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ABSTRACT 
Accurately capturing the behavioral factors of different types of customer groups and adopting 
targeted service strategies is the key to business competition in the hotel industry. In this paper, we 
combine the variance Boston matrix and PSO-based K-means algorithm to achieve hotel customer 
attribute segmentation based on customer behavior, customer value and word-of-mouth reliability, 
and then use deep learning algorithms to construct a hotel customer behavior prediction model. The 
feature fusion layer and SENet are incorporated into the residual network in order to utilize the feature 
expression ability of different layers and the spatial coding ability between different channels to 
enhance the hotel customer behavior predictive ability. Downloading the public dataset from the 
online wine travel platform for example analysis, it is found that the classification of this paper's 
algorithm before customer segmentation has a correct rate of 83.75%, which is higher than the rest of 
the baseline models. After customer segmentation this paper's algorithm achieves the highest recall 
rate in all customer categories, and the recall rate is as high as 84% on category 1 customer groups, 
and the superiority of the designed algorithm is verified. This study facilitates hotel management to 
target customer service and retention according to different customer groups. 

Keywords: boston matrix, PSO, K-means, SENet, hotel customer behavior 
 

1. Introduction 

The hotel industry is one of the fastest growing industries, and its competitiveness is increasing. In 
this competitive environment, hoteliers want to attract more customers, improve customer 
satisfaction, and establish stable customer loyalty, so as to increase the sales and profitability of the 
hotel [1-4]. Hotel customer behavior is an indicator closely related to customer relationship, which can 
help hoteliers predict customer consumption behavior and develop corresponding business strategies 
[5-8].  
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Deep learning technology is one of the most widely used and effective techniques in the field of 
artificial intelligence. It adopts multi-layer neural network model for training, and realizes automatic 
analysis and prediction of data by continuously optimizing the weight parameters [9-11]. In the 
business field, deep learning technology is applied to marketing, customer behavior analysis, product 
recommendation and so on. Among them, customer behavior prediction is one of the important 
applications of deep learning technology [12-13]. By making full use of the Internet large-scale data 
and multi-source data, and combining deep learning technology for modeling and predictive analysis, 
it can help hotels better understand the changing law of customer behavior and provide scientific basis 
for related decision-making [14-16]. Customer behavior prediction is a key task in the process of hotel 
operation, through the analysis and prediction of customer consumption behavior, hotels can better 
develop marketing strategies and improve hotel performance [17-18]. 

Literature [19] uses random forest and logistic regression supervised machine learning algorithms 
based on frequency, RFM paradigm to predict hotel customer churn behavior. The results show that 
the random forest algorithm exhibits high prediction performance, and the research results have some 
reference value for hotel practitioners. Literature [20] aims to provide a predictive framework for 
customer churn through multiple stages so that churn can be accurately predicted and prevented. It is 
emphasized that the proposed model has a good performance in customer churn prediction, and it is 
pointed out that the enhancement model reflects more significant advantages in prediction. Literature 
[21] utilizes LSTMs to predict hotel occupancy rates based on online review texts. The results of review 
data collection and prediction comparison of multiple models show that. LSTMs outperforms other 
models in terms of prediction accuracy. It is emphasized that LSTMs are a feasible method to predict 
hotel occupancy. Literature [22] utilizes CRISP-DM technique and incorporates classification 
algorithms such as Random Forest. Based on the hotel booking dataset from systems such as 
C3Rewards, features such as merchantsaTM customer behavior, interests, etc. are investigated. Finally 
the accuracy of various algorithms in the experiment is presented. Literature [23] investigates 
customers' hotel revisit behavior based on customer review data. Customer data from online hotel 
bookings were analyzed and user feedback comments were sentiment analyzed. The results showed 
that there were differences in the content and sentiment of one-time visitors' and revisitors' feedback. 
Literature [24] utilizes machine learning techniques such as decision trees and analyzes the 
characteristics of customers in combination with their purchase records, and selects models with a 
high degree of promotion through promotion graphs in order to achieve precision marketing. The 
results show that decision trees have relatively better prediction effect with higher degree of 
promotion. 

This paper is based on the Boston matrix theory, combined with the improved K-means algorithm 
based on customer value, customer behavior and word-of-mouth reliability to construct a hotel 
customer segmentation model of the Boston matrix. After pre-processing the data, the influencing 
factors are dimensionalized using principal component analysis. On this basis, the three first-level 
indicators of customer value, customer behavior and word-of-mouth reliability are combined with the 
Boston matrix to construct a three-dimensional variance Boston matrix, and the improved K-means 
algorithm with PSO is used to cluster the customer segmentation method, which integrates multi-level 
features and SENet to achieve accurate prediction of hotel customer behavior. 

