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Abstract: Public health emergencies have brought great challenges to the stability of the e-commerce
supply chain. Demand forecasting is a key driver for the sound development of e-commerce
enterprises. To prevent the potential privacy leakage of e-commerce enterprises in the process of
demand forecasting using multi-party data, and to improve the accuracy of demand forecasting
models, we propose an e-commerce enterprise demand forecasting method based on Horizontal
Federated Learning and ConvLSTM, from the perspective of sustainable development. First, in
view of the shortcomings of traditional RNN and LSTM demand forecasting models, which cannot
handle multi-dimensional time-series problems, we propose a demand forecasting model based on
ConvLSTM. Secondly, to address the problem that data cannot be directly shared and exchanged
between e-commerce enterprises of the same type, the goal of demand information sharing modeling
is realized indirectly through Horizontal Federated Learning. Experimental results on a large number
of real data sets show that, compared with benchmark experiments, our proposed method can
improve the accuracy of e-commerce enterprise demand forecasting models while avoiding privacy
data leakage, and the bullwhip effect value is closer to 1. Therefore, we effectively alleviate the
bullwhip effect of the entire supply chain system in demand forecasting, and promote the sustainable
development of e-commerce companies.
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1. Introduction
Since December 2019, COVID-19 has spread widely, with more than 200 countries
and territories having confirmed cases within just in a few months. It has had a great
impact on daily life and productivity at work. How to improve the coordination, stability,
and sustainability of the supply chain system [1] is an important issue for e-commerce
enterprises. Privacy and security are fundamental guarantees for the sustainable development of e-commerce companies. With the increasing activity of cross-border e-commerce
transactions, Internet user information leaks occur frequently, and a large number of personal and corporate data have been leaked and abused. How to better strengthen the
protection of personal information has become a top priority; thus, increasing consumer
confidence in participating in e-commerce, improving the efficiency of e-commerce transactions, and establishing an open, transparent, and efficient privacy protection mechanism
have become hot issues of great concern to all sectors of society.
For a long time, in the demand forecast of e-commerce companies, due to limited
information and communication capabilities, the immaturity of information sharing and
exchange technology, and the protection of trade secrets, it is impossible for certain ecommerce companies to conduct centralized information sharing modeling. Each node
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is more akin to an information island. Even different departments in the same enterprise
still have the problem of asymmetry of demand information, and, as such, the accuracy
of demand forecasting models cannot be improved. If the situation goes on in this way,
the inventory waste problem of e-commerce companies will become more and more
serious.This may lead to a bullwhip effect through the entire supply chain system of
e-commerce companies, which can seriously affect the sustainable development of ecommerce companies.
Data are the carriers of information. In the era of big data, only when data between
different data sources can be shared and circulated openly can the data island be broken and
its potential value be brought into play. However, privacy security is extremely important
for countries, enterprises, and individuals. With the development and progress of society,
governments, and organizations in various countries and regions have become increasingly
aware of the importance of data privacy protection. A series of policies and regulations
have been introduced to protect the security of private data; for example, the General Data
Protection Regulation (GDPR) [2] officially implemented by the European Union in May
2018 has put forward stringent requirements for data security. This is currently the most
comprehensive and widely used privacy protection law in the world.
Federated learning is a distributed machine learning framework [3], which aims to
address the problems of user privacy and data islands in the process of machine learning.
It can perform machine learning model training and inference work without the data
coming out locally. Since Google first proposed Federated Learning in 2016, it has led to
considerable progress in algorithms, frameworks, privacy, and incentive mechanisms.
To prevent the potential privacy leakage of e-commerce enterprises in the process of
demand forecasting using multi-party data, as well as improve the accuracy of demand
forecasting models, we propose an e-commerce enterprise demand forecasting method
based on Horizontal Federated Learning and ConvLSTM, from the perspective of sustainable development. First, in view of the shortcomings of traditional RNN and LSTM
demand forecasting models, which cannot handle multi-dimensional time-series problems, we propose a demand forecasting model based on ConvLSTM. It can extend the
one-dimensional input LSTM to the multi-dimensional input. Through the expansion
of FC-LSTM [4], a convolution structure is added during the state transition, such that
the network can capture the spatial characteristics of the data while dealing with timing
issues. Secondly, to address the problem that data cannot be directly shared and exchanged
between e-commerce enterprises of the same type, centralized machine learning modeling
is carried out. The introduction of the framework of Federated Learning allows e-commerce
enterprises to achieve the goal of demand information sharing modeling indirectly, through
Horizontal Federated Learning, under the premise that private data is not available locally.
We take the sales data set of 1000 products of JD from 1 January 2016 to 31 December
2017 as the research object, and divide the data into six parts according to the warehouse
code to simulate the scenario of Horizontal Federated Learning by multiple e-commerce
enterprises. In addition, we assume that the six participants are honest, the server is honest
but curious, the communication in each round is smooth, and there is no data packet
loss. Experimental results on a large number of real data sets show that, compared with
benchmark experiments, our proposed method can improve the accuracy of e-commerce
enterprise demand forecasting models while avoiding privacy data leakage, and the bullwhip effect value is closer to 1. Therefore, we effectively alleviate the bullwhip effect
of the entire supply chain system in demand forecasting, and promote the sustainable
development of e-commerce companies.
Our main contributions are as follows:
•

Aiming at the shortcomings of traditional RNN and LSTM demand forecasting models
that cannot handle the problem of multiple feature sequences, we propose a demand
forecasting model based on ConvLSTM. It can extend the one-dimensional input
LSTM to a multi-dimensional input model. Through the expansion of FC-LSTM,
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•

•

a convolution structure is added during state transition, such that the network can
capture the spatial characteristics of the data while dealing with timing issues.
According to the problem of centralized machine learning modeling, regarding the
inability to directly share and exchange demand forecast-related data between ecommerce enterprises, we introduce the framework of Federated Learning, such that
e-commerce companies of the same type can indirectly achieve the goal of demand
information sharing modeling through Horizontal Federated Learning, under the
premise that private data is not available locally, thus avoiding the leakage of private
data.
Experimental results on a large number of real data sets show that, compared with
benchmark experiments, our proposed method improves the accuracy of the e-commerce
enterprise demand prediction model while avoiding the leakage of private data, and the
bullwhip effect value is even greater—close to the target value of 1—effectively alleviating the bullwhip effect of the entire supply chain system on demand forecasting.

