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The study identifies how the measurement of customer experience (CX) can 
be transformed and changed into a dynamic model of behavioral 
intelligence with the help of Python-based analytics and machine learning 
to utilize behavioral data streams in order to abandon the traditional 
methods of customer satisfaction measurement. The research is based on 
105,000 customer records secondary collection of 7 variables such as CSAT 
score, length of the session, frequency of purchases, and churn status. The 
measurement of traditional metrics like CSAT is juxtaposed with the 
measurement of behavioral indicators to understand the effectiveness of 
their measurement in terms of comprehending customer engagement. 
Customer churn and behavioral patterns are predicted with Logistic 
Regression, Random Forest, and Gradient Boosting models. The findings 
suggest that behavioral intelligence systems have a better predictive 
accuracy and decision-making capacity to make decisions as compared to 
satisfaction-based methods. The paper indicates the weaknesses of survey-
based CX measurement, which is a static one, and underscores the value of 
real-time behavioral analytics. 
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INTRODUCTION 

Background 

The traditional customer behavior measurement in terms of satisfaction has been an evolution that has 

shifted to sophisticated systems of behavioral Intelligence. In the past, it used CSAT and NPS scores, 

which are only able to furnish very little post-service data [1]. The current methods involve real-time 

data analytics, artificial intelligence, and customer behavior, enabling the program to comprehend 

customer behavior on digital platforms [2]. The change allows organizations to make more in-depth 

and predictive analysis insights, and better strategy personalized customer engagement. 

Research Aim and Objectives 

Research Aim 

The research aims to explore the evolution of Customer experience measurement from customer 

satisfaction through to behavioral intelligence, and how data analytics and AI have taken things to the 

next level with regard to real-time insights, predictive capabilities, and customer engagement. 

Research Objectives 

❖ To analyze traditional customer satisfaction measures and key challenges in measuring customer 

satisfaction.  

❖ To explore systems moving towards behavioral analytics.  
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❖ To assess the impact of AI in behavioral intelligence.  

❖ To demonstrate the value of predictive analytics in customer experience management and decision-

making in contemporary digital business settings. 

Problem statement 

Current methods of measuring customer experience are primarily based on satisfaction surveys and 

limited metrics, and these do not measure what people actually do or how their expectations will change. 

Predicting actions and personalizing experiences are challenges that businesses face as they have to 

navigate an increasingly complex digital and multi-channel environment, resulting in poor engagement, 

poor insights, and poor strategic decision-making [3]. 

Novel Contribution  

The research brings a structured understanding of the move from satisfaction to behavioral intelligence 

systems. Combines AI-based analytics and real-time tracking of behavior and predictive modeling are 

play important roles. These insights clearly demonstrate that behavioral intelligence helps to increase 

the level of accuracy in decision-making processes, allowing organizations to shift the focus from 

reacting to customer behavior to anticipating customer needs, tailoring experiences to the individual, 

and adapting and evolving continuously. 

The key innovation of this research is the creation of a new, all-encompassing customer experience 

framework that moves beyond the traditional measurement of customer satisfaction (CSAT) to 

customer experience (CX) behavioral insights (BI). It closely mimics real analytics projects, leveraging 

Python predictive modelling to detect churn patterns for real-time decision-making, better customer 

segmentation, and better business performance metrics. 

The novelty of this work is to directly link academic modelling with customer experience analytics to 

accurately predict customer churn, segment them, and make informed decisions for better business 

performance and strategies. 

LITERATURE REVIEW 

Limitations of Traditional Customer Satisfaction Metrics 

Past customer experience measurability has largely been based on approaches that are structured 

around surveys, including Customer Satisfaction Score (CSAT), Net Promoter Score (NPS), and 

Customer Effort Score (CES) [4]. The simplicity and ease with which these methods could be interpreted 

explained their widespread popularity. But there are a number of drawbacks in their representation of 

what customer experience is in today's digital world [5]. Key disadvantages include the fact that these 

metrics reflect a thing that has already happened. This causes recall bias, which means when a user tries 

to remember their experience, they may have a misrepresentation [6]. Further, it can also have low 

response rates, resulting in incomplete and non-representative data sets that are not representative of 

all customers. Emotionally distorted responses are affected by out-of-control emotions, not the 

perception of service quality [7]. Moreover, traditional metrics offer snapshots, not being real-time. 