2. Method 

2.1. Hotel Customer Segmentation Model Construction Based on Variational Boston Matrix 

2.1.1. Three-dimensional stereo model construction based on the variational Boston matrix. The 
Boston Matrix is one of the most commonly used methods for product strategy combination, and this 
type of method is useful for the action and strategy selection of enterprises and the allocation of 
resources. In order to ϐind out whether there are valuable customers that are worth recovering 
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strategically, valuable customers can be recovered by utilizing this analytical principle, treating 
customers as products of the Boston Matrix, and managing the customer segmentation portfolio. 
Customer value and customer behavior as the basis for measurement of two factors, so as to form the 
Boston matrix based on customer value and customer behavior as shown in Figure 1. 
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Fig. 1. Boston matrix based on capacity value and customer behavior 

Under the orientation of word-of-mouth reliability, the Boston matrix based on customer value and 
customer behavior is converted into a three-dimensional three-dimensional model, and the three first-
level indexes of customer value, customer behavior, and word-of-mouth reliability are used as three-
dimensional axes to construct the three-dimensional variant Boston matrix in the variant Boston 
matrix [25]. On the basis of the original Boston matrix combined with Figure 1 to construct a three-
dimensional variant Boston matrix, specifically shown in Figure 2. 
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Fig. 2. 3D variation Boston matrix 

2.1.2. K-means based hotel customer segmentation. K-Means clustering algorithm is one of the most 
widely used clustering algorithms currently, also known as K-means clustering algorithm.The basic 
idea of K-Means algorithm is: ϐirstly, to ϐind K clustering centers in the data set, and then divide the 
data set into K subsets, use the distance formula to ϐind the distance from each subset to each 
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clustering center, and at the same time to make the sum of squares of distances from each subset to 
clustering center Minimize. The original dataset is classiϐied by ϐinding the optimal cluster center 
through a loop to get the optimal clustering. The distance formula used in this study is the Euclidean 
distance, and the formula is as follows: 

 2

1

( , ) ( )
d

i j ik jk
k

d x x x x


   (1) 

where  k  is the number of cluster centers of clusters, d  is the number of variables contained in the 
data set, ( , )i jd x x  represents the distance of similarity between two samples ix  and jx , the larger 

the Euclidean distance between two samples, the more similar the two samples are; the smaller the 
Euclidean distance between two samples, the less similar the two samples are; the steps of K-Means 
are elaborated as follows: 

Step 1: First determine a value of K, i.e., you wish to put the data set through the clustering algorithm 
to get K sets. Then K data points are arbitrarily selected from the feature space as the original 
clustering centers, called the centers of mass. 

Step 2: On the dataset, the distance of each attribute point from each center of mass is calculated 
and each attribute value is assigned to the center of mass with the smallest distance, respectively. 

Step 3: The data set corresponding to each center of mass is obtained, which is a total of K sets to 
complete the first round of clustering. 

Step 4: After each round of clustering, the center of mass of each collection is recalculated and the 
clustering center is updated according to the set method. Afterwards, the clusters are re-clustered 
according to the updated center of mass, resulting in a new set of data, and the center of mass is 
updated again. This process is repeated until the updated center of mass position is not changed much 
and tends to be stable, then the clustering is completed, and finally a K categories with the latest center 
of mass as the center point are obtained. 

2.2. Improved K-means algorithm for hotel customer segmentation 

2.2.1. Principles of Particle Swarm Algorithm. Kennedy and Eberhart observed the behavioral 
patterns of bird ϐlocks searching for food and proposed the particle swarm (PSO) algorithm. Each 
particle in the swarm searches for the solution of the problem by simulating the behavior of the bird 
ϐlock searching for food, and each particle optimizes the direction of searching through its own 
searched optimal position (pbest) and other particles searched optimal position (gbest), i.e., updating 
its own speed and position towards the globally optimal solution through Eqs. (1) and (2), and 
continuously improves the ϐitness value of the objective function of each member. value to ϐind the 
ϐinal objective through many selected generations. This algorithm is widely used because of its 
excellent performance in various optimization problems. 

 
1

2
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   
 (2) 

 ( 1) ( ) ( 1)i i ix t x t v t     (3) 

where: 1,2, ,i N  , N  is the total number of particles iv  is the velocity of the particle, ix  is the 
current position of the particle; ()rand  is a random number between (0, 1), and 1 2c c  is the learning 
factor. 

2.2.2. Optimized K-means algorithm. In this paper, based on the advantage of high computational 
efϐiciency of Kmeans algorithm, combining two methods to optimize the two defects mentioned above, 
an improved K-means clustering scheme is proposed. Firstly, the validity metric in the relative metric 
is used to cross-validate the K  -value to select the optimal K  -value [26]. Secondly, the PSO 
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algorithm is used to select the optimal initial center point of clustering, and then K-means is used for 
clustering to ensure the effectiveness of the clustering algorithm. 

