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Abstract: With the continuous development of the flexible supply chain in the manufacturing industry of the Industrial Internet of Things and the widespread promotion of 
the order-oriented production mode, the quantity and types of data involved in order performance evaluation tasks are constantly increasing. The applicability of traditional 
evaluation methods is significantly weakened, leading to additional investment of manpower and time resources. In response to this issue, this paper proposes a SSA-CNN-
LSTM multi-source heterogeneous data fusion model aimed at achieving precise order performance evaluation. By integrating and learning data of different structures from 
various sources, the model fully explores the correlation of data features to obtain precise fusion results, thereby enabling the evaluation of order performance. Simulation 
experiments conducted on a dataset from a certain intelligent collection customization company demonstrate that the RMSE, MAE, and MAPE of the SSA-CNN-LSTM model 
results are reduced by 58.71%, 62.94%, and 63.29% respectively compared to the LSTM model, validating the superior accuracy of the proposed model. It also indicates 
that the model proposed in this study provides new ideas and methods for completing performance evaluation tasks, offering reliable basis and reference for enterprise 
decision-making, and enriching the research content of the deep learning multi-source heterogeneous data fusion field. 
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1 INTRODUCTION 
 

In modern manufacturing, supply chain flexibility has 
become an indispensable advantage in coping with market 
fluctuations and diverse customer demands. However, the 
data accumulated in manufacturing exhibit a trend of vast 
quantity and high complexity. These data contain rich 
information, encompassing various types such as digitized 
production indicators, sensor-captured environmental 
parameters, and textual description data [1, 2], as 
illustrated in Fig. 1. 
 

 
Figure 1 Examples of heterogeneous data types 

 
In such a rich and complex data environment, 

accurately evaluating order performance faces increasingly 
severe challenges. Achieving a flexible supply chain and 
ensuring the assessability of order performance remain 
challenging issues. Traditional methods for evaluating 
order performance often overlook the complex correlations 
and spatiotemporal dynamic changes among 
heterogeneous data sources, no longer suitable for 
heterogeneous data scenarios. Benchmarking [3] typically 
assesses performance by comparing the gap between 
targets and benchmarks. However, it struggles to integrate 

different data formats and sources since it primarily 
focuses on comparing indicators rather than the structure 
or type of data itself. Therefore, benchmarking may 
overlook data diversity for handling heterogeneous data, 
leading to less accurate assessment results. The Balanced 
Scorecard method [4] evaluates performance through four 
different perspectives (financial, customer, internal 
business processes, and learning and growth). However, it 
is difficult to quantify multiple heterogeneous data sources 
and incorporate them into the Balanced Scorecard system. 
Since the Balanced Scorecard mainly focuses on balancing 
specific indicators and performance evaluation, its ability 
to handle and synthesize heterogeneous data is limited. The 
Fuzzy Comprehensive Evaluation method [5] attempts to 
deal with the fuzziness and uncertainty of data. However, 
it struggles to accurately define fuzzy sets for multiple 
heterogeneous data sources. Heterogeneous data may have 
different data types, structures, and qualities, making it 
difficult to effectively process and balance data in fuzzy 
comprehensive evaluation. Data Envelopment Analysis [6] 
aims to evaluate the efficiency between multiple input and 
output indicators. However, it requires high consistency 
and homogeneity of data. Heterogeneous data typically 
have different scales and units of measurement, making it 
difficult to effectively compare and evaluate data in data 
envelopment analysis. Analytic Hierarchy Process [7] is 
commonly used to determine the weights of different 
indicators for performance evaluation or decision support. 
However, it is difficult to allocate weights to 
heterogeneous data in the analytic hierarchy process. 
Because heterogeneous data may involve different data 
types and measurement units, establishing weights in the 
analytic hierarchy process may result in inconsistency and 
inaccuracy. In the actual production environment, 
enterprises face influences from various aspects such as 
supply chains, production processes, and market demands, 
necessitating more comprehensive and accurate evaluation 
models to guide decision-making and improve overall 
operational efficiency. 