They do not track real-time behavior changes throughout various channels, including mobile 

applications, on the web, and in-store experiences [8]. This means that companies that use these tools 

exclusively may have difficulties in finding new problems or how to act toward customers in the future.  
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Transition from Static Feedback to Behavioral Analytics Systems 

 

Fig. 1. Behavioral Analytics Systems 

Behavioral analytics are a significant development in customer experience control, as they have become 

a distinct approach compared to the fulfillment metrics that were popular until now [9]. Behavioral 

analytics is the study of what customers do and how they react, instead of asking customers what they 

think. This includes features like page views, click paths, session duration, conversion rates, and 

navigation behavior [10]. This shift stems from the explosion of data and the development of digital 

platforms which emerged. Businesses today work in an environment that captures all customer 

interactions and turns them into data, all of which can be analyzed in real time [11]. This has allowed 

organizations to transform from intermittent gathering of feedback to ongoing monitoring of the 

experience. Organizations can also leverage behavioral analytics for customer journey mapping and 

identify friction points and drop-off stages within both touch points and across touch points [12]. This 

approach offers a more objective and granular view of customer behavior, unlike traditional approaches 

[13]. But there are difficulties on the integration of data across multiple sources and consistency of data 

across platforms.  

Role of Artificial Intelligence in Behavioral Intelligence 

 

Fig 2. Artificial Intelligence in Behavioral Intelligence 



Journal of Information Systems Engineering and Management 
2026, 11(3s) 
e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article 
 

 

 

 1950 
 

Copyright © 2026 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 

Attribution License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work 

is properly cited. 

 

Artificial intelligence (AI) is at the heart of progress in behavioral intelligence systems. Organizations 

can scale through user-generated content and archive billions of structured and unstructured 

documents through AI technologies like machine learning, natural language processing, and deep 

learning [14]. This enables businesses to gain meaningful information from complex behavioral 

patterns, which would be difficult to capture by hand [15]. In simplifying this, big data leveraged in 

conjunction with machine learning is especially beneficial for uncovering hidden patterns in customer 

behavior, like purchase propensities, browsing activities, and engagement levels. These models 

continuously learn from new incoming data, which helps make them more accurate over time [16]. 

Natural language processing (NLP) takes this capability one step further, as it can process customer 

feedback from texts such as reviews, customer social media posts, and questions about sentiment and 

emotional value [17]. 

AI also streamlines and automates the process of generating insights in real-time, subsequent to which 

it can automatically start personalized actions. This enables the customer journey to be a more adaptive 

and responsive space [18]. However, for the capabilities of AI in the field of behavioral intelligence to 

be effective, data quality, ethics, and algorithm transparency are crucial [19]. Poor model design or 

training data bias can result in poor insights. So, stakeholders need to take care of and implement AI 

responsibly to reap its benefits. 

Predictive Analytics for Customer Experience Management 

 

Fig. 3. Predictive analytics for Advanced Customer Experience Management 

Predictive analytics is the latest and greatest after the other customer experience measurement 

approaches. It employs statistical modeling and machine learning algorithms to predict future 

customers' behavior patterns from their historical and real-time data. This incorporates estimating 

client churn potential, client purchases likelihood, customer lifetime value, and interaction patterns 

[20]. Predictive models can enable organizations to move from a reactive to proactive approach to 

customer experience management. Rather than reacting to customer needs when they emerge, 

businesses can proactively plan for and practice necessary steps in non-reliance. This greatly enhances 

customer retention and satisfaction [21]. For example, the content, recommender, and communication 

strategies can be dynamically adapted based on user intent [22]. Further, predictive insights are useful 

for organizational-level decision-making. By forecasting trends, businesses can better utilize resources 

and deliver higher quality services [23]. Most importantly, predictive analytics makes CXM a predictive 

discipline, making it more efficient and customer-friendly. 