1) Effectiveness metrics for selecting the value of K. The validity indicator used in this paper to select 
the value of K  is deϐined as follows: ( ) , ( ) ( )SD C a xScat C Dis C  . This is an aggregation indicator, 
a   is a weight adjustment factor used to balance between the leveling dispersion of the clusters 

( )Scat C  and the overall separation between the clusters ( )Dis C , and the dispersion and separation 
are deϐined as follows: 
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where max

min

D

D
 denotes the ratio of the maximum and minimum distances in C ; ( )C  denotes the 

standard deviation of the data items; ( )kC   denotes the standard deviation of cluster kC  ; kN  
denotes the number of samples divided into kC   clusters; and 1( , )kd     denotes the Euclidean 

distance between 1,k  . 

In the definition of the validity index, ( )Scat C  indicates the degree of closeness between clusters, 
and its value is inversely proportional to the degree of closeness within clusters. ( )Dis C  measures 
the degree of separation between clusters, which is affected by the clustering center of clusters and is 
proportional to the number of clusters; Let    take    as the starting point and 0.5 as the step 
change, calculate the value of cluster validity index of 4.5.6.7.8K   according to the above validity 
index, and conclude that the average validity index of 0.5   is the smallest. 

2) Adaptation degree. In the improved algorithm, the PSO ϐitness is calculated using the basic idea of 
Kmeans division, where each sample is divided into initial step classes according to the nearest 
neighbor law, and then the ϐitness value is calculated for each sample under that division. The nearest 
neighbor law is deϐined as follows: 

If ,iX j  satisfies || || min || ||j j i kX Z X Z   , then iX  belongs to category j . The fitness function 

is as follows: 

 
1

1
( )

( , )
i ij

i k

i ij
i x c

f z
d x c

  



   (6) 

Equation (5) is a commonly used fitness function in PSO algorithms that measures the sum of intra-
cluster distances under this division. However, better clustering results need to take into account both 
smaller intra-cluster distances and larger inter-cluster distances, which makes the strategy of 
considering only intra-cluster distances insufficient. Therefore, in this paper, we choose the following 
fitness function proposed by Shachuf et al: 

 1 min 2 max( ) ( ) ( )i i if z w d Z w d z   (7) 

Among them: 
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| |ijC  The sample size of the class ijC  being divided, max ( )id Z  can be approximated to measure 

iz   the intra-cluster distance. min ( ) min{ ( , )}( , , )i il ipd Z d c c l p l p     measures the inter-cluster 

distance under that division. 1W   and 2W   are the weights that balance the importance of the two 
components, and when the appropriate weights are obtained, the minimum value of f  balances the 
categorization scheme in satisfying the two criteria of small intraclass distances and large interclass 
distances. 

2.3. Customer behavior prediction model based on IResNet 

2.3.1. IResNet modeling ideas. Based on ResNet, this study proposes IResNet (IResNet), a customer 
behavior prediction model that incorporates multi-layer features and SENet, to enhance the 
recognition of customer behavior. In ResNet, the nonlinear expressive ability of the network improves 
with the superposition of layers, while its unique residual structure can effectively avoid the 
performance degradation problem caused by the deep network. However, it has been found that the 
ResNet model, after multiple convolutional operations, obtains advanced feature expression while 
losing some detail information, and it tends to use only the last layer of extracted features as the input 
to the classiϐication function, and the loss of shallow features affects the prediction performance of the 
model. Therefore, in this paper, we use the principle of convolutional neural network in image 
processing, i.e., using high-level features and low-level features separately to obtain richer ennobling 
and detail information, and fusing the multi-layer features output from each residual block of ResNet 
to make full use of each layer will be characterized, so as to make the extracted feature maps express 
richer information, which can then be better mapped to the customer's behavior. 

At the same time, in order to prevent redundant features from interfering with the prediction ability 
of the model, this study takes advantage of the idea of the attention mechanism of SENet to focus on 
the important information of the channels with high weights and filter the redundant channel 
information with low weights, respectively, so as to enable the model to achieve a better classification 
effect in terms of enhancing the spatial coding ability of the model.The working principle of SENet is 
to obtain the channel statistical information of the network through the global average pooling SENet 
works by obtaining the channel statistical information of the network through global average pooling, 
and using two nonlinear fully-connected layers to perform gate mechanism operations on the obtained 
channel statistical information in order to compute the degree of dependence of the model on each 
channel, so as to adjust each channel value according to the difference of the weight value. Where ⊗ 
denotes the element corresponding to the multiplication Reductionratio is the rate of descent, which 
aims to reduce the number of parameters [27]. 

The channel weighting formula is shown in equation (9): 

    2 1( ( ))W D D GAP x   (9) 

Finally, in this paper, the fused features are subjected to Global Average Pooling (GAP), i.e., the 
average of all pixels in each channel is calculated. The purpose is to reduce the model complexity while 
also effectively integrating the spatial information in order to further improve the prediction 
performance of the model. 

