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Abstract. Consumers share their experience of using products and services through
online reviews, which contain their emotional tendencies. And customer churn is the
process of customers’ emotional changes towards products and services from positive to
negative. Positive online comments correspond to low risk of user churn, while negative
online comments correspond to high risk of user churn. Therefore, the risk of customer
churn can be determined through sentiment analysis of users’ online comments. Unlike
the previous approach of studying the influencing factors of customer churn based on user
consumption behavior data to construct a churn prediction index system, this study is
based on online comment information and starts from the perspective of user emotions.
Through word level sentiment analysis technology, the sentiment tendency of comments is
quantified into two categories: positive and negative emotions. Then, BP neural network
is used to model customer churn prediction for user churn prediction. The research
results indicate that the sentiment polarity of comment content is the main indicator for
identifying customer churn, and the method proposed in this paper has high accuracy and
stability. This study provides a new perspective and method for researching customer
churn.
Keywords: customer churn; online comments; BP neural network

1. Introduction. With the rapid development of Internet technology, online shopping
and service platforms have been widely used in the current digital and information era.
Consumers are increasingly sharing their experiences using products and services through
online reviews, which not only influence the purchasing decisions of other potential con-
sumers, but also provide important references for businesses to understand customer needs
and improve product and service quality. However, customer churn remains one of the
main challenges that businesses face in the fierce market competition. Customer churn
usually refers to consumers no longer choosing a certain brand or service provider, but
turning to competitors, which can have a serious impact on the company’s revenue and
market share. Therefore, how to effectively prevent and predict customer churn has be-
come an urgent issue for companies to solve [1,2]. Traditional research on customer churn
prediction is mostly based on user consumption behavior data [3]. By analyzing behavioral
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indicators such as purchase frequency, consumption amount, and usage frequency, pre-
diction models are constructed [4]. However, with the increasing amount of unstructured
data generated by users, especially online comments, user sentiment data has gradually
become an important source for studying customer churn. Online comments often contain
users’ emotional tendencies, that is, their satisfaction or dissatisfaction with the product
or service. Research has shown a significant correlation between changes in user emotions
and customer churn: positive emotional tendencies typically correspond to lower churn
risks, while negative emotional tendencies may indicate higher churn risks. Therefore, by
analyzing the emotional tendencies in online comments, new ideas and methods can be
provided for predicting customer churn. Sentiment analysis techniques, especially word
level sentiment analysis, can deeply explore and quantitatively analyze user comments,
converting their emotional expressions into specific indicators of emotional tendencies. By
identifying positive or negative emotions contained in comments, it is possible to effec-
tively assess changes in users’ attitudes towards products or services, thereby providing a
basis for predicting the risk of customer churn. However, the complexity and challenges
of sentiment analysis technology in practical applications cannot be ignored. User com-
ments usually contain rich language expressions and complex semantic structures. How
to accurately capture and analyze these emotional information is the key to the research
of sentiment analysis technology. This study uses online comments as the main data
source, focusing on the perspective of user emotions. Through word level sentiment anal-
ysis techniques, the emotional tendencies of comments are quantified into two categories:
positive and negative. Subsequently, a BP neural network was used to model customer
churn prediction and construct a model that can accurately predict customer churn risk.
In the process of model construction, the study not only considered the emotional polar-
ity of comment content, but also integrated multiple online comment information such
as comment star rating, likes, replies, etc., to analyze their impact on customer churn.
Through empirical analysis, the research results indicate that emotional polarity in on-
line comments is indeed an important indicator for identifying customer churn, especially
based on variables such as membership level and comment star rating. Emotional polarity
significantly affects the judgment of customer churn risk. A customer churn prediction
method based on online comments is proposed from the perspective of user emotional
expression through sentiment analysis technology. This method is different from tradi-
tional behavioral data analysis, starting directly from users’ emotional changes, providing
a new perspective and technical support for enterprise customer management and churn
prevention. At the same time, this study also laid the foundation for further development
and application of customer churn prediction models based on sentiment analysis, which
has strong practical guidance significance.