Literature Gap 

The field of customer experience (CX) has already been explored in numerous existing studies, with a 

focus on customer satisfaction metrics, customer behaviors as well as the use of AI for customer 
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experiences, and the use of predictive models. However, there is little 'all-in-one' research that 

integrates all the above elements into a coherent body of work. There are very few studies that consider 

the end-to-end journey from CSAT to behavioral intelligence and, crucially, in real-time, AI-powered 

digital enterprise environments. 

METHODOLOGY 

A. Research Design and Analysis Method 

The research paper chooses a quantitative, secondary type of research design to investigate how 

customer experience (CX) measurement may be converted into behavioral intelligence systems as 

opposed to conventional perspective of satisfaction. The study is formulated based on a comparative 

analytical hierarchy wherein the traditional CX measures, including the satisfaction scores, are assessed 

in terms of behavioral and predictive intelligence results of customer interaction data. The complete 

analytical procedure is applied in Python, which allows working with data and creating a model that 

serves to preprocess the data, performs statistical calculations, and then predicts the results based on 

machine learning [24].  

B. Data Source and Data Set Description 

The data set consists of secondary data from publicly available customer analytics repositories and 

simulated enterprise-level data sets typically used in academic benchmarking, such as those available 

on the Kaggle platform. There is no primary data collection process employed. The final data will be 

105,000 records of customer interactions and will contain 7 significant variables that 

reflect both the usual satisfaction indicators and behavioral interaction metrics. The data would have 

the following columns:  

➔ Customer_ID 

➔ Age 

➔ Region 

➔ Session_Duration 

➔ Purchase_Frequency 

➔ CSAT_Score 

➔ Churn_Status 

All these variables enable a comparison of proclaimed customer satisfaction (CSAT_Score) and 

observed behavioral patterns like engagement time and purchasing behavior. Data handling Python 

libraries like pandas and NumPy, as well as analytical and predictive modelling Python libraries like 

scikit-learn, are also used. The methodology is based on a structured train–test split approach, such as 

80:20, for reliable evaluation. The accuracy, precision, recall, and F1 score are used for model validation 

and to measure the predictive performance and generalization of the created machine learning models 

in Python. 

C. Preprocessing and Feature Engineering of Data 

The preprocessing of data is carried out to facilitate reliability, precision, and appropriateness for 

machine learning analysis. The dataset is then subject to cleaning procedures, which include treatment 

of missing values, which are addressed through statistical imputation techniques, and inaccurate entries 

removed or fixed. One-hot encoding converts categorical variables into numerical ones: in other words, 

Region is converted to numerical data. In addition, feature scaling is used to normalize integer 

characteristics like Session Duration and Purchase Frequency to avoid the domination of the model by 

any individual feature considering the scale.  
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𝑋′ =
𝑋−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥−𝑋𝑚𝑖𝑛
  —------(1) 

This normalization is a critical process that is necessary in enhancing the performance of the model and 

where the contribution of features is balanced during training and prediction [25]. 

D. Standard Customer Experience Measurement 

This study exhibits traditional CX measures in the form of Customer Satisfaction Score (CSAT), a score 

employed as the benchmark to assess customer sentiment. The calculation of CSAT is the number of 

satisfied customers divided by the total number of responses as a percentage.  

𝐶𝑆𝐴𝑇 =
𝑆𝑎𝑡𝑖𝑠𝑓𝑖𝑒𝑑 𝐶𝑢𝑠𝑡𝑜𝑚𝑒𝑟𝑠

𝑇𝑜𝑡𝑎𝑙 𝐶𝑢𝑠𝑡𝑜𝑚𝑒𝑟𝑠
× 100 —---(2) 

This measure is a picture of customer perception, not based on behavior and sensitive over time. The 

CSAT values are also determined in relation to the behavioral indicators to detect discrepancies between 

the reported values and actual behaviors of customers in digital settings [26]. Such a comparison shows 

how traditional satisfaction-based measurement systems are not capable of realizing real-time 

customer experience dynamics. 

E. Behavioral Intelligence and Predictive Modeling 

The research also elaborates on a behavior intelligence system through predictive analytics, executed in 

Python. The probability of a customer churning is estimated using a logistic regression model, 

depending on behavioral variables like length of sessions, frequency and patterns of engagement. The 

accuracy of the model is suitable, as it models the association between customer behavior and the 

probability of churn using input variables to generate a probabilistic output, which reflects the degree 

of risk.  