The remainder of this paper is arranged as follows: We summarize the related literature in the Section 2. Method and results are introduced in the Section 3. In the Section 4,
we conclude the paper and detail lines for future research. To the best of our knowledge,
this paper is the first to apply the theory of Federated Learning to the demand prediction
scenario of e-commerce enterprises, which not only considers the accuracy of the demand
prediction model, but also the potential privacy data leakage problem of e-commerce
enterprises in the process of information sharing. From the perspective of sustainable
development, we propose a new demand forecasting method, in order to ensure that
data providers in the supply chain are treated fairly, and to encourage more e-commerce
companies to participate in the supply chain system to promote the establishment of a
sustainable supply chain.
2. Literature Review
We summarize the related literature from the following three aspects: Federated
Learning, E-commerce enterprise demand forecasting, and LSTM.
2.1. Federated Learning
In 2016, the Google team [5] first proposed the concept of Federated Learning based
on Shokri. In Federated Learning, participants store all training data locally, train the
model locally, and then upload the trained model updates to the cloud. Other participants
download the updates to their mobile devices to improve the training model’s performance,
using the method of Federated Learning to avoid potential privacy leakage problems in
the process of centralized machine learning. Yang et al. [6], among others, have divided
Federated Learning into three categories, according to the data distribution of the participants, namely Horizontal Federated Learning (HFL), Vertical Federated Learning (VFL),
and Transfer Federated Learning (TFL). The typical application scenario of Horizontal
Federated Learning is the end-cloud service architecture, which is mainly aimed at users
or enterprises with large amounts of homogeneous data, as shown in Figure 1. Under HFL,
the data sets owned by each participant have similar characteristics, but different users
are involved [3]. For example, two e-commerce companies from different regions have
different customer groups, such that their customer intersection is very small; that is, their
data sets have different sample IDs. However, the feature space of the data set related
to the demand forecast of a single product is similar; that is, their business models are
very similar. Therefore, these two e-commerce companies can work together to conduct
Horizontal Federated Learning, in order to build a better demand forecasting model.
For the Horizontal Federated Learning scenario, Reza et al. [7] have proposed a
collaborative deep learning training mechanism based on privacy protection. Under this
mechanism, all participants independently train the model and only share a subset of the
gradient parameters to be updated. In 2017, Mcmahan et al. [8] proposed a Horizontal Federated Learning framework that can be used to solve the model update problem in mobile
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communication terminal scenarios. Under this framework, users use mobile communication terminals to perform model parameter update training locally and then upload the
learned model parameters to a public intermediate cloud platform, such that different endusers can jointly train a global model without the original data being local. Kallista et al. [9]
introduced a safe gradient aggregation method that can protect the privacy of user gradients
under the framework of Federated Learning. Yoshinori et al. [10] have used homomorphic
encryption technology to encrypt the model parameter aggregation process, in order to
ensure that the central server does not cause privacy leakage. Virginia et al. [11] realized
a Federated Learning system in a multi-task mode, which enables multiple participants
to complete tasks independently, and proposed the communication overhead and error
tolerance issues that the multi-task training model focuses on. Mcmahan et al. [8,12] constructed a secure client-server architecture for a Federated Learning system, which allows
the client to build a local model by themself and build a global federated model by interacting with the server. The method of model construction ensures that there will be no leakage
of user privacy data during the entire process. Konečný et al. [5] improved the training
efficiency of the central model by increasing the communication overhead. Lin et al.[13]
proposed a compression method called deep gradient compression to solve the problem of
communication bandwidth overhead in large-scale distributed training.
To sum up, the research on Federated Learning mainly focuses on privacy protection [14–17] and incentive mechanism [18–21]. At present, the application of Federated
Learning in market segments is also gradually developing [22–24]. However, there are
few examples of literature on the application of Federated Learning to forecasting [25–29];
especially, the application of Federated Learning to the sustainable development research
of e-commerce enterprise demand forecasting has not yet been found.

Figure 1. Schematic diagram of Horizontal Federated Learning.

2.2. E-commerce Enterprise Demand Forecasting
Demand forecasting, as an important basis for the production and operation of ecommerce enterprises, has gradually become the core force driving the development
of the entire supply chain. An accurate demand forecast plays a vital role in ensuring
the healthy operations of an e-commerce enterprise. At present, there are three main
methods for researching demand forecasting: traditional statistics, machine learning,
and combined forecasting.
Demand forecasting models based on traditional statistics mainly include regression
forecasting [30,31], exponential smoothing [32–34], ARIMA model [35,36], moving aver-
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age [37], and combined forecasting. The demand forecasting model based on traditional
statistics is mainly used in the situation where the volume of early sales data is small.
Luo et al. [38] considered the problem of low sales forecast accuracy of a large online
supermarket, and analyzed historical sales data based on the ARIMA model to predict
products. Demand can be analyzed to dynamically obtain the optimal ordering strategy
for various commodities. Traditional statistical models are mainly used for linear data
forecasting, but it is difficult to make accurate and effective forecasts for problems with
large sales volatility and many influencing factors.
With the continuous maturity of related theories, such as big data and machine learning, some scholars have proposed a demand forecasting algorithm based on machine
learning. These mainly include neural network [39–42], Markov [43], and grey prediction [44] models. Compared with demand forecasting models based on classical statistics,
the demand forecasting model based on machine learning not only takes into account
the consumer factors, but also takes into account influencing factors, such as seasons and
promotions, in order to improve the forecasting accuracy. For example, Hu [45] proposed
a grey prediction model based on a genetic algorithm to further improve the prediction
accuracy of the G(1,1) model. Meanwhile, Liu et al. [46] used artificial bee colonies, which
optimizes the fitting of polynomial parameters in the life-cycle demand forecast model
to achieve high-precision forecasting effects. Adamowski [47] and Wang [48] have used
neural network algorithms to build forecasting models. Noori [49] constructed an online
five-day oxygen demand prediction model through the support vector calculation method,
in order to reduce the uncertainty in the prediction process. Cao et al. [50] introduced an
immune particle swarm algorithm to improve support vector machine of the parameter
selection in the prediction model. Chalmeta et al. [51] used big data demand forecasting to
analyze and identify the impact of supply chain sustainability on the past and predict its
impact on the future.
Due to the numerous influencing factors and the complex and irregular characteristics
of historical data, in actual forecasting, the forecast accuracy of a single forecasting model
is generally low, such that research on combined forecasting models has gradually become
a trend [52]. Thomas et al. [53] combined regression analysis and time-series methods
to predict the bid price index and concluded that the prediction result of the combined
prediction model was better than the prediction results of the two models. Chen et al. [54]
proposed a new non-parametric estimation method for time-varying forecast combination
weights. Franses et al. [55] used a Bayesian predictive combination algorithm to predict
the number of COVID-19 cases. This algorithm is suitable for the prediction of three nonnested diffusion models of S-shaped processes, such as virus diffusion. Cerqueira et al. [56]
used the idea of model compression to solve the high computational cost and lack of
transparency in time-series forecasting tasks. Chen et al. [57] proposed a new time-series
forecasting method that introduced a non-linear combination of error decomposition and
predictor, and constructed two-hybrid systems and two artificial intelligence (AI) models
for non-linear modeling and combination. Choi et al. [58] designed a new customized
power demand prediction algorithm based on the LSTM deep learning method for the
recent power demand patterns. Comparative experiments were carried out in three aspects:
short-term, long-term, and seasonal prediction experiments.
To sum up, after the traditional stages of statistical forecasting, machine learning and
combined forecasting, the accuracy of demand forecasting model has been significantly
improved. However, when using multi-party data for forecasting, it still faces the problems
of data island and data privacy.
2.3. LSTM
An LSTM neural network is an improved version of the RNN neural network, which
mainly solves the problem of gradient disappearance, allowing the network to remember
the content for a longer time and make the network more reliable [59,60]. In recent research,
for time-series data with multiple seasonal patterns, Bandara et al. [61] proposed Long
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Short-Term Memory Multi-Seasonal Net (LSTM-MSNet), which is a unified predictor
based on decomposition frame. Xu et al. [62] used daily data of the Shanghai Stock
Exchange Index and the Dow Jones Index as the research objects, and they used RNNs
and LSTMs to build models, respectively, in order to compare the pros and cons of LSTM
in time-series forecasting. Chimmula et al. [63] introduced a long short-term memory
(LSTM) network, which is a deep learning method for predicting future COVID-19 cases,
using the results of the LSTM network to predict the possible end-point of the outbreak.
Abbasimehr et al. [64] proposed a demand forecasting method based on a multi-layer
LSTM network. It has the ability to capture non-linear patterns in time-series data, while
taking into account the inherent characteristics of non-stationary time-series data. Recently,
Lu et al. [65] used the preliminary data of Haikou online car-hailing orders provided
by Didi Travel’s GAIA Initiative to predict the short-term demand for online car-hailing
services. The model is suitable for short-term forecasting network car-hailing demand
forecasting with temporal and spatial characteristic information. Agga et al. [66] studied
the short-term self-use photovoltaic power generation forecast based on hybrid CNN-LSTM
and ConvLSTM models.
To sum up, LSTM demand forecasting model considering spatio-temporal characteristic information has become a research trend, and it is more widely used in practical
production and life. Therefore, this paper uses conv LSTM network structure to model
when forecasting the demand of e-commerce enterprises.
3. Method and Results
3.1. Preliminary Knowledge and Definition
3.1.1. Typical Horizontal Federated Learning
The main application scenario of Horizontal Federated Learning is that there is significant overlap in participant features but few in the participant samples. Horizontal
Federated Learning uses the data of different participants to establish a valuable Federated
Learning model under the premise of ensuring participant privacy through a decentralized and distributed modeling method. In a Horizontal Federated Learning system [6],
suppose that there are k participants with the same data structure collaboratively learning
a machine learning model through a parameter or cloud server. The data set owned by
each participant is Dk , k ∈ K = {1, 2, · · · , K}. A basic assumption is that the participants
are honest and the server is honest but curious. Therefore, no participant is allowed to leak
information to the server. As shown in Figure 2, a typical Horizontal Federated Learning
process mainly consists of the following five steps:
Step 1: The server sends a global model Mt to all participants (data providers).
Step 2: Participant k uses the local data set Dk to train locally to obtain the local
model Mkt and then uses cryptographic techniques, such as homomorphic encryption [6],
differential privacy, or secret sharing, to encrypt the model. Then, they send the encrypted
result Mkt to the server.
Step 3: The server safely aggregates the encryption model Mkt from participant k to
obtain a new global model Mt+1 without any learning information about the participants.
Step 4: The server sends the summarized result to participant k again, according to a
pre-determined rule.
Step 5: Participants use the decrypted gradient to update their respective local models.
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Figure 2. Horizontal Federated Learning process.