1.1. Related work. With the rise of artificial intelligence and the further arrival of the
big data era, many researchers have used various methods to construct different customer
churn prediction models and have achieved some results. Around 95% of big data is made
up of unstructured data, which can be sourced from a variety of locations both within
and outside the company. There is a growing body of research focused on unstructured
data across different fields. Customer churn prediction is crucial in various industries,
and the biggest challenge is to distinguish which customers have a tendency to churn
among many. The primary approaches for studying customer churn at present include
logistic regression, decision trees, random forests, and neural networks. Bahnsen et al.
[5] proposed a sample-based cost sensitivity decision tree model based on cost sensitivity
research. This model has achieved good results in fraud detection, credit scoring, and
market sales datasets. Kasiran et al. [6] predicted the churn of mobile phone users based
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on reinforcement learning algorithms and recurrent neural networks. Kuanchin et al. [7]
demonstrated the effectiveness of the “length, proximity, frequency, monetary value, and
profit” (LRFMP) customer value model in predicting customer churn for a logistics com-
pany. Sharma et al. [8] explored the behavior of users in online social platforms and
some social functions of new users who have not yet created links or small networks in
their research, in order to predict links and consumption preferences, nd introduced novel
direct and latent models to represent link prediction and user consumption preferences
on online social networks. The research team led by NhaLe et al. [9] identified relia-
bility, product quality, and customer understanding as the key factors influencing the
quality of port logistics services in Vietnam, with reliability and responsiveness also play-
ing significant roles. This suggests that customers prioritize a port’s professionalism in
addressing their concerns, particularly its commitment to transportation safety, efficient
customs clearance, and timely delivery or receipt. Additionally, customer satisfaction is
positively correlated with overall service quality, highlighting the importance of strategi-
cally focusing on market share growth in the port logistics sector. All assumptions have
been validated; the following conclusion can be drawn: high-quality service quality paves
the way to customer satisfaction. Therefore, whether for port logistics customers or ordi-
nary logistics customers, high-quality service quality is an important characteristic that
customers need logistics companies to embody the most. Verbeke et al. [10] investigated
the use of social network data to predict customer churn. In response, they developed a
different modeling approach that uses relational learning algorithms to incorporate social
network effects into customer churn prediction scenarios, efficiently handling large-scale
networks, time-sensitive class labels, and imbalanced class distributions. According to
the above research findings, current studies on consumer churn prediction mainly focus
on e-commerce platforms and the operator industry. The evaluation indicators of existing
customer churn prediction methods are not comprehensive, and the churn prediction sys-
tem is not sound. On the basis of existing research, further combining sentiment analysis
of product reviews to achieve customer churn prediction is the main problem that needs
to be addressed in this article. Customers’ online messages and other information can be
used as the main features of customer churn prediction, combined with relevant prediction
methods, to achieve consumer churn prediction.

1.2. Contribution. The above related research work provides a space for in-depth ex-
ploration in this study. The primary contributions of this article include the following:
(1) Innovatively applying sentiment analysis to customer churn prediction: Unlike tradi-
tional customer churn prediction methods based on user consumption behavior data, this
study, for the first time, starts from the perspective of user sentiment and uses emotional
information in online comments to predict customer churn risk. By introducing word level
sentiment analysis techniques, the emotional tendencies of comment content are quanti-
fied into two categories: positive and negative, providing a new perspective and method
for studying customer churn.
(2) Constructing a customer churn prediction model based on BP neural network: This
study uses BP neural network to model the sentiment analysis results of user online com-
ments, and incorporates multiple online comment information such as membership level,
comment star rating, likes, replies, etc. into the model. Compared to traditional statisti-
cal models, BP neural networks have stronger nonlinear fitting capabilities and can more
accurately capture the complex relationship between user emotions and customer churn,
thereby improving the accuracy of customer churn prediction.
(3) Empirical analysis confirms the importance of sentiment polarity in comments: Through
empirical analysis, this study found that sentiment polarity in online comments plays a
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significant role in identifying customer churn. The research results indicate that the
method proposed in this paper has high stability and accuracy.
(4) Enriched the research system of customer churn prediction: This study not only
expands the research framework of customer churn prediction from an emotional per-
spective, but also provides new methods and tools for enterprises to identify potential
high-risk customers in advance through emotional analysis of online comments, and take
effective intervention measures to reduce customer churn rates in practical operations.

