favorable lift values should not be interpreted as superior
predictive capability. Instead, they arise from stochastic positive predictions generated by
random guessing within an extremely sparse label space. Because the prevalence of positive
cases is exceptionally low, even a small number of randomly correct predictions can inflate
lift values. However, the corresponding F1 scores remain extremely low (typically below
3%), confirming that these gains are not operationally meaningful. Therefore, the lift results
highlight an important limitation of evaluating rare-event prediction using isolated metrics
and reinforce the need to interpret lift together with precision, recall, and F1 score.

In Table 18, a striking observation is the substantial performance gap between majority
and minority complaint categories. For the majority classes, the proposed framework
achieves strong predictive performance across all settings, with F1 scores increasing from
60.1% to 79.3% under the SLA setting as the prediction horizon expands from 3 to 7
days. Performance becomes nearly perfect under District aggregation, where F1 reaches
98.5% and 99.5% for h = 3 and h = 7, respectively. In contrast, the minority categories
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consistently record F1 scores of 0 regardless of spatial unit or prediction horizon. This result
reinforces the findings from Tables 16 and 17 that complaint recurrence frequency is the
dominant factor governing prediction performance. Categories with abundant recurrence
examples provide sufficient positive observations for learning meaningful spatiotemporal
dependencies, whereas extremely rare categories remain difficult to model due to the
overwhelming prevalence of negative instances.

Table 17. Spatial Unit Ablation Study of Label-Wise Performance for Open Burning, Earthworks, and
Staff.

Label Spatial Unit h Prediction Label-Wise Hamming Precision Recall F1 LiftAccuracy Loss

Open
Burning

State Legislative
Assembly

3

Proposed 0.996 0.004 0.000 0.000 0.000 0.000
All 1s 0.004 0.996 0.004 1.000 0.009 1.000
All 0s 0.996 0.004 0.000 0.000 0.000 0.000
Random 0.507 0.493 0.005 0.583 0.010 1.182

7

Proposed 0.993 0.007 0.000 0.000 0.000 0.000
All 1s 0.007 0.993 0.007 1.000 0.014 1.000
All 0s 0.993 0.007 0.000 0.000 0.000 0.000
Random 0.495 0.505 0.005 0.350 0.010 0.697

District

3

Proposed 0.973 0.027 0.000 0.000 0.000 0.000
All 1s 0.027 0.973 0.027 1.000 0.052 1.000
All 0s 0.973 0.027 0.000 0.000 0.000 0.000
Random 0.492 0.508 0.025 0.473 0.047 0.934

7

Proposed 0.944 0.056 0.000 0.000 0.000 0.000
All 1s 0.056 0.944 0.056 1.000 0.106 1.000
All 0s 0.944 0.056 0.000 0.000 0.000 0.000
Random 0.507 0.493 0.059 0.516 0.105 1.043

Earthworks

State Legislative
Assembly

3

Proposed 0.995 0.005 0.000 0.000 0.000 0.000
All 1s 0.005 0.995 0.005 1.000 0.010 1.000
All 0s 0.995 0.005 0.000 0.000 0.000 0.000
Random 0.496 0.504 0.006 0.571 0.011 1.133

7

Proposed 0.988 0.012 0.000 0.000 0.000 0.000
All 1s 0.012 0.988 0.012 1.000 0.023 1.000
All 0s 0.988 0.012 0.000 0.000 0.000 0.000
Random 0.499 0.501 0.011 0.485 0.022 0.969

District

3

Proposed 0.980 0.020 0.000 0.000 0.000 0.000
All 1s 0.020 0.980 0.020 1.000 0.039 1.000
All 0s 0.980 0.020 0.000 0.000 0.000 0.000
Random 0.499 0.501 0.019 0.482 0.037 0.963

7

Proposed 0.952 0.048 0.000 0.000 0.000 0.000
All 1s 0.048 0.952 0.048 1.000 0.092 1.000
All 0s 0.952 0.048 0.000 0.000 0.000 0.000
Random 0.508 0.492 0.039 0.393 0.072 0.814