Through the above iterative process, the loss function converges or the iteration
round requirements (set in advance) are reached, such that the entire training process is
finally completed. This architecture is independent of specific machine learning algorithms
(e.g., decision trees, LSTM, DNN), and all participants share the final model parameters.
The model aggregation in step 3 is carried out as shown below. First, the server calculates
the gradient of each participant k:
∆tk = Mkt − Mt .

(1)

Then, the server obtains the weighted average of the gradients of all participants:
∆t =

K

| Dk |
K
k = 1 ∑ k = 1 | Dk |

∑

· ∆tk ,

(2)

where | Dk | is the size of the training data Dk . Finally, the server calculates a new global
model, according to the gradient descent:
M t +1 = M t + ∆ t .

(3)

It is worth noting that, as we are in the entire Horizontal Federated Learning process,
the local data is not uploaded to the server, nor does it reach any participants. Furthermore,
the gradient generated by the local training also uses the necessary cryptographic encryption technology in the process of transmission, such that the model will not be reversed,
and the entire training process is safe and reliable.
3.1.2. Neural Network Based on Time-Series
(I) Recurrent Neural Network (RNN)
The key of Recurrent Neural Network (RNN) is looping; that is, in the process of
information transmission, part of the information is retained in the hidden neuron in
each cycle and will flow through the next neuron, together with the new information,
finally being transmitted to the subsequent output results [67]. Although the input layer,
the hidden layer, and the output layer of the traditional artificial neural network are fully
connected, the nodes in each layer are not connected. In an RNN network, the nodes in
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the hidden layer are connected; that is, the information at the current time point and the
information at the previous time point, together, act on the next time point [68]. This is
also the basis of principle that an RNN has a memory function. As shown in Figure 3,
the middle hl (r,c) represents the neuron of the c feature dimension at the rth time step of the
l th hidden layer. The calculation method is




l
l
hl (r,c) = f zl (r,c) = f whx
· hl −1(r,c) + whh
· hl (r−1,c) + bl (r,c) ,
(4)
where whx represents the weight coefficient along the network layer direction, ωhh represents the weight coefficient along the time step direction, and f (·) is the activation function.
Compared with other types of data, time-series data consists of a sequence of elements. To perform feature extraction on sequence data, two factors—features and time
sequence—need to be considered. Specifically, for each neuron, its original output zl (r,c)
is determined by the neurons hl −1(r,c) at the same time step in the previous hidden layer,
and the neuron hl (r−1,c) in the previous time step in the same hidden layer. Therefore, sample feature extraction is performed in the horizontal (same time step) direction, and time
sequence analysis is performed in the vertical (same hidden layer) direction. Then, the original output is activated to achieve the purpose of de-linearization. Thereby, the model
can handle
separability situation, the activation output is expressed as
 the non-linear

hl (r,c) = f zl (r,c) , where f (·) is the activation function.

Figure 3. Schematic diagram of recurrent neural network structure.

(II) Long Short-Term Mermory Network (LSTM)
Long Short-Term Mermory Network (LSTM) is a special kind of RNN, which addresses
the problem of gradient dispersion caused by long-term spans by introducing logic gate
units to realize the memory mechanism and forgetting mechanism [68], therefore resolving
the long-term dependence problem [67]. In the process of analyzing time-series data,
the different characteristics in the time step direction have different influence on the final
output decision. Moreover, as the depth of the hidden layer of the model increases, gradient
transfer becomes more difficult, and the model becomes more difficult to train. The feature
extraction of sequence data is carried out in two directions, namely the hidden layer
direction and the sequence direction. Therefore, the back-propagation error transfer is
also carried out in two directions. Especially in the timing direction, back-propagation
along the time step can cause gradient dispersion. Its essence is that, over a long time span,
the model focuses more on the characteristics of relatively short time steps, and it is easy to
ignore the characteristics of far time steps. Eventually, the parameters cannot be updated
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and the model training fails. To solve this problem, the long short-term memory network
(LSTM) was proposed.
The biggest difference between LSTM and RNN is that LSTM sets a unit state ul (r,c) in
each time step (taking the l th hidden layer, the rth time step, and the cth feature dimension
of the unit state of a neuron as an example), which helps to obtain a more comprehensive
timing state when each neuron is activated, in order to provide a decision basis for the
memory mechanism and the forgetting mechanism.
The specific logic gate unit structure of LSTM is shown in Figure 4. First, we take
hl −1(r,c) (the neuron at the same time step in the previously hidden layer outputs) and
hl (r−1,c) (the neuron at the previous time step in the current layer) as the input of the
current layer, and we then carry out weight transformation and obtain the original output
l (r,c)

zl (r,c) . Then, the original output is decomposed into four components, z F
l (r,c)
zO ,

l (r,c)

, zI

l (r,c)

, zG

,

which are de-linearized through the activation function to obtain the four logic
gate unit components of forget gate F, input gate I, quasi-cell state G, and output gate
O, respectively. Finally, according to Equation (5), the forget gate F and the unit state
ul (r−1,c) of the previous time step are multiplied element-wise, and the input gate I and the
quasi-cell state G are multiplied element-wise. The two parts of the product are added by
element to obtain the unit state ul (r,c) at the current time step; the unit state is activated,
according to Equation (6), and element-wise multiplication is performed with the output
gate O Product, in order to obtain the final neuron output hl (r,c) at the current time step
(time r) of the hidden layer (layer l).
The operational relationship between logic gates is as follows:
ul (r,c) = F l (r,c) ⊗ ul (r−1,c) + I l (r,c) ⊗ G l (r,c) ,


hl (r,c) = Ol (r,c) ⊗ tanh ul (r,c) .

(5)
(6)

Figure 4. Schematic diagram of long short-term memory network structure.