In summary, the IResNet model proposed in this study has the following advantages: first, using 
ResNet as the base model can avoid network performance degradation while the depth is sufficiently 
large, and has stronger feature extraction capability, which in turn improves the model performance; 
second, by fusing the features of ResNet at each level, it can make the information expression richer, 
which in turn effectively reduces the customer behavior recognition Third, before feature fusion, the 
dependency relationship between channels is modeled by integrating the output vectors of each level 
of ResNet into SENet, which suppresses invalid channel features and enhances the expression ability 
of effective channel features; fourth, global average pooling is used at the end of the model, which can 
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effectively reduce the model parameters, reduce the amount of network computation and complexity, 
prevent the model from fitting, and thus enhance the generalization ability of the model. 

2.3.2. IResNet model construction. Based on the above ideas, this study constructs the IResNet 
customer behavior prediction model to binary classify the borrower's default and advance prediction 
respectively, and the overall framework of this model is shown in Figure 3. 
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Fig. 3. Frame diagram of the model 

When predicting whether a hotel guest will default, y can be expressed as: 
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 (10) 

When predicting whether advancement of hotel guests will occur, y can be expressed as: 
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1
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
 


 (11) 

First, the features of each layer are extracted on the basis of the original ResNet, and the output 
features after each residual block are input to the transition layer. The transition layer consists of a 
pooling layer and a convolution layer, which first performs maximum pooling to reduce the number of 
parameters, and then undergoes 1×1 convolution to change the number of channels and increase the 
feature expression ability; second, SENet is incorporated into the feature vector after mapping in the 
transition layer in order to obtain the weights of all the channels of each residual block, and then 
adaptively adjusts the feature response value of each channel; and then the output features of each 
residual block, which obtains the channel weights, are merged into the feature fusion layer, and the 
feature fusion layer indicates the pairwise vector splicing. Then, the output features of each residual 
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block with obtained channel weights are merged into the feature fusion layer, and the feature fusion 
layer indicates the pairwise vector splicing. At the same time, in order to reduce the number of 
parameters, the fused features are pooled with global average. Finally, the customer behavior is output 
using softmax classifier: 

 max( ( ))y soft GAP o  (12) 

 1 2 3 4o o o o o     (13) 

In Eq. (13), io   is the output feature after the i nd residual block, transition layer and attention 
mechanism processing, and the expression is shown in (14): 

   4( , 2 )ii io SE C P x   (14) 

where 4( , 2 )iiP x   represents the maximum pooling operation with step 42 i  for the output feature 

map ix   of the i nd residual block, C   for the 1 1   convolution, and SE   for the process of 
multiplying the individual channels by the weight values computed according to SENet. 

3. Hotel customer behavior prediction results and analysis 

3.1. Sample data sources and descriptions 

All customer statistics in this study come from a public dataset containing user behavior data from the 
Ctrip platform for one week during July 2023, the data has been desensitized to protect customer 
privacy, but it does not affect the analysis of the issue. The dataset contains a total of 831054 data and 
50 variables, and the specific meaning of each variable is shown in Table 1. By observing the meanings 
of all variables, it can be seen that label is the target variable in this dataset, which represents the 
customer's situation. 
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Table 1. Variable meaning 

N Variable field Variable interpretation N Variable field Variable interpretation 
1 sampleid Sample id 27 firstorder _ bu First bu 

2 label Target variable 28 
customereval _ 

pre2 
The 24-hour history of hotel 

customers scoring mean 

3 d Date of visit 29 delta _ price2 
The user preferences price -24 hours 

for the hotel average price 

4 arrival Date of check-in 30 
commentnums 

_ pre 
The number of hotel reviews is most 

visited in 24 hours 

5 iforderpv _ 24h Fill in the page in 24 hours 31 
customer _ 

value _ profit 
Customer value _ nearly 1 year 

6 
decisionhabit _ 

user 
Decision habits: use users to 

observe decision-making habits 
32 

commentnums 
_ pre2 

The 24-hour history of the hotel 
reviews the mean 

7 
historyvisit _ 
7ordernum 

Nearly 7 days of user history 
booking 

33 
cancelrate _ 

pre 
The number of hotels has been 

accessed in 24 hours 

8 
historyvisit _ 

totalordernum 
Nearly 1 year user history 

booking 
34 

novoters _ 
pre2 

The 24-hour history of the hotel 
scores mean 

9 hotelcr Current hotel history cr 35 novoters _ pre 
The number of hotel scores is the 