2. Theoretical analysis.

2.1. Collection and preprocessing of comment text.

2.1.1. Comment text preprocessing. It was found that JD’s comments have a large amount
of text and rich content, covering various aspects such as products and services. The re-
view includes several parts: overall product evaluation, name, content, time, star rating,
username, location, source, and popular tags. Therefore, some telecom mobile phone
card products of JD MVNO were selected, and their comment information was captured,
including comment content, membership level, star rating, likes, replies and other fields,
with a time span of 2022 10 - 2023. 04, a total of over 10000 items. Although the cor-
pus of CNKI Dictionary is relatively complete, some emerging network terms and non
standardized terms have not been included. It is necessary to add some non standardized
terms related to telecommunications vocabulary, with high frequency of comment text
words, on the basis of CNKI Emotion Dictionary to meet the basic segmentation require-
ments. The added vocabulary includes telecommunications vocabulary such as Pioneer
Card, Mighty Card, Number Segment, Activation, Real Name Authentication, etc. To
improve the accuracy of word segmentation, ICTCLAS is used to segment the comment
text after ignoring stop words.

2.1.2. Text feature selection and sentiment classification. After segmentation, not every
word can be studied as a feature, which results in a high computational load and low
research value for low-frequency words. Therefore, text feature selection is used to reduce
dimensionality. Feature selection requires identifying representative words with strong
relevance to the research content, and removing words with poor relevance. To improve
efficiency, sentiment lexicons can be used to label sentiment words and classify over-
all emotions. The CNKI Dictionary has divided emotional words into two categories:
positive and negative. Positive emotions include liking, satisfaction, and appreciation,
while negative emotions include regret, dissatisfaction, disappointment, and high value.
Simply match the representative emotional words in the comment text with the CNKI
Dictionary as benchmark words. Emotional feature words can reflect the level of cus-
tomer satisfaction with purchasing and using the product, and feature selection can also
facilitate subsequent emotional classification processing after dimensionality reduction.
Emotions can be classified into negative and positive, and a Boolean algorithm is used to
construct an emotion classification model. Each user comment is represented as a docu-
ment dataset D = {d1, d2, d3, . . . , dn}, And the extracted feature items are represented as
a set V = {t1, t2, . . . , tp}. Dataset D is used as the document, and Dataset V is used as
the query, each consisting of a set of words. There are only two possibilities for querying
whether the dataset is in the document: whether it appears or not (represented by 1 or
0).

2.2. BP neural network.
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2.2.1. Basic principles of BP neural network. At the end of the 20th century, Rumelhart
et al. designed an algorithm called backpropagation, also known as BP algorithm. BP
stands for Back Propagation, which means backpropagation [11]. The signal of a neu-
ral network propagates forward, while the error propagates backward, which is its main
characteristic that distinguishes it from other algorithms. The error is compared with
the expected value through backpropagation, and the network is continuously adjusted
when the sum of squares of the error is found to be large. The adjustment method is
generally to change the threshold and weight values of the network. BP neural network
(BPNN) forms mapping relationships between inputs and outputs during the network
creation process, so these mapping relationships cannot be explained before the network
is created. However, the internal structure of the network has already formed a certain
computational program, so data can be input into the network and this mapping relation-
ship can be run to predict other input data [12, 13]. The BP neural network has strong
generality and is innovative in using mathematical methods to derive and implement data
matrix analysis and prediction based on computer science theory [14]. Compared to other
mathematical analysis methods, the BP neural network has a strong ability for nonlin-
ear mapping, making it suitable for analyzing and predicting data sets with nonlinear
relationships. Additionally, neural networks can continuously adjust and optimize the
learned content, making BP neural networks effective for problems with complex internal
mechanisms and uncertain factors [15]. BP neural networks also demonstrate strong fault
tolerance; even when some data points in the training sample contain significant errors,
the training results remain largely unaffected. This is due to the BP neural network’s
self-regulation capability, which independently adjusts the weights and thresholds of the
learning algorithm. As a result, local damage to the BP neural network has minimal im-
pact on overall training outcomes, allowing it to adapt to various simulation environments
[16, 17].

2.2.2. Basic structure of algorithm. The BP neural network demonstrates robust fault
tolerance, ensuring that the training results are minimally impacted even when some
data points in the training sample contain substantial errors, and hidden layer. The
neurons within each level are independent of each other, but they are connected to each
other. The connection method is the edge neurons at the beginning and end of each
level. These neurons constantly change their connection method through weights and
thresholds, resulting in changes in the network’s error [18, 19].