To address these issues, this paper proposes a 
manufacturing supply chain order performance evaluation 
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model based on a CNN-LSTM model with multi-feature 
input and single-feature output. The aim is to fully explore 
the feature correlations among heterogeneous data sources 
in the evaluation task to achieve intelligent assessment of 
order performance. Additionally, it introduces the Sparrow 
Search Algorithm, which possesses stronger global search 
capability, faster convergence speed, and fewer 
parameters, to enhance model performance, thus better 
adapting to the variability and uncertainty of order 
performance evaluation tasks. Simulation experiments are 
conducted on an order dataset from a certain intelligent 
smartphone customization company using MATLAB 
software. The dataset includes numerical and textual data 
from sources such as sensors, manual monitoring, and 
online platforms. The simulation results demonstrate that 
the proposed model, by combining the Sparrow Search 
Algorithm, convolutional neural network, and long short-
term memory neural network, can achieve fusion analysis 
of heterogeneous data sources, applicable for supply chain 
performance evaluation while maintaining good evaluation 
accuracy. The remaining parts of this paper are organized 
as follows: Section 2 reviews the current research status. 
Section 3 introduces the research methodology and the 
structure of the model. Section 4 presents the experimental 
results and discussion. Section 5 concludes and provides 
prospects for future research. 
 
2 LITERATURE REVIEW 
 

The technology of multi-source heterogeneous data 
fusion is a method of comprehensively utilizing data from 
different sources, structures, and types, aiming to enhance 
the comprehensiveness and accuracy of information by 
integrating heterogeneous data [8, 9]. This technology 
covers the entire process of data collection, integration, 
processing, and analysis, and it integrates data from 
multiple sources into a unified framework to produce more 
comprehensive results with higher information density. In 
recent years, deep learning has been widely applied in 
various fields and has accumulated rich research results. In 
order to enable machines to learn more comprehensively 
and efficiently, many scholars have been committed to 
endowing deep learning models with the understanding 
and reasoning ability of multi-source heterogeneous data, 
enabling the models to acquire more information during the 
decision-making process and improve the overall accuracy 
of decisions. The goal of this research direction is to 
establish models capable of handling and correlating 
information from multiple modalities [10]. Maimaitijiang 
M. et al. [11] proposed a soybean yield assessment model 
based on DNN neural networks, which integrates field 
spectra, thermal data, soybean texture features, etc. 
Experimental results show that this method can provide 
relatively accurate and stable crop yield estimates. Chen F. 
C. et al. [12] proposed a deep learning framework for crack 
detection in nuclear power plants based on CNN and naive 
Bayes data fusion scheme, aggregating multi-source image 
data extracted from different video frames to enhance the 
overall performance and robustness of the system. 
Simulation results demonstrate good evaluation 
performance. Khan S. et al. [13] proposed a CNN-LSTM-
based multi-source heterogeneous data fusion model for 
region-based traffic flow assessment in smart cities. 

Simulation experiments show that the proposed model has 
strong applicability. Hatami N. et al. [14] proposed an 
integrated model based on CNN-LSTM for clinical 
outcome assessment, which integrates patient admission 
data and clinical test data to obtain decision results.  