𝑃(𝑦 = 1 ∣ 𝑥) =  
1

1+𝑒−(𝛽0+𝛽1𝑥1+𝛽2𝑥2+...+𝛽𝑛𝑥𝑛) 
 —---(3) 

Where y=1 represents churn, and xn represents behavioral features.  

This enables the system to make the shift from fixed satisfaction scores to real-time behavioral activity, 

which signals actual customer engagement. Accuracy is a performance measure that is used to conduct 

model evaluation and gives the proportion of correct predictions made by the model to actual 

predictions. This allows comparing traditional CX measurements and predictive behavioral intelligence 

systems. The train-test split of the dataset was used for model validation, where accuracy, precision, 

recall, and F1-score were used. 

Using Python-based machine learning models, results were produced with Logistic Regression, 

Random Forest and Gradient Boosting, which assessed the predictive performance on behavioral 

features, allowing for the reliable prediction of churn and robust evaluation of the models. 

F. System Architecture  

 

Fig. 4. System Architecture  
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The system architecture establishes the technical end layout of the behavioral intelligence architecture, 

such as the databases, processing levels and the forecasting analytics order. It combines data on 

customer interaction, preprocessing models, and machine-learned models to produce actionable CX 

data. This figure represents the entire behavioral intelligence model with the flow of raw customer data 

in preprocessing, analytics, and prediction layers. It also emphasizes the change of satisfaction metrics 

to real-time behavioral information. 

G. Pseudo Code  

 

Fig. 5. Pseudo Code 

The pseudo code illustrates the logical sequence or steps of the behavioral intelligence system that 

comprises loading the data, preprocessing, training the model, and evaluating the model. It offers a 

simplified computational framework to implement CX prediction with Python. 

H. Workflow  

 

Fig. 6. Workflow Diagram 
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The workflow provides a descriptive sequential flow of the system from data collection through to the 

final decision-making outputs. It demonstrates customer data and how it is converted to behavioral 

insight and predictive CX analysis. 

I. Ethical Considerations 

The study is conducted with consideration of ethical principles, such as the privacy of data, 

transparency, and responsible use of artificial intelligence. As the research is focused on secondary data, 

any information that can be used is anonymized and does not include any personally identifiable 

information. The study conforms to the open-data use and academic data-sharing policies. Also, one 

aims at reducing the effect of algorithmic bias through the inclusion of demographic factors like age and 

location in the dataset in a fair manner [28]. There is also a level of transparency to the study in that all 

the analytical steps that have been conducted in Python are recorded, hence agreeing to reproducibility. 

Moreover, the predictive results of the machine learning model are applied on an analytical and 

research basis and not as an automated decision maker on real-life scenarios, which will guarantee 

responsible and ethical application of behavioral intelligence systems. 

IV. RESULT AND DISCUSSION 

A. Results  

 

Fig. 7. CSAT Score Distribution 

In this visualization, the Customer Satisfaction Score (CSAT) is distributed among 105,000 customer 

records. It demonstrates the distribution of customers in five levels of satisfaction (1-5). Scores 3 and 4 

record the highest concentration, with most users being moderately to highly satisfied. A lower 

proportion of the satisfied (score 1 and 2) customers is less than score 5, which represents highly 

satisfied customers.  

 

Fig. 8. Length of Stay vs Repeat Purchase 

The plot is a scatter chart that depicts the correlation between purchase frequency and the session time, 

which is a main behavioral intelligence measure. Each point indicates the behavior of customer 

interaction in the dataset. This is a positive correlation where the more time that customers spend on 

the platform, the more likely they are to make purchases. This connection is essential in the field of 
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behavioral analytics since it shows that the time of engagement has a direct bearing on purchasing 

behavior.  

 

Fig. 9. Customer Churn Distribution  

The pie chart shows the percentage of retained and churned clients in the dataset of 105,000 records. 

Most of the customers are retained, and a considerable minority is considered to be churned. This 

graphic will be vital in comprehending customer retention performance and business sustainability. A 

fundamental aspect of behavioral intelligence is churn analysis because it measures customer departure 

behavior instead of perceived satisfaction.  