highest number of hotels in 24 hours 

10 
ordercanceledpr

ecent 
The user cancels the order rate 

within a year 
36 ctrip _ profits Customer value 

11 landhalfhours Time in 24 hours 37 
deltaprice _ 

pre2 _ t1 
Within 24 hours, the price of the hotel 

and the price of the difference,T+ 1 

12 
ordercannceledn

um 
The user cancels orders within a 

year 
38 

lowestprice _ 
pre 

The lowest price is allowed in 24 
hours 

13 commentnums Current hotel reviews 39 uv _ pre 24 hours of historical browsing 

14 starprefer Star preference 40 uv _ pre2 
The 24-hour history of the hotel's 

historical uv mean 

15 novoters Current hotel scores 41 
lowestprice _ 

pre2 
The lowest mean of the hotel has 

been visited within 24 hours 

16 
consuming _ 

capacity 
Consumption index 42 

lasthtlorderga
p 

The last time of the year 

17 
historyvisit _ 
avghotelnum 

The number of visitors to the 
hotel in nearly three months 

43 
businessrate _ 

pre2 

Within 24 hours, the business 
properties index mean of the hotel 

has been accessed 

18 cancelrate 
Current hotel history 

cancellation rate 
44 cityuvs 

Yesterday visited the current city with 
the application uv number of the 

check-in date 

19 
historyvisit _ 

visit _ 
detailpagenum 

Visit the hotel details of the hotel 
in 7 days 

45 cityorders 
Yesterday submitted the application 
of the current city to the date of the 

check-in date 

20 delta _ price1 
Customer preferences price -24 

hours for the maximum hotel 
price 

46 lastpvgap The last time we visited 

21 price _ sensitive Price index 47 cr User conversion rate 

22 hoteluv Current hotel history uv 48 sid 
Session id,sid= 1 can be considered a 

new visit 

23 
businessrate _ 

pre 

24 hours of historical browsing 
number of hotel business 

properties index 
49 

visitnum _ 
oneyear 

Annual access times 

24 
ordernum _ 

oneyear 
User year order 50 h Access time point 

25 cr _ pre 
The 24 hour history of the hotel 

history cr  
 

26 avgprice Average price  



9006 XI ET AL. 

 

3.2. Description of indicators 

An analysis of the metrics reveals that after removing the id and label, the remaining metrics can be 
roughly divided into two categories: customer behavior metrics, and hotel-related metrics to 
correspond to the reasons for customer behavior. 

3.2.1. Customer behavior indicators. The Customer Behavior metrics include 26 variables that 
primarily reϐlect the hotel's historical customer spending. Some of these variables are derived from 
other metrics used by the hotel in its daily customer management to reduce the dimensionality of the 
dataset. For example, the spending power index is derived by analyzing the customer's historical order 
data, the single consumption amount and the total amount of the orders transacted compared to all 
customers of the same kind to give different weights to add up, and the same is also the price sensitivity 
index, the user conversion rate and so on. 

3.2.2. Hotel-related indicators. Hotel-related indicators include 23 variables. It mainly focuses on 
hotels, through customers' ratings, number of visits, popularity value, etc. Hotel booking, as one of the 
main products of Ctrip.com, allows customers to score each hotel they have stayed at after the order 
is completed, mainly based on the quality of hotel services. The average of all the customers' scores on 
the hotels is averaged to get a rating average, generally speaking, the higher the rating average, the 
higher the customers' satisfaction with the hotel, and the customers will be inclined to book the hotel. 
Conversely, the lower the mean value of customer ratings for a hotel, the higher the probability that 
customers will book from that site. 

3.2.3. Data pre-processing. Due to the large amount of data in this dataset and the presence of 
missing values in some of the data, as well as possible outliers in human data collection, preprocessing 
of the original dataset is essential. After careful observation, the following data preprocessing steps 
were roughly required in order to make the dataset meet the requirements of the study: ϐilling of 
missing values, derivation of new variables, correction of outliers, and normalization. The processing 
of the dataset mainly relies on sklearn in python, and the data available for the constructed model is 
obtained after scientiϐic and reasonable processing. 

1) Statistical descriptive analysis of data. First of all, the original dataset is read into python software, 
the toolkit used is numpy and pandas, these two toolkits are the mainstream toolkit for the current 
data analysis process, with the advantages of fast analysis speed and beautiful output results. For 
example, to do descriptive statistics on all variables the results are shown in Table 2, observe the 
average value, extreme value, quartiles, etc., you can ϐind that the data set exists in the character type 
of data, the data cleaning process needs to change the data type. 

Table 2. Descriptive statistics of some variables 

 
samplei

d 

lowestprice_pre

2 

lasthtlorderga

p 

businessrate_pre

2 
cityuvs cityorders 

lastpvga

p 

Nonnull value 703800 673877 456788 615019.2 
695919.4

8 

664288.2

6 
604674 

mean 641580 325 103868 0.3756 10.8612 2.2983 12290 

Standard 

deviation 
423300 359 125240 0.2243 16.0106 3.6092 26113 

Minimum value 25092 1 0 0 0.0071 0.0071 0 

25% quantile 318240 148 15299 0.1734 0.8435 0.1295 562 

50% quantile 612000 238 47828 0.408 3.5975 0.6395 2905 

75% 904740 396 141732 0.561 13.5935 2.8019 10941 
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Maximum value 2284800 44574 537567 1.0098 68.4828 14.7971 198274 

2) Missing value ϐilling and handling of abnormal values. Taking into account the date of visit (d), the 
date of stay (rival) is a character type type and has no practical meaning, is not suitable for subsequent 
modeling, it can be derived from the new variable advance booking = check-in time - visit time, so that 
after the transformation of the new variable has a strong information value. 