The complexity of the hidden layer affects the neural network’s accuracy. Typically,
as the number of hidden layers and neurons increases, the network’s accuracy improves.
To achieve more accurate predictions, more hidden layers and neurons need to be set.
However, having too many of the two can also bring certain troubles. As the number of
the two increases, the computational load of the neural network will grow exponentially.
Not only will the network run slowly, but it is also prone to overfitting, resulting in
a decrease in the accuracy of the neural network instead of an increase. Therefore, in
general research, the hidden layers are generally set to 1–2 layers [20].

The number of neurons in the hidden layer also impacts the neural network’s accuracy.
While empirical formulas are often used to determine this number, it is not strictly con-
fined to the calculated results and can vary slightly within a small range. The formula is
given below:

nj = +a (1)

where nj represents the number of neurons in the hidden layer; ni and nk rrepresent the
number of indicators in the input and output layers, respectively; a is an integer within
the range of [1, 10], which can be chosen based on the specific circumstances.
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In BP neural networks, the three-layer perception structure is the most widely used.
Kolmogorov’s theorem has demonstrated that a three-layer BP neural network struc-
ture can accurately map the relationship between nonlinear inputs and outputs with any
desired level of precision, which can meet most analytical research purposes [21]. Its
structural diagram is shown in Figure 1.

 

  

  

  

  

  

  

  

  

  

  

  

  

   

   

   

   

   

   

           
            

            

   

   

   

   

Figure 1. Structure diagram of three-layer neural network model

For the three-layer BP neural network, there is a certain transmission relationship and
calculation method between the neurons in each layer. By following this relationship
and method [22], the forward transmission of neural signals is completed. The specific
conversion formula is as follows:

yi = f
(∑

wij xi − θj

)
(2)

where wij is the coefficient conversion value between the input value and the output value,
and θj represents the threshold from the input layer signal to the j-th node of the hidden
layer.

yi = f(neti) (3)

where neti represents the neural network structure formed by the i-th input node.

neti =
∑

wij xi − θj (4)

The calculated output of the output node is:

ok = f
(∑

wij yi − λk

)
(5)

where λk is the threshold from the hidden layer signal to the k-th output node of the
output layer.

ok = f(neti) (6)

neti =
∑

wij yi − λk (7)

The function f in the above two equations is usually referred to as a transformation
function, which generally has the following form:

f(x) =
1

1 + e−x
(8)

f(x) =
1− e−x

1 + e−x
(9)
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To reduce computational complexity and improve model fitting efficiency, the output layer
can use linear functions:

f(x) = kx (10)

When the network’s output signal o differs from the expected output d, an output error
E is generated. The formula for this error is as follows:

E =
1

2
(d− o)2 (11)

2.2.3. Basic functions. (1) Train function. The train function is the fundamental func-
tion for training neural networks and is generally used to train relatively simple neural
networks. Its function is called in the following way:

[trainedNet, tr] = train(net, X, T, Xi, Ai, EW ) (12)

If trainedNet is used to represent a pre trained neural network, then tr records the entire
training process of the network, net represents the neural network to be trained, X and T
represent the input values and target expected values of the matrix, Xi and Ai represent
the conditions and output conditions required for matrix initialization, and EW represents
the error weight. In neural networks, the train function can automatically match the
error weights to the target matrix T . In use, the weights of any dimension of T can be
defined according to the actual needs of the research problem, in order to distinguish the
importance of the target values. The default value of error weight EW is 1. If EW = 1,
it means that all target values have the same importance.

(2) Sim function. The SIM function is used to simulate neural networks, which can
use pre trained neural networks to simulate and calculate a certain input matrix, out-
put the predicted data of the input matrix, and achieve subsequent prediction accuracy
calculation. Its function form is expressed as:

y = sim(net, x) (13)

If y represents the predicted data generated by the neural network through computation,
then in the sim function, x represents the input data of the target object that needs to
be predicted, and net represents the neural network that has been trained before.