Experimental results show that this method is helpful 
for clinical management. The above research results 
indicate that deep learning algorithms can explore feature 
correlations in multi-source heterogeneous data, fully 
utilize data from various sources for integrated processing, 
make the fusion results closer to the real data needed, and 
LSTM performs well in various algorithms. The advantage 
of the CNN-LSTM integrated model over LSTM lies in its 
ability to effectively extract spatial features and capture 
temporal relationships, achieve more comprehensive 
integration of local and global information, and improve 
result accuracy, but model parameters still need to be 
manually set. To address the CNN-LSTM parameter 
optimization problem, Haoran Zhang et al. [15] proposed 
the VMD-CNN-LSTM fusion model, which uses VMD for 
data decomposition and denoising to improve data 
continuity and stability, enhancing prediction results. 
However, algorithms like VMD are more suitable for 
signal domains, with lower applicability to performance 
evaluation data characteristics. Zhiwei Li et al. [16] 
proposed a WOA-CNN-LSTM model to optimize the 
parameters of five feature values of input data, improving 
the accuracy of evaluation results, but WOA has a slow 
convergence speed for complex problems, resulting in low 
model scalability. Lu W. et al. [17] established a GA-CNN-
LSTM feature fusion model for traffic prediction, using 
GA to optimize the number of neurons to achieve more 
accurate fusion results. However, there are many parameter 
settings and difficulty in adjustment, making it difficult to 
deploy in practical applications. The current research 
hotspot is to use more effective optimization algorithms to 
optimize the performance of CNN-LSTM models. 
 
3 RESEARCH METHODOLOGY 
3.1 Supply Chain Order Performance Analysis 
 

With the diversification of market demands and the 
rapid development of science and technology, an 
increasing number of enterprises are transitioning from 
inventory-based production to order-based production. 
However, under the premise of diversified order demands, 
there still exist significant challenges in effectively 
controlling orders throughout their entire lifecycle. 
Employing order performance evaluation schemes to 
assess the performance of order execution, rapidly gauging 
order completion status, can optimize production cycles 
and enhance decision-making capabilities for enterprises 
[18, 19]. While some enterprises can effectively evaluate 
order performance, the evaluation process involves a large 
amount of multi-source heterogeneous data, leading to 
substantial human resource consumption for calculations 
and posing challenges in ensuring the accuracy and 
timeliness of performance assessments. The order 
performance analysis is illustrated in Fig. 2. 

This research focuses primarily on four aspects 
influencing the performance of orders: 

(1) Economic Benefits: The profit margin brought to 
the enterprise by the order, calculated from relevant data 
such as order revenue, production costs, and logistics costs. 
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(2) Production Efficiency: The degree of utilization of 
production resources during the order production process, 
typically calculated by production monitoring sensor 
equipment. 

(3) Time Efficiency: From the time the order is placed 
to the time it is completed, time primarily includes 
production time and logistics time. 

(4) Customer Satisfaction: User comments on the 
order after completion, mostly in the form of textual 
information. 
 

Order
Perf.

Production 
Efficiency

Time 
Efficiency

Satisfaction 
Index

Economic 
Benefits

Order Revenue Data

Order Cost Data

Manual Monitoring Data

Device Sensor Data

Raw Material Utilization Data

Logistics Time

Production Time

Order Evaluation Text

After-Sales Inquiry Text

Purchase Frequency

 
Figure 2 Order performance analysis diagram 

 
3.2 Sentiment Analysis Tool 
 

Text sentiment analysis tools are widely used in the 
data text analysis of post-order evaluations in the 
manufacturing industry. These evaluations involve 
multiple aspects such as product quality, service attitude, 
etc., with complex sentiment expressions and varying text 
lengths, and may also involve domain expertise. Through 
these tools, companies can quickly and accurately 
understand customers' sentiment tendencies, adjust product 
and service strategies in a timely manner, and enhance 
customer satisfaction and brand reputation. 

The performance comparison of the most common text 
sentiment analysis tools currently available is shown in 
Table 1. In the context of this study, order review data often 
appear in the form of short texts, which do not require the 
use of computationally intensive methods for calculation. 
Considering that the data fusion process requires sentiment 
index data rather than simple negative, neutral, and positive 
data, while ensuring the reliability of the results, we 
comprehensively consider using VADER for text 
sentiment analysis to achieve feature extraction. 
 