A total of 6 columns in the dataset have negative values, in which there is no abnormality in the 
negative value of the average value of the price of the visited hotels and the price difference between 
the opponents within 24 hours, and the negative value of the remaining 5 columns should be an input 
error in data collection, respectively, for the value of the customer, the customer value of the last year, 
the user's preference for the price of the most hotels viewed in the last 1 year, the price of the hotel 
with the most users preferred price -24 hours browsing, the average price of the hotel with the user's 
preferred price -24 hours browsing, the lowest price of hotels can be booked for that year. After 
referring to the relevant knowledge in the field of hotel operation, customer value refers to the size of 
the profit contributed by the customer for the enterprise, so the negative value of 
customer_value_profit, ctrip_profits two variables in the dataset is replaced by 0, and delta_price1, 
delta_price2, lowestprice three hotel price related variables are treated as median. 

3) Correlation test. By observing the names and meanings of the variables, it is easy to ϐind that there 
should be multicollinearity between these characteristic variables, the correlation coefϐicients 
between the variables should be found out, and according to the size of the correlation coefϐicients, 
some of the variables that have a high degree of correlation should be excluded. The correlation 
coefϐicients of the data variables are shown in Fig. 4, due to the fact that too many variables will make 
the picture look crowded, so only part of the correlation coefϐicients of the variables are put out in the 
ϐigure, in order to display the results more intuitively, the correlation coefϐicient graph is gradient 
processed, the darker the color in the graph that is, the bigger the correlation coefϐicient of the two 
variables is, and if the color is lighter, then the correlation coefϐicient between the variables is smaller 
as well. In statistics, if the Spearman's correlation coefϐicient between the variables is in the range of 
0.8 to 1, then it can be said that the two variables are highly correlated. The highest correlation 
coefϐicient of the variables is 0.72, which is within the permissible range. 

 

Fig. 4. Partial variable correlation coefϐicient 
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3.3. Hotel Customer Behavior Segmentation Model Construction 

Using Means-K cluster analysis method, according to the selected 22 data indicators for clustering, 
according to the inflection point method to determine the K value to take 3 or 4 can be, and combined 
with the practical significance of this paper according to the customer value of the segmentation, and 
ultimately determined that K = 3, that is, clustered into 3 classes, each class of customer groups first 
with label 0, label 1, label 2, said. Among them, there are 241568 labels 0, accounting for 34.9%, 
132079 labels 1, accounting for 19.08%, and 318372 labels 2, accounting for 46%.The relationship 
between the change of K value and SSE is shown in Figure 5. 

Customer segmentation is to subdivide customers with the same value characteristics into the same 
category, which is able to divide customers into different categories, but the judgment of the high and 
low value of customers in different categories is limited, so it is necessary to further judge the value of 
each category of customers. After customer segmentation based on Means-K cluster analysis, it is 
necessary to identify the high and low value of each class of customers. In this paper, principal 
component analysis is performed based on the customer lifetime value evaluation system, from which 
the principal components representing value are identified, and the average score of each customer 
group in each category on the principal components representing value is calculated, so as to 
quantitatively judge the high or low value of customers. 

 

Fig. 5. The change between K values and SSE 

The customer lifetime value evaluation system containing 22 indicators is subjected to principal 
component analysis, and in order to ensure the comparability of the principal component scores, the 
negative indicators in the evaluation system are taken as the opposite number to be positively oriented, 
and the cumulative contribution curve is shown in Figure 6. 

The cumulative contribution of the first 14 principal components reaches 88.97%, which leads to 
the magnitude of the loadings corresponding to the first 14 principal components. The first principal 
component only corresponds to negative loadings on precancelrate and lastpvgap, which are -0.1163 
and -0.0759, respectively, and positive loadings on all other indicators, and the first principal 
component is the one with the largest variance, i.e., carries the largest amount of information, among 
all linear combinations of the original variables, and the evaluation system of customer lifetime value 
constructed in this paper is itself based on the The customer value evaluation system constructed in 
this paper is itself based on customer value, so the first principal component can be interpreted as the 
value difference factor, and the average score of the first principal component of each type of customer 
group can be calculated, so as to quantitatively determine the level of customer value. The average 
score of the first principal component of different customer groups is shown in Table 3, the average 
score of the first principal component of the customer group corresponding to label 0 is -1.7709, 
accounting for 35%, which is a low-value customer, the average score of the first principal component 
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of label 1 is 3.3032, accounting for 19%, which is a high-value customer, and the average score of the 
first principal component of label 2 is -0.0089, accounting for 46%, which is a medium-value customer. 