(3) Mapminmax function. The mapminmax function is used to standardize the input
data matrix, that is, to standardize each row of data in the matrix to [−1, 1], so that
all input indicators are converted into a data matrix with consistent dimensions, and the
data is unified into analyzable standards. Its function form is:

[Y, PS] = mapminmax(X, Ymin, Ymax) (14)

where Y is the standardized data matrix, X is the original matrix, and Ymin and Ymax are
the minimum and maximum values of each row of the standardized Y matrix, respectively.
They are the control parameters for storing the standardized values. The general formula
for this function is:

Y = (Ymin − Ymax) ·
X −Xmin

Xmax −Xmin

+ Ymin (15)

In practical applications, this function has two other expressions:

Y = mapminmax(’apply’, X, PS) (16)

X = mapminmax(’reverse’, Y, PS) (17)

The former can obtain the standardized Y matrix under the given conditions of X matrix
and control parameters, which is a function form of forward standardized data processing;
The latter can restore the physical true values of the X matrix given the standardized Y
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matrix and control parameter PS, that is, inverse normalization processing. Both forms
will be used in the prediction model.

3. Customer churn prediction model based on BP neural network. Neural net-
works typically consist of input layers, output layers, and hidden layers. If the desired
output is not reached, it indicates a difference between the actual output and the expected
value. Then, the error path is returned, and the weights of each layer of neurons are con-
tinuously modified to minimize the error. Increasing the number of layers can reduce
errors, but it will increase training time and complexity. Therefore, this article utilizes a
three-layer BP neural network to build a consumer churn prediction model. This article
opts to develop a 3-layer neural network model with j neurons in the input layer (where
j = 1, 2, . . . ,m). For the design of the hidden layer, the following empirical formula is
used to determine the number of hidden layer neurons:

l = +a (18)

where I represents the number of neurons in the input layer, O signifies the number of
neurons in the output layer, and a is a constant that falls within the range of [1, 10].

Initialize network weights, randomly initialize wih, wha, bh, ba, with a range of values
within the interval [−1, 1], and define the error function as:

E =
1

2

q∑
o=1

(
d(k)o − y(k)o

)2
(19)

Randomly select the output vector x(k) and the corresponding expected output d(k) for
the k-th sample to compute the output hh

i (k) of each neuron in the hidden layer. Then,
use the input and the Sigmoid activation function to determine the output hh

o(k) of the
hidden layer neurons:

hh
i (k) =

∑
i

wih x
(k)
i − bh (20)

hh
o(k) = f

(
hh
i (k)

)
(21)

yoi (k) =
∑
h

who h
h
o(k)− bo (22)

yoo(k) = yoi (k) (23)

Calculate the partial derivative of the error function for each neuron in the output layer
using the actual output yoo(k) and the expected output vector d(k):

δo(k) =
(
do(k)− yoo(k)

)
yoo(k)

(
1− yoo(k)

)
(24)

Calculate the partial derivative of the error function for each neuron in the hidden layer
using the connection weights who(k), δo(k), and hh

o(k) from the hidden layer to the output
layer:

δh(k) =

[
q∑

o=1

δo(k)who

]
ho
h(k)

(
1− ho

h(k)
)

(25)

The output layer neuron bias δo(k) and hidden layer neuron output hh
o(k) are used to

modify the weight who(k) and threshold bo(k):

wN+1
ho (k) = wN

ho(k)− η mt (26)

bN+1
o (k) = bNo (k)− η mt (27)

where N is before adjustment, N + 1 is after adjustment, η is learning efficiency, with
a value range of (0, 1), mt = mt

1−βt , Vt = Vt

1−βt are the first time mean and second time
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variance of the gradient, respectively, and λ = 10−8. Adjust the connection weights and
thresholds by utilizing the partial derivatives of each neuron in hidden layer δh(k) along
with the inputs from each neuron in input layer xi(k):

wN+1
ih (k) = wN

ih(k)− η mt xi(k) (28)

bN+1
h (k) = bNh (k)− η mt (29)

Finally, calculate the global error:

E =
1

2

m∑
k=1

q∑
o=1

(
d(k)o − y(k)o

)2
(30)

Determine whether the global error fluctuates within a small range between two training
sessions, that is, whether the global error remains anchored within a small range. If
this condition is not met, loop the training process. Otherwise, end the current training
session. And output the expected results of the dataset together with the actual predicted
values. If the actual error is greater than the error function value, it indicates that the
customer is a potential churn customer. Based on this judgment condition, output the
potential churn customer matrix:

Churn


yo1(1) yo1(2) ... yo1(s)
yo2(1) yo1(2) ... yo1(s)
... ... ... ...

yoo(1) yoo(2) ... yoo(s)

 (31)

where s = 1, 2, . . . , s, s ≤ k represents the predicted potential number of lost customers.