Table 1 Comparison of sentiment analysis tools 
Tools Short text accuracy Speed Difficulty 
NLTK Middle Fast Low 

TextBlob Middle Fast Low 
VADER High Fast Middle 
LSTM High Low High 
CNN High Low High 
BERT High Low High 

 
3.3 Model Construction 
3.3.1 SSA-CNN-LSTM Model 

 
This paper combines the SSA optimization algorithm 

with CNN and LSTM models. The preprocessing stage of 

the model utilizes CNN, a combination of convolutional 
layers, batch normalization layers, activation function 
layers, and pooling layers. This combination is effective in 
reducing data dimensionality, extracting key features, and 
reducing training time. CNN processes a large amount of 
high-dimensional heterogeneous data, providing more 
refined and targeted input for the subsequent LSTM neural 
network. In the fusion stage, an LSTM model with multiple 
feature inputs and a single feature output is used for feature 
integration [20, 21]. LSTM has the ability to handle time 
series data with long short-term memory, effectively 
addressing the issues of gradient explosion and vanishing 
gradient through the control of forget gates, input gates, 
and output gates. This allows the neural network to better 
capture information changes in time series. However, 
parameter tuning is required. 

SSA simulates the collective behavior of sparrows in 
activities such as foraging, socializing, and evading 
predators to find the optimal solution. The core idea of the 
algorithm includes local search and global search. Local 
search explores local optimal solutions through the 
cooperation of individuals, while global search seeks 
global optimal solutions through random movements of 
individuals. This algorithm is novel and has strong 
optimization capabilities with a fast convergence rate. It 
can be used for parameter tuning of the LSTM model 
[22,23]. The computational process and structure of the 
model are shown in Figs. 3 and 4 respectively. The 
following is the computational process of the SSA-CNN-
LSTM model: 
 

Data
preprocessing

Vader
sentiment analysis

Parameter
Initialization of

SSA

Calculate the fitness value,
update the location of

producer and scrounger 

Update the location of
sparrow population

Activation
function

LSTM layer

Fully connected
layer

Softmax layer

Output layer

Batch
normalization

Convolution
layer

Satisfy the
condition

N

Y

Input data

 
Figure 3 Model computation process diagram 
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Figure 4 Model structure diagram 
 

(1) Data Processing 
First, the raw data undergoes labeling, partitioning, 

normalization, and format conversion. Subsequently, the 
VADER sentiment analysis tool [24] is utilized to 
recognize the positive sentiment in textual data. It provides 
a sentiment index ranging between ‒1 and 1 for each text. 
A score closer to 1 indicates a higher level of user 
satisfaction for the respective order, while a score closer to 
-1 suggests a lower level of user satisfaction. Compared to 
methods like Bayesian and LSTM text sentiment analysis, 
VADER operates using a pre-trained model, offering the 
advantages of reduced computational burden and faster 
processing speed. Additionally, it is more suitable for short 
texts. 

(2) SSA parameter tuning 
1)SSA parameter initialization settings: The number of 

sparrows (n) corresponds to the number of samples in the 
dataset; the number of producers (PD) corresponds to the 
number of CNN convolutional layers, representing the 
complexity of feature extraction; the number of sparrows 
perceiving danger (SD) corresponds to the part of the 
model used for detecting anomalies or noise, reflecting the 
quantity of abnormal situations in the data; the safety 
threshold (ST) corresponds to the sensitivity setting of the 
model to anomalies during training or prediction, serving 
as a reference value to determine whether to trigger an 
alarm; the alarm value (R2) corresponds to the value in the 
model used to determine whether to trigger an alarm, 
activating the alarm when the perceived anomalies exceed 
this value. 