 

Fig. 10. Regional Purchase Frequency 

The average purchase frequency between five geographical regions: North, South, East, West and 

Central is compared in this bar chart. East is the most active in purchasing, and the South is relatively 

less engaged. This is a type of regional difference, which suggests that customer behavior is a function 

of geographic as well as possibly socio-economic factors. The value plays a key role in segmentation 

analysis of a behavioral intelligence system, allowing businesses to design strategies based on the 

region.  

 

Fig. 11. CSAT vs Churn Rate 

The line chart below is used to compare Customer Satisfaction Score (CSAT) levels to the values of the 

churn rates. It demonstrates the definite negative correlation where the higher the CSAT and the lower 

the churn rate, and a low level of satisfaction is accompanied by a much higher churn rate. Nonetheless, 

the negative effect is not linear, and that means that the degree of satisfaction is not a complete predictor 

of churning behavior. 
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B. Discussion  

TABLE 1: Summary Statistics 

Model 

Used 

Accu

racy 

Preci

sion 

Re

call 

F1-

Scor

e 

Logistic 

Regression 

0.86 0.84 0.8

2 

0.83 

Random 

Forest 

0.91 0.90 0.8

9 

0.89 

Gradient 

Boosting 

0.93 0.92 0.91 0.91 

The study shows that customer experience measurement has been changing clearly with the traditional 

measures used following the traditional satisfaction approach to the behavioral intelligence systems. As 

much as CSAT offers an elementary knowledge of customer sentiment, it cannot be used to support 

real-time interaction and postulates about behavioral patterns. Since 105,000 records are analyzed, it 

is noted that behavioral indicators, including the duration of the sessions, frequency of purchase, and 

probability of churn, provide a more actionable and deeper understanding of the survey questions when 

compared to the survey in its static form. There is high predictive accuracy in the machine learning 

models, especially in Gradient Boosting and Random Forest, which showed that customer behavior can 

be modeled successfully by employing computational intelligence techniques. The findings also reveal 

discrepancies between the perceived satisfaction and the actual customer behaviors, which support the 

CX measurement limitations of the traditional approach. This research proves that behavioral systems 

of intelligence offer a more trustworthy, scalable and data-intensive method to comprehend customer 

experience and allow organizations to transition to predictive and prescriptive decision-making in 

contemporary digital business settings. 

C Limitation  

● The analysis is based on secondary data, which might not be a complete reflection of real-life 

customer behavior of an enterprise and could create bias in data sets or context restrictions. 

● The predictive models depend on the chosen behavioral characteristics alone, thus overlooking other 

critical aspects like sentiment, external market, and even real-time interaction signals. 

CONCLUSION AND FUTURE WORK 

The research concludes that the traditional measures of customer experience based on traditional 

satisfaction levels are being changed to sophisticated behavioral intelligence mechanisms. The analysis 

has shown that CSAT and other survey-based instruments are of little use in understanding the actual 

customer behavior, as behavioral measures like engagement patterns and frequency of purchase can 

help in making a stronger prediction. Data-driven CX systems demonstrate effectiveness in terms of 

accuracy of churn and customer engagement prediction. Machine learning models and in particular, 

ensemble techniques, are capable of that. 

To improve the model in future employment, they could add the use of real-time streaming data taken 

by the IoT devices and mobile apps so that CX could be monitored continuously. Techniques of deep 

learning like LSTM networks may be utilized to provide consequences of consecutive customer behavior 

in a more uncomplicated manner. Also, it would be beneficial to add sentiment analysis based on the 

social media data to enhance the contextual insights on the customer emotions. Another area of future 
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research is explainable AI (XAI), which can enhance the transparency of behavioral prediction systems 

and enhance ethical, interpretable customer intelligence frameworks to use in enterprises. 
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  X ′ =   X − X m i n  X m a x ​ − X m i n ​ ​ ​  


  C S A T =   S a t i s f i e d   C u s t o m e r s ​  T o t a l   C u s t o m e r s × 100  


  P ( y = 1 ∣ x ) =    1  1 +   e  − ( 𝛽 0 ​ + 𝛽 1 ​ x 1 ​ + 𝛽 2 ​ x 2 ​ + . . . + 𝛽 n ​ x n ​ )  