Staff

State Legislative
Assembly

3

Proposed 0.994 0.006 0.000 0.000 0.000 0.000
All 1s 0.006 0.994 0.006 1.000 0.013 1.000
All 0s 0.994 0.006 0.000 0.000 0.000 0.000
Random 0.499 0.501 0.007 0.556 0.014 1.107

7

Proposed 0.988 0.012 0.000 0.000 0.000 0.000
All 1s 0.012 0.988 0.012 1.000 0.024 1.000
All 0s 0.988 0.012 0.000 0.000 0.000 0.000
Random 0.507 0.493 0.014 0.588 0.028 1.188

District

3

Proposed 0.977 0.023 0.000 0.000 0.000 0.000
All 1s 0.023 0.977 0.023 1.000 0.046 1.000
All 0s 0.977 0.023 0.000 0.000 0.000 0.000
Random 0.499 0.501 0.023 0.492 0.044 0.983

7

Proposed 0.950 0.050 0.000 0.000 0.000 0.000
All 1s 0.050 0.950 0.050 1.000 0.095 1.000
All 0s 0.950 0.050 0.000 0.000 0.000 0.000
Random 0.489 0.511 0.044 0.446 0.080 0.882
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The influence of spatial aggregation is particularly evident for the majority categories.
Under SLA aggregation, the proposed framework improves from a subset accuracy of 47.3%
at h = 3 to 57.6% at h = 7, accompanied by reductions in hamming loss and improvements
in precision, recall, and F1 score. When aggregation is performed at the District level,
however, the same categories achieve near-perfect results, with subset accuracy exceeding
92% and hamming loss falling below 0.03. For the minority categories, spatial aggregation
provides only limited benefit. Although District aggregation slightly increases positive
prevalence and reduces sparsity, the proposed framework continues to predict all instances
as non-recurrent, resulting in zero precision, recall, and F1 score. The high subset accuracies
observed for these categories (88.9–98.9%) should therefore be interpreted cautiously, as
they primarily reflect correct classification of the dominant negative class rather than
successful identification of recurrence events.

Table 18. Spatial Unit Ablation Study of Majority and Minority Class Prediction Performance.

Label Spatial Unit h Prediction Subset Hamming Precision Recall F1 LiftAccuracy Loss

Trees,
Vehicle,
and
Rubbish

State
Legislative
Assembly

3

Proposed 0.473 0.242 0.583 0.650 0.601 0.000
All 1s 0.375 0.359 0.641 0.883 0.716 0.000
All 0s 0.117 0.641 0.000 0.000 0.000 0.000
Random 0.121 0.500 0.554 0.434 0.452 0.000

7

Proposed 0.576 0.200 0.784 0.845 0.793 0.000
All 1s 0.538 0.223 0.777 0.957 0.836 0.000
All 0s 0.043 0.777 0.000 0.000 0.000 0.000
Random 0.127 0.496 0.672 0.482 0.527 0.000

District

3

Proposed 0.929 0.024 0.976 1.000 0.985 0.000
All 1s 0.929 0.024 0.976 1.000 0.985 0.000
All 0s 0.000 0.976 0.000 0.000 0.000 0.000
Random 0.113 0.509 0.849 0.490 0.597 0.000

7

Proposed 0.979 0.007 0.993 1.000 0.995 0.000
All 1s 0.979 0.007 0.993 1.000 0.995 0.000
All 0s 0.000 0.993 0.000 0.000 0.000 0.000
Random 0.127 0.503 0.867 0.498 0.607 0.000

Open
Burning,
Earth-
works,
and Staff

State
Legislative
Assembly

3

Proposed 0.989 0.005 0.000 0.000 0.000 0.000
All 1s 0.000 0.995 0.005 0.011 0.007 0.000
All 0s 0.989 0.005 0.000 0.000 0.000 0.000
Random 0.129 0.494 0.005 0.006 0.005 0.000

7

Proposed 0.979 0.010 0.000 0.000 0.000 0.000
All 1s 0.000 0.990 0.010 0.021 0.014 0.000
All 0s 0.979 0.010 0.000 0.000 0.000 0.000
Random 0.129 0.506 0.008 0.011 0.009 0.000