2) Updater Position 1
, t

i jX  : Update the weights of the 

convolutional neural network to further optimize feature 
extraction performance. 
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                (1) 

 
3) Updater's Position Update: Adjusting the weights 

of the LSTM neural network to fine-tune the network 
parameters and enhance learning performance on time 
series data. 
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                           (2) 

4) Updater's Awareness of Hazardous Sparrow 
Position: Adjusting the anomaly detection segment of the 
CNN-LSTM model to enhance its ability to handle 
anomalies and noise. 
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    (3) 

 
5) Termination Condition: If satisfied, output the 

sparrow position; if not satisfied, return to step (3)  where
1

, t
i jX  represents the parameter information of the j-th 

dimension in the model parameters for the i-th sample at 
the t-th iteration; maxiter is the maximum number of 

iterations;   is a random number in the range [0, 1]; 2R

is a random number in the range [0, 1] representing the alert 
value; ST is a constant in the range [0.5, 1] representing the 
safety value; Q is a random number following a normal 

distribution; L is a 1 × d matrix of all ones; t
worstX is the 

worst parameter in the t-th iteration; pX is the current 

optimal parameter; A is a 1 × d matrix with elements 
randomly assigned as 1 or ‒1;  is a random number 

following a normal distribution with mean 0 and variance 
1; K is a random number in the range [‒1, 1], where the 
sign indicates the direction for finding the optimal solution, 
and the magnitude represents the step size control 
parameter; if is the fitness value of the parameter;  gf is the 

current maximum fitness value; wf is the current 

minimum fitness value. 
(3) Convolutional Neural Network Model 
Through convolutional operations, the CNN model 

extracts local features using different convolutional 
kernels, capturing crucial information from input data. The 
application of the ReLU activation function enhances the 
model's expressive power. Pooling layers are used to 
downsample the feature maps, reducing spatial dimensions 
while retaining essential features. This process is effective 
in extracting high-level abstract representations from 
multiple data sources, providing more meaningful inputs 
for subsequent model layers [25, 26]. The CNN 
architecture is illustrated in Fig. 5. 
 

Input Convolution ConvolutionPooling Pooling Fully 
connected  

Figure 5 CNN structure diagram 
 

(4) Long Short-Term Memory Model 
The LSTM neural network controls the degree of 

memory and forgetting of previous and current data 
through forget gates, input gates, and output gates, giving 
the neural network the capability of long short-term 
memory. Upon entering the LSTM, the forget gate tf

calculates by applying the Sigmoid activation function 
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layer to the previous hidden state 1  th  and the current input 

value tx . The previous hidden state 1  th  and the current 

input value tx  generate the input gate   ti through a Sigmoid 

activation function layer and a candidate cell state  ̂  tc

through an activation function layer. The current cell state
 tc is calculated from the previous cell state 1 tc   , the new 

cell state  ̂  tc , and the input gate  ti . The output gate   to is 

computed by applying the Sigmoid activation function to 
the previous hidden state 1  th  and the current input value

tx . Finally, the output gate   to and the current cell state  tc

are calculated to obtain the current hidden state [27, 28]. 
The LSTM architecture is depicted in Fig. 6. 
 

1tc

1th

tx

  tanh

tanh

tf ti tĉ to

tc

th  
Figure 6 LSTM structure diagram 

 
1) The input gate is used to control the extent to which 

the current computational state is updated to the 
memory cell. The calculation formula is as follows: 

 

 1tˆ anht c t c t cc W x U h b                                        (4) 

 

 1t i t i t ii W x U h b                                                   (5) 

 
where tx represents the input value; 1  th  represents the 

hidden state; cW , cU , iW , iU are weight matrices;  cb ,  ib are 

biases. 
2) The forget gate is used to control the extent to which 

input and the current computational state are updated 
to the memory cell. The calculation formula is as 
follows: 

 

 1 ft tf ftf W x U h b            (6) 

 
where tx represents the input value; 1  th  represents the 

hidden state;  fW , fU  are weight matrices;   fb is the bias. 