For convenience, we summarize the defined symbols and their meanings in Table 1 below.
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Table 1. List of mathematical symbols.
Symbol

Meaning

k
Dk
Mkt
Mt
M t +1
∆tk
∆t
l
h (r,c)
ul (r,c)
F;I;G;O
whx
whh
⊗
⊕
σ
tanh

Participant Index
Data set owned by participants
Participant k’s local model in round t
Global model for round t
Global model for round t+1
The gradient change of participant k in round t
The gradient change of the global model in the t round
The neuron of the cth dimension in the rth time step for the l th layer
The state of the cth dimension in the rth time step for the l th layer
Forget gate; Input gate; quasi-unit state; Output gate
Weight coefficient along the direction of the network layer
Weight coefficient along the time step
Multiply by element
Add by element
Sigmoid activation function
Hyperbolic tangent activation function

3.2. Design of E-Commerce Enterprise Demand Forecasting Method Based on HF-ConvLSTM
The typical HF-ConvLSTM-based e-commerce enterprise demand forecasting method
framework is depicted in Figure 5, including participant determination, data set deployment,
model initialization, model training, model evaluation, model launching, and online reasoning.
In this paper, we focus on the algorithms for model training and model evaluation.

Figure 5. The framework of e-commerce enterprise demand forecasting method based on HFConvLSTM.

3.2.1. E-Commerce Enterprise Demand Forecasting Model Based on ConvLSTM
Both RNN and LSTM are suitable for processing one-dimensional time-series data; that
is, the dimension scale C of the data sample feature defined above is 1. However, in real ecommerce enterprise demand forecasting scenarios, time-series data are often composed of
multiple features. ConvLSTM is a network model suitable for feature extraction from multifeature time-series data. It introduces a convolution kernel on the basis of the original LSTM
for local feature extraction of two-dimensional data and acts on the calculation process
of the original output in a single neuron. In addition, in order to obtain the timing status
information more deeply, the unit status of the previous time step and the current time
step are called in the decomposition process of the original output, and the corresponding
weights are assigned to calculate the original output component required by the logic
gate unit.
As shown in Figure 6, in the calculation of the original output, the weighted transformation is replaced by the local feature extraction using the convolution kernel; that is,
!
zl (r,c) =

∑ ∑ kernel ( p,q) · hl−1(r+ p,c+q)
p

q

where p × q is the size of the convolution kernel.

+ whh · hl (r−1,c) + b,

(7)
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Figure 6. Schematic diagram of ConvLSTM structure.

In terms of decomposition of the original output, the original output is decomposed
into the components needed by the four logic gate units. ConvLSTM adds the consideration
of the unit state to the direct decomposition method of traditional LSTM. Specifically,
according to Equations (8) and (9), the influence of the previous time step unit state is
introduced into the forget gate component and the input gate component, respectively,
and the quasi-unit state component remains unchanged, according to Equation (10), and the
influence of the current time step unit state is introduced in the output gate component,
according to Equation (11).
z F ← z F + w F · ul (r−1,c) ,
(8)
z I ← z I + w I · ul (r−1,c) ,

(9)

zG ← zG ,

(10)

zO ← zO + wO · u

l (r,c)

,

(11)

where w F , w I , and wO are the weights of the unit states in each component. The rest of the
network model structure is the same as that in the traditional LSTM.
We use the classic back-propagation algorithm to solve the parameters of the ConvLSTM model. The specific solution process is as follows:
(I) The error loss of the neuron of the cth feature dimension in the rth time step for
th
the l hidden layer is superimposed with the error of the same time step in the latter layer
and the error of the latter time step in the same layer, which is
δl (r,c) =

∂Loss
∂Lossl +1(r,c)
∂Lossl (r+1,c)
=
+
= δl +1(r,c) + δl (r+1,c) .
∂hl (r,c)
∂hl (r,c)
∂hl (r,c)

(12)

(II) The back-propagation error of the output gate is
l (r,c)

δO

=



∂Loss ∂hl (r,c)
l (r,c)
l (r,c)
=
δ
⊗
tanh
u
.
∂hl (r,c) ∂Ol (r,c)

(13)
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(III) The unit state back-propagation error of the current time step is composed of
the back-propagation error of both the current time step and the next time step, namely:
l (r,c)

δu

=



∂Loss ∂hl (r,c)
l (r +1,c)
l (r +1,c)
0
l (r,c)
l (r,c)
l (r,c)
+
δ
=
δ
⊗
O
⊗
tanh
u
+ δu
.
u
l
(
r,c
)
l
(
r,c
)
∂h
∂u

(14)

(IV) The input gate back-propagation error is
l (r,c)

δI

∂ Loss ∂ul (r,c)
l (r,c)
·
= δu
⊗ G l (r,c) .
∂ul (r,c) ∂I l (r,c)

=

(15)

(V) The back-propagation error of the forget gate is
l (r,c)

δF

=

∂Loss ∂ul (r,c)
l (r,c)
·
= δu
⊗ ul (r−1,c) .
∂ul (r,c) ∂F l (r,c)

(16)

(VI) The back-propagation error of the quasi-unit state is
l (r,c)

δG

=

∂ Loss ∂ul (r,c)
l (r,c).
= δu
∂ul (r,c) ∂G l (r,c)

(17)

(VII) The back-propagation error of the unit state at the previous time step is
l (r −1,c)

δu

=

∂ul (r,c)
∂Loss
l (r,c)
·
= δu
⊗ F l (r,c).
l
(
r,c
)
l
(
r
−
1,c
)
∂u
∂u

(18)

(VIII) The back-propagation error of the four components of the original output can
be expressed by the above calculation results, namely:

l (r,c)
l (r,c)
∂F l (r,c)

⊗ σ0 (z F )
= δF
δz F = ∂Loss

l (r,c) ∂z F

∂F


l (r,c)
l (r,c)
∂Loss ∂I l (r,c)

= ∂I
δz I
⊗ σ0 (z I )
= δI
l (r,c) ∂z I
.
(19)
l (r,c)
l (r,c)
∂G l (r,c)

δzG = ∂Loss
=
δG ⊗ tanh0 (zG )

l
(
r,c
)
∂z

∂G
G


 δl (r,c) = ∂Loss · ∂Ol (r,c) = δl (r,c) ⊗ σ0 (z )
zO
O
l (r,c)
O
∂z
∂O

O

Then, the back-propagation error of the original output is obtained through the
combination of the reverse error of its four components, namely:
h
i
l (r,c)
l (r,c) l (r,c) l (r,c) l (r,c)
δz
= δz F , δz I , δzG , δzO .
(20)
(IX) The model parameter gradient can be expressed by the equation with the original
output reverse error, namely:
l (r,c)
l (r,c)
∂ Loss
· ∂z∂w = δz
· hl −1(r,c)
∂zl (r,c)
hx
l
(
r,c
)
l (r,c)
∂z
= ∂∂zLoss
· hl (r−1,c)
l (r,c) · ∂whh = δz
l (r,c)
∂Loss ∂zl (r,c)
∇b = ∂z
l (r,c)
∂b = δz




 ∇whx =

∇whh





.