District

3

Proposed 0.947 0.023 0.000 0.000 0.000 0.000
All 1s 0.000 0.977 0.023 0.053 0.032 0.000
All 0s 0.947 0.023 0.000 0.000 0.000 0.000
Random 0.133 0.490 0.021 0.026 0.022 0.000

7

Proposed 0.889 0.051 0.000 0.000 0.000 0.000
All 1s 0.000 0.949 0.051 0.111 0.069 0.000
All 0s 0.889 0.051 0.000 0.000 0.000 0.000
Random 0.126 0.495 0.046 0.058 0.048 0.000

An important observation concerns the lift metric. Unlike Tables 15–17, all lift values
in Table 18 are reported as 0 because the evaluation aggregates multiple categories into
majority and minority groups rather than assessing individual labels independently. Con-
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sequently, the lift metric is no longer informative in its conventional form. Nevertheless,
relative improvement over random prediction can still be inferred through F1 score com-
parisons. For the majority categories under SLA aggregation, the proposed framework
achieves F1 scores of 60.1% and 79.3% compared with 45.2% and 52.7% for the Random
baseline, representing improvements of approximately 33% and 50%, respectively. Under
District aggregation, the improvement becomes even more substantial, with F1 scores of
98.5–99.5% versus only 59.7–60.7% for random prediction. These results demonstrate that
the proposed framework captures meaningful spatiotemporal recurrence structures far
beyond chance-level behavior. In contrast, for the minority categories, both the proposed
framework and the All 0s baseline achieve identical F1 scores of 0%, while the Random
baseline occasionally produces small non-zero F1 values due to stochastic positive pre-
dictions. However, these values remain extremely low (approximately 0.5–4.8%) and do
not represent practically useful predictive performance. Therefore, even though the lift
metric itself is unavailable at the aggregated-class level, comparison against random pre-
diction confirms that the proposed framework provides substantial predictive gains for
recurrent complaint categories while remaining constrained by extreme class imbalance in
rare categories.

Figures 2 and 3 provide a comparison between one-hot encoded features and the
proposed embeddings-based representation. Specifically, the same complaint records were
projected into two dimensions using t-SNE, allowing the local neighborhood structure of
the feature space to be visually examined. For simplicity, the comparison focuses on two
complaint categories with substantially different recurrence frequencies: Trees, one of the
most recurrent categories, and Staff, one of the least recurrent categories. The color coding
indicates the actual recurrence labels where 1 indicates reccurence and 0 indicates non-
recurrence of the specific complaint category, while the red cross highlights a representative
complaint instance from unseen data used to illustrate the differences between the two
feature representations.

In Figure 2, the four label combinations exhibit substantial overlap throughout the
projection space. The dominant green points (Trees = 1, Staff = 0) are dispersed across nearly
the entire manifold, while the minority purple and blue classes are intermingled without
forming clear neighborhoods. More importantly, the highlighted complaint instance (red
cross) is located within a region containing mixed label combinations and is incorrectly
classified as (Trees = 0, Staff = 0). This observation suggests that one-hot encoding treats
each categorical value as an independent dimension without modeling relationships among
features. Consequently, complaints sharing similar contextual characteristics, such as occur-
ring within comparable locations, or date, may remain distant in the feature space if their
encoded vectors differ in only a few dimensions. The resulting fragmented representation
limits the classifier’s ability to identify meaningful recurrence patterns.

In contrast, Figure 3 demonstrates that the embeddings produce a more structured
representation of complaint instances. Although some overlap remains due to the inherent
complexity of multilabel recurrence prediction, complaints associated with the dominant
recurrence pattern (Trees = 1, Staff = 0) exhibit denser local neighborhoods and smoother
transitions between regions. Notably, the same highlighted complaint instance is now
embedded within a neighborhood predominantly occupied by green instances and is
correctly classified as (Trees = 1, Staff = 0). This change indicates that the embedding
representation preserves contextual similarity more effectively than one-hot encoding.
Rather than treating each feature independently, the transformation learns interactions
among attributes, allowing complaint records sharing similar combinations of temporal,
spatial, and categorical characteristics to be positioned closer together in the latent space.
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Figure 2. t-SNE Visualization of Complaint Instances represented using One-Hot Encoded Tabular
Features.