3) The state is deleted and updated by the forget gate and 
input gate. The calculation formula is as follows: 

 

1 ˆt t t c tc f c i c             (7) 

 
4) The output gate is used to control the input and current 

output based on the current memory cell's degree, and 
the formula is as follows: 

 

 1t o t o t oo W x U h b            (8) 

 

tant t th o c             (9) 

 
where tx represents the input value; 1  th  represents the 

hidden state; oW ,  oU are weight matrices;  ob is the bias. 

 
3.3.2 Model Parameter Configuration 
 

The learning rate and the number of hidden layer nodes 
are crucial parameters in neural networks, significantly 
impacting training outcomes. The learning rate regulates 
the model's learning progress, with excessively high values 
making convergence difficult and causing the network to 
oscillate around the optimal values. Conversely, a too-low 
learning rate results in slow convergence, prolonging the 
time needed to find optimal values. In this study, the initial 
learning rate for the LSTM neural network is set to 0.0035. 

The number of hidden layer nodes influences the 
model's performance. Too many nodes increase training 
time and the risk of overfitting, while too few nodes may 
hinder successful learning, requiring more training cycles 
and impacting training accuracy. In this paper, the LSTM 
model's two hidden layers are configured with 128 and 30 
nodes, respectively. As epochs increase, network 
parameters continuously update to find optimal values. 
Tab. 2 shows five sets of optimal parameter combinations 
obtained through repeated parameter tuning and the key 
parameters for the SSA-CNN-LSTM model are presented 
in Tabs. 3, 4, and 5. 
 

Table 2 Optimal hyperparameter combinations 

Group 
Convolutional 

kernel 

LSTM 1 
hidden 
layer 

LSTM 2 
hidden 
layer 

Learning 
rate 

RMSE 

1 32 128 32 0.0035 0.3352 
2 32 112 48 0.0035 0.3355 
3 40 192 32 0.0035 0.3355 
4 40 112 48 0.0035 0.3356 
5 40 96 96 0.0001 0.3961 

 
Table 3 CNN parameters 

Parameters Settings 
CNN layers 1 

Convolutional kernel size 10 × 1 
Number of convolution kernels 32 

Stride 1 
Activation function ReLU 

Dropout 0.3 

 
Table 4 LSTM parameters 

Parameters Settings 
LSTM layers 2 
Learning rate 0.0035 

Number of hidden layer nodes 128, 30 
Activation function Tanh and σ 

Epochs ReLU 

 
Table 5 SSA parameters 

Parameters Settings 
The numbers of polulations 2 

The maximum iterations 0.0035 
The number of producers 128, 30 
The number of scroungers Tanh and σ 

The sparrow that senses danger ReLU 
Safety value 0.8 

Lower limit range of parameters (1 × 10‒10, 10) 
Upper limit range of parameters (1 × 10−2, 200) 
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4 EXPERIMENTAL RESULTS AND DISCUSSION 
4.1 Dataset 

 
This paper utilizes a custom dataset collected from a 

specific type of smart mobile devices, consisting of 972 
entries. The data is sorted based on the order generation 
time, with the output for evaluation being the order 
fulfillment, i.e., order performance data. The input data 
includes four sets of information: order profit margin, order 
production utilization, order delivery cycle, and user 
review text. The profit margin is calculated and presented 
as a percentage. The production utilization is calculated 
from sensor data collected during the production process, 
also presented as a percentage. The order delivery cycle 
represents the time required for an order from generation 
to completion, measured in hours. The user review text is 
composed of English characters, creating a heterogeneous 
dataset. Some sample data is presented in Tab. 6. 
 

Table 6 Partial dataset examples 

Order 
ID 

Profit 
Margin 

Production 
Utilization 

Rate 

Delivery 
Cycle 

Review 
Order 

Fulfillment 
Rate 

1 23.3 89.06 55 
Terrible 
product 

83.3132 

2 20.9 95 37 Fabulous 89.1057 

3 22.62 90.72 47 
Slightly 

disappointed 
85.9269 

4 24 94.94 32 Good choice 91.9022 

5 25 88.96 28 
Perfect 

product! 
92.3814 

 
Preprocessing the dataset involves removing missing 

and outlier data to ensure the reliability of each entry. The 
user review texts are subjected to sentiment analysis using 
the VADER tool, generating corresponding sentiment 
scores within the range of [‒1, 1]. A sentiment score closer 
to -1 indicates lower satisfaction, while a score closer to 1 
indicates higher satisfaction.  
 