(21)

3.2.2. E-Commerce Enterprise Demand Forecasting Model Based on HF-ConvLSTM
In a real Horizontal Federated Learning environment, in addition to designing the machine learning model described in Section 3.2.1, we also need to design an optimization algorithm to optimize the solution process of the Federated Learning system. Mcmahan et al. [8]
first adopted the federated average algorithm (FedAvg) in the Federated Learning optimization problem. This algorithm can be used for a non-convex objective function in deep
neural networks (DNN). It is based on the stochastic gradient descent algorithm SGD
Evolved. This method first initializes the weights of the neural network model on a trusted
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third party (central server) and then assigns the weights to the participants to train the
local model. After a certain number of iterations (also called global pooling), it stops.
Generally, in a Horizontal Federated Learning system, suppose that there are K participants participating in the training of the demand prediction model, the total sample set of
all participants is D, the sample size is |D|, and the data set owned by the kth participant is
Dk , with sample size | Dk |. The objective function to be optimized is minw∈ Rd f (w), where
f (w) =

1
|D|

|D|

∑ f i ( w ),

(22)

i =1

with f i (w) = Loss( xi , yi ; w) being the loss result obtained by predicting the individual
cases ( xi , yi ) by the model parameter w; and xi and yi , respectively, representing the ith
data point of the kth participant and its label. For the kth participant,
Fk (w) =

1
| Dk |

| Dk |

∑

f i ( w ).

(23)

i =1

Then, the overall loss function of the Horizontal Federated Learning model is
K

f (w) =

| Dk |
F ( w ).
|D| k
k =1

∑

(24)

The gradient of the kth participant is gk = ∇ Fk (wt ), the learning rate is η, and the new
parameter obtained in the tth iteration is
K

| Dk |
g .
|D| k
k =1

(25)

 
wkt+1 ← wkt − η ∇ Fk wk .

(26)

w t +1 ← w t − η

∑

The local update of each participant k is

Then, combining this with the ConvLSTM-based e-commerce enterprise demand
prediction model proposed in Section 3.2.1, we can get the algorithm pseudo-code of
the HF-ConvLSTM-based e-commerce enterprise demand prediction model, as shown
in Algorithm 1, where whx− k , whh− k , and bk all represent the model parameters of the kth
client; and whx , whh , and b represent the parameters of the global model.
In Algorithm 1, we show the backpropagation algorithm based on the federated
average ConvLSTM model. The algorithm is divided into two parts: Server and client.
The server part is shown in lines 1–13. Specifically, in line 2, we initialize the global model
w0hx , w0hh , b0 , and broadcast it to all participants participating in the horizontal federated
demand prediction model. For the current iteration t(t = 1, 2, ...T ), in lines 4–7, for each
participant k, we calculate the parameter and update it, according to the code of the client
part, and return the encrypted intermediate result to the server. In line 8, we aggregate
the intermediate results from different participants to obtain the global model for the next
round. In lines 9–11, we set the termination condition of the algorithm iteration; that is,
either the loss function converges, or the maximum iteration round is reached. In line 12,
we send the aggregated model parameters to all participants.
In lines 14–31, we detail the operations performed by the client. Specifically, in line
15, we receive the encryption model parameters from the server and perform decryption
t , wt , bt and then set them to
operations to obtain the decrypted intermediate results whx
hh
the initial values of the operation performed by the client in line 16. In each local iteration,
from 1 to the number of iterations S, we randomly divide the local data set Dk into batches
| Dk |
batches , where batches denotes the number of batches. In lines 18–27, we elaborate the

Sustainability 2021, 13, 13050

14 of 29

operations performed on each batch. After calculation, we get wbatches,s
, wbatches,s
, bkbatches,s .
hx− k
hh− k
In line 29, we use the above results, and again use the stochastic gradient descent method
S
S batches, S
to get wbatches,
, wbatches,
, bk
. In line 30, we set the latest intermediate result as the
hx− k
hh− k
updated parameters of the client’s local model for the input of the next iteration. In line
31, we perform an additive homomorphic encryption operation on the locally updated
parameters, and we then send it and the related loss function to the server.
Algorithm 1 Back-Propagation of ConvLSTM based on Federated Averaging.
(r,c)

(r )

Input: xi ; yi ; | Dk |; i = 1, 2, . . . , | D |; r = 1, 2, . . . , R; c = 1, 2, . . . , C; k = 1, 2, . . . , K.
Output: whx , whh , b.
1: Server:
2: Initialize model parameters (w0hx , w0hh , b0 ) and broadcast the original model parameters
to all clients.
3: for each t ∈ range ( T ) do
4:
for k clients perform parallel computing,
1, 2,hh. . . , K do
hh k = ii
ii hh
ii
5:

6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:

t +1
t +1
Update model parameters locally: whx
, whh
, bkt+1 (see client ex−k
−k
ecution steps)
Send the updated model parameters and related loss function Losstk+1 to the
server.
end for
hh
ii hh
ii 

t +1
t +1
Aggregate the received model parameters: whx
, whh
, b t +1 .
if the loss function converges or reaches the maximum iteration round then
break
end if
hh
ii hh
ii 

t +1
t +1
Send the aggregated model parameter whx
, whh
, bt+1 to all clients.
end for
Client k:
 t   t   t 
Get encryption parameters whx
, whh , b from server, and decrypt them to
t
t
t
obtain whx , whh , b .
1,1
1,1
t
t
t
Let w1,1
hx− k = whx , whh− k = whh , bk = b .
for each s ∈ range (S) do
for each batch ∈ range (batches) do
for each l ∈ range ( L) do
for each r ∈ range ( R) do
for each c ∈ range (C ) do
l (r,c)

27:
28:
29:

Use Equations (7–11) to obtain zl (r,c) , z F , z I , zG , zO , δz .
+1,s
+1,s
+1,s
Use Equations (20–21) to obtain ∇batch
, ∇batch
, ∇batch
.
whx− k
whh− k
bk
end for
end for
end for
end for
end for
Use SGD to obtain wbatches,s+1
,wbatches,s+1
,bkbatches,s+1 .
hx− k
hh− k

30:

S
S t +1
t +1
t +1
Get local model parameter update whx
= wbatches,
, whh
= wbatches,
, bk
=
hx− k
hh− k
−k
−k

22:
23:
24:
25:
26:

bkbatches, S .
31: Perform additive homomorphic encryption on the updated model parameter
hh
ii hh
ii hh
ii
t +1
t +1 t +1
t +1
t +1
whx
, whh
, bk to obtain whx
, whh
, bkt+1 , and we then send the updated
k

k

k

k

model parameters and related loss function Losstk+1 to the server.
3.3. Experimental Design and Analysis
To evaluate the feasibility and effectiveness of the demand forecasting algorithm
(HF-ConvLSTM) for e-commerce enterprises based on Horizontal Federated Learning,
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which we proposed from the perspective of sustainable development, we carried out
a large number of simulation experiments using Python (with the PyTorch and PySyft
packages), in order to compare the forecast error rate of HF-ConvLSTM with those of two
classic time-series-based demand forecasting models under the same public data set and
experimental environment settings. The experiment was run on a Windows 10 system
server equipped with 128 GB main memory, 4 Intel Xeon E5-2690 v3 @ 2.60GHz(X2) CPUs
with 12 cores and 24 threads, and an Nvidia GeForce GTX1060 6 GB graphics card.
3.3.1. Data Set
We took the Jingdong commodity sales data set as the research object, in order to
demonstrate our experimental process. This data set comes from the JDATA platform GOC
storage network intelligent inventory management preliminary contest. To protect data
privacy, all data have been desensitized. The data set used in this paper is only used for
academic research. The data set includes sales data of 1,000 products from 1 January 2016
to 31 December 2017 (as the sales activities during the large-scale promotion period were
quite different from usual, the sales data in June and November were excluded). It consists
of the following four tables: A basic commodity information table (skuin f o .csv), with a total
of 1000 samples; a commodity attribute information table (sku attr .csv), with a total of 6776
samples (to make it easier to understand the meaning of commodity attributes, a computer
attribute table is shown in Figure 7); a sales information table (skusales .csv), which records
the daily sales data of the goods, having a total of 2,127,485 records, among which the
value range of the sales discount attribute discount was (0, 10], with 10 representing no
discount, and lower values representing higher discounts; and a promotion information
table (sku prom .csv), with a total of 862,111 records, in which the promotion form code
promotiontype attribute represents a variety of promotion methods, such as full discounts,
vouchers, direct discounts, and so on. For convenience, we summarize the column names
and meanings of the four tables in Table 2.
Table 2. Original data attribute and meaning.
Symbol