The results provide evidence supporting the meaningfulness of the generated em-
beddings. Importantly, the embedding does not attempt to interpret individual attribute
values in isolation. Instead, the textual serialization serves as an approach for presenting
a structured collection of contextual attributes to a pre-trained embedding model. The
embedding model processes the combined attribute sequence and produces a contextual-
ized representation that captures relationships among attributes rather than their literal
linguistic meaning. Consequently, an embedding generated from a comma-separated text
should be interpreted as a latent representation of a complaint context characterized by
a specific temporal occurrence, geographic location, and complaint category. The t-SNE
visualization demonstrates that complaints sharing similar contexts are mapped to nearby
regions, suggesting that the learned representation contains information relevant to recur-
rence behavior. Further evidence of meaningful structure can be observed by examining
the local neighborhoods surrounding the highlighted complaint instance. Under one-hot
encoding, nearby instances belong to multiple label combinations (Figure 2), indicating
weak correspondence between feature similarity and recurrence outcomes. In contrast, the
embeddings-based representation places the same instance within a more homogeneous
neighborhood dominated by the correct recurrence label (Figure 3).
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Figure 3. t-SNE Visualization of Complaint Instances represented using Multilingual-E5-Large
embeddings generated from Structured Complaint Features Converted into Textual Representations.

In this study, the prediction horizon (h = 7) days was chosen to align with the objective
of early complaint prediction on a weekly basis, allowing municipal agencies to identify
potential recurrence patterns sufficiently early for intervention while maintaining practical
planning cycles. A weekly horizon provides a balance between responsiveness and signal
availability, since shorter horizons generate fewer observable recurrence events whereas
longer horizons increasingly aggregate heterogeneous complaint behaviors and reduce
temporal specificity. Under this formulation, complaint instances are constructed using
overlapping 7-day windows, which naturally introduce temporal correlation between
adjacent observations because nearby samples may share portions of future recurrence
periods. Rather than eliminating this dependency, the framework preserves the sequential
nature of complaint generation by enforcing chronological separation between training
and testing stages to prevent future information leakage while retaining realistic temporal
continuity. The observed evaluation outcomes further reflect the implications of this design.
Although subset accuracy remains low (0–2%), label-wise accuracy reaches approximately
86%, indicating that the models are considerably more effective at predicting individual
complaint categories than reproducing the complete joint recurrence configuration for
each instance. Since subset accuracy requires exact prediction of the entire multilabel
set, its values become increasingly restrictive under sparse and high-dimensional label
spaces. In contrast, label-wise accuracy evaluates categories independently and is largely
influenced by correctly predicted negative labels. This discrepancy suggests that the
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proposed framework successfully captures dominant category-level recurrence patterns
but only partially models higher-order dependencies among complaint categories.

Despite the encouraging predictive performance, several methodological limitations
should be recognized. All multilabel predictions were generated using a fixed decision
threshold of 0.5 and default hyperparameters. While the decision threshold represents a
widely adopted default in multilabel classification, it may not be optimal for highly imbal-
anced complaint categories. The experimental results reveal evidence of over-prediction
behavior in several models. For example, some models achieve near-perfect recall for highly
recurrent categories such as Trees while exhibiting substantially lower precision. This pat-
tern suggests that the models increasingly favor positive predictions as category prevalence
rises, effectively reducing false negatives at the expense of increased false alarms. From
an operational perspective, excessive false-positive predictions may lead to the inefficient
allocation of inspection resources and unnecessary preventive interventions. Therefore,
categories with extremely low recurrence frequencies may require lower decision thresh-
olds to improve sensitivity, whereas highly recurrent categories may benefit from more
conservative thresholds to reduce false positives. Consequently, the reported performance
should be interpreted as a baseline performance rather than the optimal achievable configu-
ration. Future work may investigate category-specific threshold optimization, cost-sensitive
threshold selection and hyperparameter tuning strategies to better balance precision and
recall across complaint categories.

Moreover, the current framework treats complaint categories as independent out-
put labels despite the existence of a two-level complaint taxonomy consisting of 4 main
categories and 40 subcategories. Although the multilabel formulation enables simultane-
ous prediction of multiple recurring complaint categories, it does not explicitly exploit
hierarchical relationships between parent and child categories. Incorporating hierarchi-
cal multilabel classification mechanisms may further improve predictive performance by
enforcing taxonomy-aware consistency and facilitating knowledge transfer between seman-
tically related complaint categories. This direction is particularly relevant for rare complaint
categories where limited recurrence observations restrict effective model learning.