 
Figure 7 Feature distribution 

 
Table 7 Partial processed data 

Order 
ID 

Profit 
Margin 

Production 
Utilization 

Rate 

Delivery 
Cycle 

Customer 
Satisfaction 

Order 
Fulfillment 

Rate 
1 23.3 89.06 55 ‒0.4767 83.3132 
2 20.9 95 37 0.5707 89.1057 
3 22.62 90.72 47 ‒0.4228 85.9269 
4 24 94.94 32 0.4404 91.9022 
5 25 88.96 28 0.6114 92.3814 

Ultimately, 800 processed entries are selected as 
model input, with 720 entries used for training and 80 for 
testing. A portion of the processed data is illustrated in Tab. 
7. The distribution of dataset features is shown in Fig. 7. 
 
4.2 Evaluation Metrics 
 

This paper selects the statistical metrics Root Mean 
Square Error (RMSE), Mean Absolute Percentage Error 
(MAPE), and Mean Absolute Error (MAE) to assess and 
compare evaluation accuracy. Smaller values for these 
metrics indicate higher accuracy. The formulas are as 
follows: 
 

 2

1

1
ˆ

n

i i
i

RMSE y y
n 

              (10) 

 

1

0 ˆ10 % n
i i

ii

y y
MAPE

n y


                (11) 

 

1

1
ˆ

n

i i
i

MAE y y
n 

                                                                (12) 

 

where  iy represents the assessment value of the fusion 

result, and   iy represents the ground truth. 

 
4.3 Ablation Experiment 
 

Test LSTM, CNN-LSTM, and SSA-CNN-LSTM 
models separately using datasets. The experimental results 
show that all three models can relatively accurately assess 
order performance.  The evaluation performance indicators 
for each method are shown in Tab. 6. Compared to the 
LSTM model, the CNN-LSTM model and the SSA-CNN-
LSTM model reduce RMSE by 21.93% and 58.71%, MAE 
by 18.26% and 62.94%, and MAPE by 17.72% and 63.29%, 
respectively. From Tab. 8, it can be observed that the 
proposed method in this paper achieves optimal results in 
the comparison of the three evaluation metrics compared 
to other assessment methods. This indicates the superiority 
of the proposed method.  
 

Table 8 Ablation experiment performance comparison 
Model RMSE MAE MAPE 
LSTM 0.8107 0.6938 0.0079 

CNN-LSTM 0.6410 0.5670 0.0065 
SSA-CNN-LSTM 0.3352 0.2573 0.0029 
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Figure 8 LSTM assessment result line chart 
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Figure 9 CNN-LSTM assessment result line chart 
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Figure 10 SSA-CNN-LSTM assessment result line chart 
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Figure 11 LSTM assessment result scatter plot 
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Figure 12 CNN-LSTM assessment result scatter plot 

The evaluation result line charts are shown in Figs. 8, 
9, 10, and the scatter plots are displayed in Figs. 11, 12, 13. 
It can be seen that the assessment curves of the proposed 
method fit well with the real curves, exhibiting smaller 
overall errors and superior assessment results compared to 
other methods. The error comparison chart for the three 
models is illustrated in Fig. 14. 
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Figure 13 SSA-CNN-LSTM assessment result scatter plot 
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Figure 14 Error comparison chart for three models 

 
4.4 Comparative Experiment 
 

To assess the robustness of the model against missing 
values and noise in the input data, robustness evaluation 
experiments were conducted. To highlight the superiority 
of the SSA-CNN-LSTM model, it was compared against 
several commonly used models for multi-source 
heterogeneous data fusion in experimental trials. The 
experimental results, as shown in Tab. 9, demonstrate that 
the fusion accuracy of the SSA-CNN-LSTM model is 
higher compared to MLP, RNN, and CNN-RNN models. 