Meaning

Columnname
itemskuid
item f irstcateid
itemsecondcateid
itemthirdcateid
brandcode
Attrcd
Attrvaluecd
Dcid
Date
quantity
vendibility
Original price
discount
Promotiontype

Description
SKU unique identification code
First-level category
Second-level category
Three-level category
Brand code
Attribute code
Attribute value
Warehouse code
Date
Sales
Inventory status at the end of the day
Price of the day (0–1)
Sales discount (0–10)
Promotion form code

First of all, we drew a line chart for the total monthly sales volume of the 1000 products
over two years, according in Figure 7. We can see that the overall sales volume of the
products showed an upward trend overall, without significant or cyclical fluctuations.
There were several obvious peaks and valleys in the process of product sales changes. Most
of these peaks occurred during promotional periods, indicating that the sales promotion
activities of e-commerce companies have huge effects on sales. In addition, it can be
seen that there were significant decreases in product sales before and after festivals with
promotional activities, which is in line with the fact that consumer demand ofen decreases
after promotional periods.
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Figure 7. Linechart of total sales of 1000 products over two years.

It can be seen that dates, promotional forms, sales discounts, and prices were all
factors affecting the forecasting of commodity demand. The Jingdong experimental data
sets used in this paper all contain the above attribute information and, thus, can be used as
a basis for commodity demand forecasting.
3.3.2. Data Pre-Processing and Data Set Segmentation
Data pre-processing was a key step in our forecasting process. The quality of the
processed data directly affects the modeling effect. Taking into account the characteristics
of product sales data of e-commerce companies, we carried out missing point and outlier
processing, normalization, and data type conversion on the JD product sales data.
(I) Missing value processing
To deal with missing values for some incomplete or wrong data in the original data
set, due to collection errors of the e-commerce companies, we used python to perform
visual analysis. Figure 8 shows that, in the sales information table, only the day’s price
original price and sales discount had some data missing. As can be seen from Figures 9–11,
there were no missing data. As Figure 12 shows, taking sales discount as an example, we
found that 42.78% of the data had no sales discount information. Some of the sales discount
information was missing due to the collection error of the e-commerce company, indicating
that the sales discount information of this part of the product had no major impact on sales
and, so, it can be considered that this part of the product has no discount. Thus, we filled
this type of missing data with a value of 10 (the range of the sales discount was 0–10; the
lower the value, the bigger the discount, and 10 means no discount).
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Figure 8. Missing values in the basic commodity information table.

Figure 9. Missing values in the product attribute information table.

Figure 10. Missing values in the sales information table.
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Figure 11. Missing values in the promotion information table.

Figure 12. Missing sales discount data.

(II) Duplicate value processing
Duplicate values refer to data with all the same attribute values. In the JD product
sales data set, one SKU corresponded to one record at the same point in time, so that there
were no duplicates, and no processing were required.
(III) Outlier handling
Outliers are sample values that are significantly different from others. In the JD
promotion information table, if the SKU unique identification code itemsku id was −999,
the data was considered to have an abnormal value; however, no abnormalities were
found in other data. There were only 108 outliers in the itemsku id attribute in this data set.
Therefore, these outliers were directly deleted.
(IV) Data conversion
Generally, the different measurement units of each attribute bring about the problem
of inconsistent data dimension; so, we normalized the data. First, the variables were
divided into discrete and continuous types and then processed using different normalization methods.
We performed a 0–1 standardization operation for discrete attributes, such as promotion type, and changed the original data through a linear transformation, such that the final
value fell into the interval [0, 1]. The transformation rule is shown in Equation (27):
x∗ =

x − min x
.
max x − min x

(27)

Sustainability 2021, 13, 13050

19 of 29

The z-score normalization operation was adopted for continuous attribute values, such
as end-of-day inventory. After the operation, it follows the standard normal distribution
N(0, 1), and its transformation rule is shown in Equation (28):
x∗ =

x−µ
.
σ

(28)

For the date (Date), we converted it to the Datetime data type, following %Y-%m-%d.
(V) Data connection
To facilitate training, before the demand prediction model training, we needed to
connect the data in the four tables and store them in a new data summary table. According
to the actual situation of this paper, we deleted the first-level category, second-level category,
and other attributes in the spliced data summary table, and only retained key information
related to sales. The total number of processed data was 2,127,485, and the field names are
shown in Table 3 below.
Table 3. Header information of data set after data connection.
itemsku id

Dcid

vendibility Original price

Date

discount

Attrcd

Attrvalue cd

(VI) Data set segmentation
To simulate the scenario of multi-party Horizontal Federated Learning, we divided
the data set processed by the above steps into six parts, according to the warehouse code
(Dcid ), and numbered them from 1 to 6; that is, using the participant index k (k = 1, 2, . . . , 6).
The data distribution of each participant, after the data set segmentation, is shown in Table 4.
Table 4. Basic information of each participant after data set segmentation.
Participants (k)

1

2

3

4

5

6

Dcid
The amount of data
Number of types of Skuid

0
433,315
1000

1
424,875
998

2
423,169
996

3
416,310
996

4
279,957
994

5
149,859
989

3.3.3. Comparison of Algorithms
To examine the feasibility and effectiveness of the proposed e-commerce enterprise
demand forecasting method (HF-ConvLSTM) based on Horizontal Federated Learning, we
compare it with classic demand forecasting algorithms based on time-series: LSTM [69,70]
and BiLSTM [69].
In the first step, we separately compared the performance of ConvLSTM with LSTM
and BiLSTM.
LSTM. LSTM is a variant of the RNN model. For sequences with long-term dependence, it is difficult to train the early RNN model, especially when the error propagates
back along multiple time steps, it is easy for the gradient to disappear. LSTM introduces a
logic gate unit with memory function to solve the training difficulties encountered in early
RNN [69]. For an RNN variant, such as LSTM, which can obtain the long-term dependence
of sequence data, each memory unit in its structure is differentiable. Therefore, it is ensured
that the chain rule can be used for derivation and error back-propagation based on the time
step, such that the learning performance on deep time-series is better than that of other
RNN variants [70].
BiLSTM. On the basis of LSTM, bidirectional LSTM uses past and future timing
information (dimension data of the previous time step and the next time step) to determine
the node output at the current time step position in the sequence in two directions. In other
words, for the node information of any dimension in a sequence, the node information in
the two time steps before and after it helps to predict the node information [69].
ConvLSTM. This model was proposed in Section 3.2.1, and it was theoretically analyzed and explained.
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In the second step, we compared the performance of the above three algorithms in
the Horizontal Federated Learning framework; that is, we compared the performance
of HF-ConvLSTM with HF-LSTM and HF-BiLSTM. Due to limited space, we will not
elaborate on LSTM and BiLSTM.
3.3.4. Evaluation Index
We used the average absolute error (MAE) and average absolute percentage error
(MAPE) to evaluate the performance of the demand forecasting algorithm. MAE is a basic
evaluation method in regression tasks, which represents the absolute error between the
true value and the predicted value, and which can be used to compare the accuracy of
different prediction models. MAPE represents the ratio of the absolute error to the true
value. It can compare the stability of different prediction models. The calculation formulas
are as follows:
| Dk |test
1
MAE(y, f ) =
(29)
| y i − f i |,
| Dk |test i∑
=1
MAPE(y, f ) =