 

Fig. 6. Cumulative contribution curve 

Table 3. The ϐirst main component of the different customer base is the average 

Different customer base Quantity Proportion The first average score Customer segmentation 

Label 0 241568 0.35 -1.7723 Low 

Label 1 132079 0.19 3.3032 Height 

Label 2 318372 0.46 -0.0089 Medium 

 
In order to further verify the reasonableness of the customer segmentation results and the 

distinction between high and low customer value, three indicators, namely, talue_proficustomer_v, 
starprefer and neyearordernum_o, are selected to draw the kernel density curve, and the results are 
shown in Fig. 7 to Fig. 9. 

It can be seen that for the customer value metric, label 0 is concentrated around 0, label 1 is 
concentrated between 0 and 30, and label 2 is concentrated between -5 and 5; for the star preference 
metric, label 0 is concentrated around 2, label 1 is concentrated between 4, and label 2 has peaks at 2, 
3, and 4, and all of them have lower peaks than label 1; and for the number of users' annual orders, 
label 0 is concentrated between -2 and 0, label 1 is concentrated between -20 and 40, and label 2 is 
concentrated between -10 and 30. According to the distribution of the chart, it can be seen that the 
high and low customer value is consistent with the above judgment. 

 

Fig. 7. Label 0 kernel density diagram 
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Fig. 8. Label 1 kernel density diagram 

 

Fig. 9. Label 2 kernel density diagram 

3.4. Analysis of Experimental Results and Management Recommendations 

3.4.1. Results of pre-customer segmentation experiments. In this section, the algorithm of this paper 
is trained with the three baseline models on the preprocessed overall dataset, and the models are 
evaluated on the test set to verify the advantages and disadvantages of the prediction effect of each 
classiϐication model. Table 4 shows the results of each evaluation index for each model. 

It can be seen that this paper's algorithm performs best in all four evaluation metrics, and its overall 
prediction performance is significantly better than the other three models. By comparing the two 
indicators of precision rate and recall rate, it can be seen that this paper's algorithm is far superior to 
the other algorithms in terms of precision rate, indicating that this paper's algorithm has a higher 
accuracy rate among all the samples of predicting customers. In terms of model accuracy, this paper's 
algorithm achieved the highest value of 0.84, which is 10% higher than the second-ranked decision 
tree algorithm. Finally, it is worth noting that the model in this paper also far exceeds the other models 
in the comprehensive metric of AUC value. 

Table 4. The prediction effect of each model before the customer segmentation 

Algorithm Accuracy Precision Recall F1-score AUC 

LR 0.62 0.62 0.7 0.66 0.61 

DT 0.68 0.71 0.66 0.69 0.68 

DNN 0.66 0.66 0.74 0.7 0.66 
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This model 0.78 0.84 0.77 0.81 0.82 

 
The ROC curves for each model are shown in Figure 10. Overall, the algorithm in this paper performs 

the best in terms of comprehensive performance, followed by the decision tree algorithm, while the 
DNN model performs the best in the important metric of recall. 

 

Fig. 10. The ROC curve of each model of the client 

In the following, the algorithms of this paper that performed best in the above metrics are further 
analyzed using the confusion matrix. The confusion matrix for the algorithms of this paper used to 
create the model is given in Table 5, where cells on the horizontal line of the table indicate correct 
predictions and cells on the vertical line indicate incorrect predictions. 

The correct rate of classification is 83.75%, which means that the model can correctly classify 8 out 
of 10 customers. However, out of 108,152 clients, only 85,016 can be recognized, which means the 
recall rate is 78.6%. Therefore the focus should be on the metric of recall rate. In summary, the 
comprehensive performance of this paper's algorithm before customer segmentation performs well, 
but there is still room for improvement. 

Table 5. The confusion matrix of this algorithm 

Observed Predicted 0 1 Recall 

0 81842 10242 88.90% 

1 23136 85016 78.60% 

Precision 78% 89.20% 83.75% 

3.4.2. Experimental results after customer segmentation. This section evaluates each model on each 
of the three types of customer groups after segmentation. Tables 6 and 7 show the results obtained for 
recall and AUC values for each model predicted on each type of customer group, respectively. 

When the customers are segmented, the DNN model does not get further improvement in recall, and 
some of the data even decreases to a certain extent, and the two algorithms, LR and DT, also have 
relatively small recall improvement on all types of customers, which indicates that the improvement 
of customer segmentation on the recall of the above three models is very limited. Instead, it is observed 
that the algorithm in this paper achieves the best recall rate in all customer categories, with the highest 
recall rate of 84% on the 1st customer group. 