 
Table 9 Comparative experiment performance comparison 

Model RMSE MAE MAPE 
MLP 0.9183 0.8098 0.0087 
RNN 0.7812 0.7027 0.0071 

CNN-RNN 0.5136 0.4830 0.0055 
SSA-CNN-LSTM 0.3352 0.2573 0.0029 

 
The number of parameters (Params) and floating-point 

operations (FLOPs) are considered important indicators for 
evaluating model complexity. Params represent the 
number of parameters in the model, while FLOPs indicate 
the computational complexity of the model. The 
complexity of the three networks is shown in  Tab. 10. The 
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proposed model exhibits the lowest Params and FLOPs, 
highlighting the effectiveness of its parameter optimization 
functionality. The lower Params and FLOPs also indicate 
that its computational and storage requirements are 
relatively low when dealing with larger-scale data, thus 
effectively adapting to larger datasets. 
 

Table 10 Model complexity comparison 
Model Params (M) Flops (G) 
MLP 22.32 10.29 
RNN 25.98 11.67 

CNN-RNN 28.12 4.23 
SSA-CNN-LSTM 11.74 3.88 

 
4.5 Robustness Experiment 
 

To assess the robustness of the model against missing 
values and noise in the input data, robustness evaluation 
experiments were conducted. The input data was randomly 
augmented with missing values and noise, divided into two 
groups. In the first group, 40 missing values and 80 noise 
data points were added to each of the four sets of inputs, 
with the noise fluctuating within ±20% range of the 
original values. In the second group, 80 missing values and 
160 noise data points were added to each of the four sets of 
inputs, with the noise fluctuating within ±50% range of the 
original values. These two sets of data were separately used 
to evaluate the SSA-CNN-LSTM model, and the 
experimental results are shown in Fig. 15 and Fig. 16. 
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Figure 15 Experiment 1 results for noise 
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Figure 16 Experiment 2 results for noise 

 
The results of the robustness experiment indicate that, 

under the influence of a small to moderate amount of 
missing values and noise, the model can still roughly 
evaluate performance indicators. However, it imposes high 
demands on data quality, as its fusion calculation capability 
relies on the integrity of multiple data sources. Each input 

has an indispensable impact on the results; thus, the 
presence of missing values and noise significantly reduces 
the accuracy of the evaluation results. Similarly, its 
adaptability to changes in data characteristics is relatively 
low; the model may fail when encountering concept drift. 
Therefore, it is necessary to regularly update the training 
model based on the application scenario to adapt to the 
continuously changing data characteristics. 
 
5 CONCLUSION 
 

This paper presents an SSA-CNN-LSTM model for 
the fusion of multi-source heterogeneous data in order 
performance evaluation. The proposed model integrates 
CNN for feature extraction and LSTM for learning data 
feature associations, with SSA employed to optimize the 
model parameters. Experimental results using an order 
dataset from a custom smart mobile devices manufacturer 
demonstrate the superiority of the SSA-CNN-LSTM 
model compared to the LSTM and CNN-LSTM models in 
terms of evaluation accuracy. The proposed model's ability 
to handle complex multidimensional data and achieve 
higher accuracy highlights its potential for improving 
operational efficiency in enterprise performance evaluation 
tasks. However, the study has some limitations, such as the 
need for a larger sample size to fully learn data features and 
the limited types of data considered in the multi-source 
heterogeneous dataset. Future research directions include 
exploring methods to enhance the model's accuracy for 
unknown events, employing more advanced deep learning 
models for sentiment analysis on complex texts, expanding 
the dataset to include higher-dimensional data, and 
optimizing the model structure to reduce training time. 
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