1
| Dk |test

| Dk |test

∑

i =1

( y i − f i )2
,
yi

(30)

where yi represents the true value, f i represents the predicted value, and Dk− test is the
size of the test data set of the kth participant.
In addition, to evaluate the mitigation ability of each model to the bullwhip effect
(BWE), we used the ratio of the predicted value variance to the true value variance to
quantify the bullwhip effect. The specific formula is defined as follows:
BWE(y, f ) =

var( f )
,
var(y)

(31)

where var( f ) and var(y), respectively, represent the variance of the predicted value and
the true value, with calculation formulae as follows:
var( f ) =

var(y) =

1
Dk− test
1
Dk− test

| Dk− test|

∑

2
f i − f¯ ,

(32)

(yi − ȳ)2 ,

(33)

i =1

| Dk− test|

∑

i =1

| Dk− test |
| Dk− test |
1
1
f i and ȳ =
yi represent the sample means of
| Dk− test | ∑i=1
| Dk− test | ∑i=1
the predicted data and the real data, respectively.
In summary, Equation (31) vividly describes the uncertainty and severity of the
bullwhip effect. It is difficult to completely eliminate the bullwhip effect in practice.
Only when BWE = 1, is there no distortion in the transmission of demand information.
The greater the distance between BWE and 1, the more obvious the bullwhip effect will be,
which means that there may be extremely unreasonable inventory waste in the operation
process of e-commerce enterprises, which directly restricts the sustainable development of ecommerce enterprises. In other words, the bullwhip effect value represents the sustainable
development ability of e-commerce enterprises, to a certain extent.
where f¯ =

3.3.5. Experimental Setup
This part briefly introduces the relevant parameter settings for each comparative experiment.
(I) LSTM
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The LSTM layer was composed of a fully connected layer and five hidden layers
containing logic units. First, feature extraction is performed through the fully connected
layer, and the SGD stochastic gradient descent optimizer is used to iterate the model
parameters during the backward error propagation between the hidden layers. In the
gradient descent process, the learning rate is set to 0.001, the activation function is the
sigmoid function, and the tanh function is set by the internal logic unit of the LSTM.
In addition, to prevent overfitting, a random dropout rate of 0.1 is set, the training batch
size is set to 512, and the number of iterations is 500 rounds [71].
(II) BiLSTM
The BiLSTM model is a combination of forward and backward LSTM models. By setting a two-way time step, the forward sequence is compared with the reverse sequence,
in order to better learn the temporal characteristics. Other parts, such as the optimizer,
learning rate, and other structure settings, were the same as LSTM. The training batch size
is set to 512, and the number of iterations is 500 rounds.
(III) ConvLSTM
On the basis of the LSTM model, the convolutional layer is introduced to extract the
local features of the sample. Unlike the fully connected layer, all neurons between adjacent
layers are interconnected in pairs. The convolutional layer sets a certain size and number of
convolutions to characterize the sample. Sliding interception is carried out, in order to learn
the local distribution information of sample features. In this experiment, 16 convolution
kernels with size (5, 5) are set in the ConvLSTM model, and the input features of the sample
are slidingly cut under the condition of a step size of (1, 1). Then, consistent with the LSTM
model, the memory mechanism and forget mechanism are realized through logic units.
The training batch size is set to 512, and the number of iterations is 500 rounds.
(IV) E-commerce enterprise demand forecasting model based on Horizontal Federated
Learning
In the Horizontal Federated Learning system, the federated average algorithm is used
to aggregate the prediction model training performed by the participants in the system, i.e.,
the LSTM prediction model based on Horizontal Federated Learning (HF-LSTM), the BiLSTM prediction model based on Horizontal Federated Learning (HF-BiLSTM), and the
ConvLSTM prediction model based on Horizontal Federated Learning (HF-ConvLSTM,
Algorithm 1). The structure settings in each model were consistent with the settings
under the conditions of the non-Federated Learning systems. On this basis, the proportion of the data set size for each participant in the overall data set size was used
as the respective weight; that is, the weights were assigned according to the ratio of
433,315:424,875:423,169:416,310:279,957:149,859. We set the training batch size to 512 and
the number of iterations to 500 rounds.
3.3.6. Display and Analysis of Experimental Results
The results obtained using the processed data and the abovementioned experimental
environment and parameter settings are shown in Tables 5–10. For the convenience of
observation, we display these results in Figures 13–18.
Figures 13–15 show the three evaluation indicators of MAE, MAPE, and BWE, respectively, in order to examine the predictive ability of the model under the condition
of non-Federated Learning system. Figures 16–18 also show the MAE, MAPE, and BWE
indicators, respectively, when examining the predictive ability of the models, considering
the Horizontal Federated Learning system.
The MAE is used to compare the accuracies of different models. The smaller the value,
the smaller the absolute error between the true value and the predicted value, and the
higher the accuracy of the model prediction. It can be seen, from Figure 13, that the MAE
values of the BiLSTM and ConvLSTM models were lower than those with the rest of
the participant data sets training gains. In addition, the MAE value of the ConvLSTM
model was lower than that value of the BiLSTM model under the same conditions. It
can be seen that, when the data size was at least 424,875 (the size of participant 2’s data
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set), the prediction error can be significantly reduced by adding two-way time steps or
convolutional layers to the traditional LSTM model. From the MAE value of the model
trained using the six participant data sets, it can be seen that the performance of the
convolutional layer in reducing the prediction error was better than the two-way time step.
It can be seen, from Figure 16, that, under the conditions of the Horizontal Federated
Learning system, whether the participants were paired for Federated Learning or all
participants participated in Federated Learning at the same time, the prediction errors
of the HF-BiLSTM model and the HF-ConvLSTM model were lower than those of the
HF-LSTM model. After comparing with the experimental results in Figure 13, it was found
that the MAE values of the model based on Horizontal Federated Learning conditions
were all lower than the smallest value in the federated participant combination. It can
be seen that the demand prediction method based on Horizontal Federated Learning can
significantly reduce the prediction error of the model, compared with the prediction error
of the model obtained by independent training.
The MAPE is used to compare the stability of different prediction models. The smaller
the value, the smaller the proportion of the absolute error square in the true value, the better
the stability, and the smaller the fluctuation. It can be seen, from Figure 14, that the MAPE
values of the model trained under the data sets of participants 1, 2, 3, and 4 were all
higher than those of the models trained under the data set of participant No. 5, and the
MAPE value of the model trained under the data set of all six participants. The data sets
of participants 1–4 were at least 50% larger than the data sets of participants 5 or 6. It can
be found that, when the data set is relatively large, the model predicts that the volatility
will increase. In this case, the convolutional layer or the bidirectional time step can still
weaken the change, to a certain extent, where the improved ability of the convolutional
layer is higher than that of the bidirectional time step.
It can be seen, from Figure 17, that, under the conditions of the Horizontal Federated
Learning system, whether the participants were paired for Federated Learning or all participants participated in Federated Learning at the same time, the prediction error fluctuations
of the HF-BiLSTM model and the HF-ConvLSTM model were lower than that of the HFLSTM model. By comparison with the experimental results in Figure 14, it can be seen that
the MAPE values of the models based on the Horizontal Federated Learning condition
were lower than the smallest value in the combination of federated participants. Thus,
the demand forecasting method based on Horizontal Federated Learning can significantly
reduce the forecast error of the model.
The BWE is used to evaluate the mitigation ability of the model to the bullwhip effect,
i.e., promotion of the ability for sustainable development. The smaller the distance from
1, the more the bullwhip effect has been improved and the more the sustainability of the
enterprise has been improved. It can be seen, from Figure 15, that the BWE values fluctuated
around 1, and the experimental result data can be obtained successfully. Among the three
models of LSTM, BiLSTM, and ConvLSTM, the BWE value of the ConvLSTM model was the
closest to 1. This indicates that the bullwhip effect can be effectively alleviated (and, thus,
the sustainability of e-commerce enterprises improved) by introducing the convolution
operation into the LSTM model.
It can be seen, from Figure 18, that, under the condition of the Horizontal Federated
Learning system, whether the participants were combined in pairs for Federated Learning or all participants participated in Federated Learning at the same time, the distance
between the BWE value of each model and 1 was lower than that with the federated
participant combination. Therefore, the Horizontal Federated Learning method improves
the mitigation ability of the model to the bullwhip effect, on the premise of ensuring data
privacy, and promotes the sustainable development of e-commerce enterprises.
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Table 5. The MAE value for each participant to independently perform demand forecasting learning.
Participant