From a practical deployment perspective, the proposed framework can be integrated
into municipal complaint management systems as an event-driven prediction service. Once
a new complaint is submitted, the structured attributes are serialized and transformed into
an embedding representation before being passed to the trained multilabel predictor to
estimate the likelihood of recurrence across complaint categories within the next seven days.
The resulting probabilities can then be aggregated into dashboards, early-warning alerts,
or resource scheduling systems to support proactive intervention. Because embedding
generation is performed only once per incoming complaint and inference relies on frozen
pretrained encoders followed by lightweight prediction models, online prediction remains
computationally feasible. In deployment settings, embeddings may additionally be pre-
computed and cached for recurring categorical combinations to reduce latency. Although
larger embedding models increase representation cost, inference complexity remains sub-
stantially lower than model retraining and is compatible with near real-time municipal
monitoring workflows. Future optimization may further reduce operational cost through
embedding distillation, quantization, or compact encoder architectures while maintaining
predictive quality.

5. Conclusions
This study introduced a multilabel embedding-based framework for predicting short-

term cross-category complaint recurrence using structured spatiotemporal data. By inte-
grating semantic embeddings with both ML and DL models, the framework effectively
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captures inter-category dependencies that existing single-label approaches may overlook.
The experimental results demonstrate that both ML and DL models achieved comparable
performance, with an average label-wise F1 score ranging from 30.5% to 32.6% and an F1
score exceeding 81% for the top recurrent complaint categories (Trees, Vehicle, and Rubbish).
Among all experiments, BR + LR using multilingual-e5-large embeddings achieved the
lowest average label-wise hamming loss of 0.138 ± 0.126, reflecting high per-label accuracy.
Meanwhile, CC + TabM using bge-m3 embeddings attained the highest F1 score of 82%
for the top recurrent categories, demonstrating its superior capability to balance precision
and recall in multilabel classification. Conversely, this study revealed the impact of label
imbalance, with models attaining overall accuracies greater than 97% yet producing an
F1 score of 0 for specific labels. This outcome suggests that the classifiers were biased
toward the dominant negative class, resulting in the complete omission of minority-label
predictions despite seemingly strong accuracy performance. Statistical tests confirmed
non-normality (Shapiro–Wilk p < 0.05) and significant performance differences (Friedman
test statistics = 512.531, p < 0.05). However, the subsequent Nemenyi post hoc analysis did
not identify any statistically significant pairwise differences between individual models
(p > 0.05), suggesting that while overall ranking differences existed across the evaluated
methods, no single model consistently outperformed another at the chosen significance
level. Narrow 95% bootstrap confidence intervals (e.g., F1 ≈ 73.3–74.1%) further indicate
stable and reliable predictions. These findings indicate that, for the complaint recurrence
prediction task studied here, embedding quality may play a more decisive role than model
complexity in shaping predictive performance. High-capacity embeddings such as Qwen3-
Embedding-4B and multilingual-e5-large substantially enhanced the performance of ML
models, enabling lightweight classifiers like LR to achieve results comparable to advanced
DL models. This highlights the potential of embedding-driven learning as a scalable and
computationally efficient solution in similar multilabel tabular prediction settings, though
further validation across domains is warranted.

From a practical perspective, the proposed framework offers an important step toward
predictive complaint management. By identifying likely recurrences of different complaint
categories within a short temporal window, municipal authorities can anticipate cascading
service issues and implement preventive measures before complaints accumulate. Such a
proactive approach promotes more efficient resource allocation, reduces operational delays,
and strengthens public trust through responsive urban governance. Future work may
extend this framework by identifying optimal hyperparameters, conducting hierarchical
multilabel classification, and exploring various embedding models across domains; incor-
porating multimodal inputs such as textual complaint narratives or social media data to
adopt adaptive time horizons for recurrence prediction; and leveraging graph-based DL
architectures to capture cross-regional dependencies within municipal networks.
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