4. Experimental results and analysis.

4.1. Data preparation. The data is sourced from 2022.10 - 2023.10 Online comments
from JD operator mobile card users, with comment star rating, membership level, and
number of likes as input layer variables, and sentiment classification Boolean values of
comment content as output layer variables. Data preprocessing includes deleting samples
with missing values and removing duplicate data. Divide the modeling data into two
mutually exclusive datasets with the same distribution. The output variables include
comment star rating, membership level, and number of likes. Comment star rating A1
and membership level A2 are divided into 5 levels, represented by values from 1 to 5.
The number of likes A3 is represented by a Boolean value, with likes being 1 and likes
being 0. The output variable is represented as an emotional Boolean value, with positive
being 1 and negative being 0. Determine the optimal range for the number of hidden
layer nodes as [2, 12], and use the trial-and-error method to identify the best number.
Start by splitting the data into training, validation, and test sets with ratios of 70%,
15%, and 15%, respectively. Validation and testing set; Secondly, a BP neural network is
constructed using newf, where the transfer functions for the hidden layer and output layer
are purelin and tansig, respectively; Network training and value learning are trainlm and
tranlm, respectively; The maximum training frequency, initial learning rate, and training
target accuracy are set to 1000 and 0, respectively 1. 0.001. From the above process,
the preprocessed data and basic neural network structure are obtained. After multiple
network trainings, when the input layer has 4 neurons and the hidden layer contains 10
nodes, the model achieves the best performance with a shorter training time.
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4.2. Experimental analysis. After the experiment, 8 sets of prediction results were
obtained, and the analysis of the prediction results is shown in Table 1:

Table 1. The prediction results

Number Actual value Predicive value Absolute error/%
1 1 0.9999 0.01
2 1 0.7780 7.02
3 0 0.0646 6.46
4 1 0.9995 0.05
5 0 0.0621 6.61
6 0 0.0170 1.07
7 0 0.0532 5.32
8 0 0.0178 1.78

To further validate the accuracy of the method proposed in this paper, two represen-
tative algorithms, MPBP and Gray BP, were selected for comparison. The classic BP
neural network algorithm was used to compare the prediction accuracy in the same sam-
ple space through simulation experiments. MPBP introduced the concept of meta path
and established supervised link prediction through meta nodes. Gray BP utilizes BP
neural network to compensate for the shortcomings of grey prediction models in terms of
time complexity and non-linear data types. This article uses two indicators, accuracy and
mean square deviation, to compare the method proposed in this article with the classical
BP neural network algorithm. In the following mean square deviation formula, represents
the predicted value, while represents the actual value. The comparison of accuracy and
MSE line chart results between the two methods is shown in Figure 2 and Figure 3:

 

Figure 2. Line chart comparing prediction accuracy
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Figure 3. Comparison chart of test set mean square deviation results

Figure 2 and Figure 3 demonstrate that, in terms of overall performance for predicting
large datasets, the method proposed in this paper outperforms traditional BP neural
network approaches, particularly when the data volume exceeds 10,000. The accuracy of
the VPRS Adam BP method is notably higher than that of the traditional BP neural
network, with prediction accuracy nearing 1. At the same time, as the data volume
increases, the accuracy of the VPRS Adam BP method still maintains relatively high
quality prediction, which demonstrates the effectiveness of the algorithm. On the mean
square error comparison chart of the test set, it can be seen that the mean square error
of VPRS Adam BP is always at a low level, whether it is a small amount of data or a
gradually increasing amount of data, and the line is relatively smooth, which indicates the
robustness of the algorithm. In summary, this article verifies the performance of the VPRS
Adam BP method in terms of accuracy and effectiveness through simulation experiments.
At the same time, based on the prediction result table and simulation experiment graph,
the method proposed in this article is more robust and stable in handling large amounts
of dynamic data streams.

5. Conclusion. In this study, the risk of customer churn was predicted by analyzing the
emotional tendencies of consumers in online reviews. Research differs from traditional
methods of constructing churn prediction models based on user consumption behavior
data, innovatively incorporating sentiment analysis of online comments as an important
indicator for determining customer churn. The study uses word level sentiment analysis
technology to quantify the emotional tendencies of comments into two categories: positive
and negative emotions, and integrates the BP neural network to create a customer churn
prediction model. The findings suggest that the proposed method demonstrates high
stability and accuracy. This research offers a novel approach for businesses to anticipate
customer churn.
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