LSTM

BiLSTM

ConvLSTM

1
2
3
4
5
6

2425.65
3213.35
3147.89
3088.95
3256.61
3101.05

2088.26
2476.14
3063.81
2721.45
2880.67
2905.18

2028.26
2022.91
3021.43
2519.63
2647.27
2853.63

Table 6. The MAPE value for each participant to independently perform demand forecasting learning.
Participant

LSTM

BiLSTM

ConvLSTM

1
2
3
4
5
6

0.2886
0.2879
0.2793
0.2682
0.1381
0.0923

0.2173
0.2767
0.2749
0.2368
0.1348
0.0737

0.2076
0.2476
0.2634
0.2363
0.1026
0.0558

Table 7. The BWE value for each participant to independently perform demand forecasting learning.
Participant

LSTM

BiLSTM

ConvLSTM

1
2
3
4
5
6

1.1391
0.7206
0.8725
0.9047
0.8672
1.1557

0.8667
1.2149
1.1185
1.0947
0.8847
0.8479

0.8819
0.8096
0.9058
1.0847
1.1153
1.1327

Table 8. The MAE value of the participant’s federated demand forecasting learning.
Participant

HF-LSTM

HF-BiLSTM

HF-ConvLSTM

(1,2)
(1,3)
(1,4)
(1,5)
(1,6)
(2,3)
(2,4)
(2,5)
(2,6)
(3,4)
(3,5)
(3,6)
(4,5)
(4,6)
(5,6)
(1,2,3,4,5,6)

2264.96
2300.45
2088.05
2134.68
2127.88
3013.89
3046.40
3101.35
3087.15
3070.60
3013.65
2981.24
3038.78
3012.31
3088.55
2307.93

2084.55
1933.24
1643.76
1766.73
1715.98
2685.15
2868.42
2369.03
2601.80
2429.39
2635.99
2520.39
2638.10
2626.32
2771.18
2176.45

1979.45
1836.43
1271.07
1677.92
1519.06
2448.72
2613.40
1797.95
2110.68
2355.04
2382.52
2312.14
2628.71
2432.85
2554.51
1890.68
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Table 9. The MAPE value of the participant’s federated demand forecasting learning.
Participant

HF-LSTM

HF-BiLSTM

HF-ConvLSTM

(1,2)
(1,3)
(1,4)
(1,5)
(1,6)
(2,3)
(2,4)
(2,5)
(2,6)
(3,4)
(3,5)
(3,6)
(4,5)
(4,6)
(5,6)
(1,2,3,4,5,6)

0.2166
0.2708
0.2235
0.1062
0.0847
0.2784
0.2594
0.1373
0.0758
0.2489
0.1198
0.0809
0.1171
0.0876
0.0824
0.0807

0.1992
0.2541
0.1715
0.1037
0.0788
0.2545
0.2280
0.1288
0.0720
0.1996
0.1072
0.0616
0.0963
0.0779
0.0750
0.0686

0.1597
0.2172
0.1658
0.0833
0.0706
0.2296
0.2072
0.1062
0.0659
0.1561
0.0939
0.0472
0.0884
0.0618
0.0664
0.0655

Table 10. The BWE value of the participant’s federated demand forecasting learning.
Participant

HF-LSTM

HF-BiLSTM

HF-ConvLSTM

(1,2)
(1,3)
(1,4)
(1,5)
(1,6)
(2,3)
(2,4)
(2,5)
(2,6)
(3,4)
(3,5)
(3,6)
(4,5)
(4,6)
(5,6)
(1,2,3,4,5,6)

1.1199
0.8967
0.9176
1.1095
1.1174
1.0957
0.9173
1.1135
0.8520
0.9226
0.8944
0.8904
1.0810
1.0836
1.1057
0.9117

0.8801
1.0949
0.9176
1.0866
1.0881
1.0921
0.9208
0.8888
0.8872
0.9305
1.1007
0.9134
0.9335
1.0722
0.8993
0.9336

0.8938
0.9071
1.0623
0.9335
0.9202
0.9133
1.0630
0.8983
0.9039
1.0691
1.0957
1.0663
0.9482
0.9395
1.0907
0.9439

Figure 13. The MAE value for each participant to independently perform demand forecasting learning.
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Figure 14. The MAPE value for each participant to independently perform demand forecasting learning.

Figure 15. The BWE value for each participant to independently perform demand forecasting learning.

Figure 16. The MAE value of the participant’s federated demand forecasting learning.
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Figure 17. The MAPE value of the participant’s federated demand forecasting learning.

Figure 18. The BWE value of the participant’s federated demand forecasting learning.

4. Conclusions
As an important strategic emerging industry, e-commerce plays an important role in
the processes of social innovation and sustainable development. Under the influence of the
COVID-19, the supply chain safety problem of e-commerce enterprises has received more
attention. This paper proposed a demand forecasting method for e-commerce enterprises
based on Horizontal Federated Learning and ConvLSTM, such that e-commerce enterprises
of the same type can indirectly achieve the goal of demand information sharing modeling
through Horizontal Federated Learning, under the premise that their private data is not
available locally. Specifically, first, we used the convolutional neural network structure
to optimize the traditional LSTM network, considering time-series data, extracting its
multi-dimensional features, and proposing a demand forecasting model. Second, we used
a Horizontal Federated Learning system to train the demand forecasting model with the
data from multiple parties, without going out of the local situation. Finally, we used a
large number of public data sets to experimentally verify the proposed model. The results
showed that the demand forecast model based on Horizontal Federated Learning and ConvLSTM not only can improve the accuracy and stability of the demand forecast model but,
more importantly, it avoids potential privacy leakage issues for supply chain companies
when they use big data to forecast demand. The research in this paper has far-reaching
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significance for the sustainable development of the supply chain and alleviation of the
bullwhip effect.
However, this study also carries some limitations. When using Horizontal Federated
Learning to study the demand forecast of e-commerce enterprises, due to the experimental
cost and the requirements of data privacy protection regulations, this paper only considers
a small number of participants. When the number of participants continues to increase,
the stability of the model may decline, and the generalization ability of the model needs
to be improved. Our future work will focus on optimizing parameters to improve the
generalization ability of neural network models. In addition, in the whole supply chain
system where e-commerce enterprises are located, the problem that different types of
node enterprise demand information cannot be shared and exchanged is more prominent,
and the application potential of Federated Learning is greater. In the future, we plan
to change our research direction to the demand information prediction method for ecommerce enterprise supply chains based on vertical Federated Learning. On the premise
that the data privacy is not local, we wish to continuously improve the accuracy of the
supply chain demand prediction model for the whole e-commerce enterprise, reduce
the inventory waste of enterprises at all levels, alleviate the bullwhip effect, and further
promote the sustainable and healthy development of e-commerce enterprises.
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