On the AUC value index shown in Table 7, the algorithm in this paper performs much better, not only 
obtaining the highest AUC value on all three types of customers, but also far exceeding the decision 
tree model with the next best performance. Moreover, except for the DNN model, which still has no 
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improvement, the AUC values of all the other models are improved to some extent after customer 
segmentation. In summary, after customer segmentation, the model in this paper performs best in 
both recall rate and AUC value. 

Table 6. The recall rate of each model in four groups of customers 

 LR DT DNN This model 

Pre-segmentation 0.7 0.66 0.74 0.83 

Class I 0.66 0.67 0.71 0.84 

Class ii 0.63 0.65 0.66 0.79 

Class iii 0.7 0.66 0.69 0.80 

Table 7. The AUC of each model in four groups of customers 

 LR DT DNN This model 

Pre-segmentation 0.61 0.68 0.65 0.88 

Class I 0.6 0.69 0.62 0.81 

Class ii 0.62 0.69 0.59 0.85 

Class iii 0.65 0.67 0.61 0.86 

 
In order to more conveniently and intuitively compare the prediction performance of each model, 

the author based on each model, each indicator, the values on its four types of customer groups are 
calculated the average results, as a way to represent the overall performance of each model in each 
indicator after customer segmentation, the results are shown in Figure 11. As can be seen from the 
figure, after customer segmentation, the model in this paper maintains the previous advantages, still 
performs well in all indicators, especially in the accuracy rate and AUC value of the two indicators, far 
more than the other three algorithms. 

 

Fig. 11. The average index of each model on each customer's base 

The following further shows the comparison of the prediction effect of the model before and after 
customer segmentation for this paper's algorithm, as shown in Figure 12. 

Compared with the pre-customer segmentation, in addition to the three types of customers, the 
evaluation indexes predicted by using this paper's algorithm on the other two types of customer data 
have been improved to different degrees. Among them, they are mainly reflected in the accuracy rate, 
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precision rate and AUC value, and the highest values of these three metrics after customer 
segmentation are all increased by 6% compared with those before customer segmentation. 

In summary, the above two sets of comparison experiments not only verify the obvious advantages 
of this paper's model over the other three models in the field of customer behavior prediction, but also 
prove that customer segmentation can improve the prediction performance of this paper's algorithm 
to a greater extent. 

 

Fig. 12. The algorithm is a target of customer segmentation 

3.5. Optimization of management strategies based on hotel customer behavior 

The following is a specific analysis of the various customer groups and the corresponding management 
recommendations for their characteristics. 

1) Customers seeking high quality. Although the proportion of such customers is not large, they are 
mainly characterized by the pursuit of higher cost performance. Therefore, we should focus on 
recommending high-quality services for them, and at the same time, we can cooperate with local scenic 
spots to attract them with neighboring attractions and special trips. Moreover, in order to ensure the 
quality of travel, such customers usually make travel plans in advance, so the hotel should push 
relevant information for them at least one week in advance. 

2) Low-value customers. Low-value customers make up the largest portion of an organization. They 
have a very low demand for products, but due to their large base, an organization can't just give them 
up. Therefore, this part of the group, can be combined with speciϐic behavioral conditions for further 
analysis, and strive to transform them into long-term customers. Marketing strategy is mainly to 
provide low-priced, discounted hotels, marketing efforts do not have to be too large, and do not do 
personalized marketing for the time being. 

3) High-value customers. This type of customers not only respond better to the services provided by 
the enterprise, but also have the highest consumption frequency and the strongest consumption ability, 
so they are classiϐied as high-value customers. Most of the customers in this category are business 
people, mainly characterized by short advance booking time, high number of orders, and high number 
of visits. Since this type of customer is usually the group of people who bring 80% of the revenue for 
the enterprise, it should be the key object of attention of the enterprise and implement personalized 
marketing for it. 
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4. Conclusion 

In this paper, we use the variational Boston matrix and the improved particle swarm algorithm to 
realize hotel customer segmentation and construct a hotel customer behavior prediction model 
integrating multilevel features and SENet, which helps to improve the operation and management level 
of the hotel. The public dataset is downloaded from the online wine travel platform for simulation 
experiments, and the following conclusions are drawn: 
1) According to the results of customer principal component analysis, labels 0, 1, and 2 represent low-, 
high-, and medium-value customers, accounting for 35%, 19%, and 46%, respectively. 
2) The algorithm in this paper performs best on all four evaluation metrics, and the overall prediction 
performance is significantly better than the other three baseline models. The highest accuracy is 0.84, 
which is 10% higher than the second-ranked decision tree algorithm. 
3) After customer segmentation, the model in this paper maintains the previous advantages and still 
performs well in all indicators, especially in the two indicators of accuracy rate and AUC value, which 
are far better than the other three algorithms. 

Accordingly, it proposes management strategies for the three types of customer groups, realizing 
more detailed resource management based on the multidimensional attributes of different customer 
groups in hotel operation. 
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