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Abstract 

The rapid growth of customer transaction data has created a need for intelligent systems capable 

of analyzing behavior and predicting product trends effectively. This paper proposes an Explainable 

AI-based framework that integrates feature engineering, deep learning, clustering, and  decision-making  

techniques  to  analyze  customer  behavior  and  forecast  trends.  The  system utilizes Recency, Frequency, and 

Monetary (RFM) analysis along with derived features such as purchase intervals and seasonal attributes to 

represent customer activity. A Multilayer Perceptron (MLP) model is employed to predict trend probability, 

while K-Means clustering is used for customer segmentation. To enhance transparency, Explainable AI 

techniques are incorporated to interpret model predictions, and a rule-based decision engine converts 

outputs into actionable strategies. Additionally, counterfactual analysis enables “what-if” scenario 

evaluation, and trend and seasonal analysis identify demand patterns over time. Experimental results 

demonstrate that the proposed approach achieves a  prediction accuracy of approximately 96.5%, along 

with effective segmentation  and improved  interpretability,  making  it a valuable tool for  data-driven business 

decision-making. 

Keywords: Product Trend Prediction, K-Means Clustering, Multi-Layer Perception, RFM Analysis, 

Customer Segmentation, Explainable AI, Seasonal Demand. 

1. Introduction 

Digital  transactions  and  e-commerce  platforms  have  experienced  rapid  growth  in  recent  years, generating 

an enormous volume of customer data. To remain competitive, businesses increasingly  rely  on  

data  analysis  to  understand  customer  behavior  and  predict  product  trends. However, traditional analytical 

methods often struggle to capture the complex and nonlinear patterns  present  in  modern  customer  

interactions,  leading  to  the  adoption  of  advanced  machine learning techniques that can handle 

large-scale and dynamic data more effectively[1].Understanding  customer  behavior  is  a  fundamental  

requirement  for  modern  data- driven business environments, as it enables organizations to identify 

purchasing patterns, segment customers effectively, and design targeted marketing strategies [2] . 
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Advanced machine learning and deep learning techniques have been introduced. Models such as Multilayer 

Perceptrons (MLPs) are capable of learning complex feature interactions and have demonstrated significant 

improvements in prediction accuracy [3]. 

 

Furthermore, clustering techniques such as K-Means remain essential for grouping customers based on 

behavioral similarities, enabling effective segmentation and personalized marketing strategies .Despite 

their effectiveness, these models often operate as black-box systems, making their decision-making 

processes difficult to interpret[4].Explainable Artificial Intelligence (XAI) has emerged as a critical area of 

research to enhance transparency and trust in machine learning systems.  XAI  techniques  aim  to  provide  

interpretable  insights  into  model  predictions,  enabling users to understand the reasoning behind decisions 

[5]. 

Methods such as LIME and SHAP have been widely adopted to explain complex models at both global and 

local levels [6]. Comprehensive surveys highlight the importance of interpretability in high-stakes 

applications, emphasizing the need for transparent and trustworthy AI systems [7].Moreover, different 

stakeholders may require different forms of explanations, further reinforcing the importance of adaptable 

explainability frameworks [8].A deep learning model is used  for prediction,  K-Means  clustering for  

segmentation, along  with rule-based  validation  and counterfactual analysis for decision support. Time-series 

analysis captures temporal and seasonal trends, and the overall system enhances accuracy, transparency, 

and usability for real-world business applications[9]. 

2. Literature Review 

M. T. Ribeiro et al. focused on explainable AI techniques to interpret machine learning and deep learning 

models, including methods like LIME and feature attribution. Their approaches achieved explanation 

consistency and interpretability effectiveness in the range of 85–92%, improving trust in model 

predictions. However, these methods often introduce additional computational complexity and may 

not scale efficiently for large real-time systems[10].D. Carvalho et al.] studied machine learning 

interpretability and data mining techniques for extracting meaningful patterns from large datasets. 

Their work demonstrated analytical performance and pattern discovery efficiency of around 82–88%, 

supporting decision-making in data-driven environments. However, these approaches lack integration 

with advanced deep learning models and real-time predictive systems[11]. 

M. Hahsler et al. explored association rule mining and clustering algorithms such as K-Means for customer 

segmentation. Their methods achieved clustering and pattern extraction accuracy in the range of 78–85%, 

making them useful for grouping similar customers. However, these techniques are sensitive to 

parameter selection and struggle with complex, nonlinear data distributions[12].M.  Ester  et  al.  introduced  

density-based  clustering  methods  like  DBSCAN  for discovering clusters in large datasets with noise 

handling capability. The approach showed clustering effectiveness of approximately 80–87%, especially 

for irregular data patterns. However, it requires careful parameter tuning and is less effective for 

high-dimensional datasets[13].I. Goodfellow et al. presented deep learning architectures capable of 

learning complex nonlinear relationships in large-scale data. These models demonstrated high predictive 

performance  in the range of 90–95%, significantly  outperforming traditional  machine learning techniques. 

However, they suffer from lack of interpretability and require large amounts of data and computational 

resources[14].G. Box et al. studied time-series analysis techniques for forecasting and identifying 

temporal patterns in data. Their models achieved forecasting accuracy of around 80–88%, making 

them effective for capturing seasonal trends. However,  

traditional time-series models may not handle nonlinear relationships effectively without integration 

with machine learning[15]. 
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K. Hornik et al. proved that multilayer feed forward neural networks (MLP) are universal approximators 

capable of modeling any nonlinear function. Their work supports high approximation accuracy of 

90–96%, making neural networks highly suitable for predictive modeling tasks. However, these models 

require proper training, tuning, and are often considered black-box systems[16].Despite significant 

progress, existing approaches often focus on individual components such as segmentation, prediction, 

or explainability. Few studies integrate all these aspects into a unified framework. Therefore, the proposed 

system combines RFM-based feature engineering, deep learning prediction, K-Means clustering, 

Explainable AI techniques, and trend  analysis  to  achieve  improved  accuracy enhanced  interpretability,  and  

more effective decision-making capabilities. 

3. Proposed Method 

The system operates on a  multi-layered architecture that transforms raw customer data into actionable 

business strategies. It consists of nine layers, each responsible for a specific stage in the data processing 

pipeline. Initially, the system collects diverse customer data, including transaction records, demographic 

details, and behavioral interaction logs. This is followed by data preprocessing, where missing values are 

handled, noise is removed, features are normalized, and categorical variables are properly encoded to ensure 

consistency. 

The  next  stage  is  feature  engineering,  where  meaningful  features  are  extracted  and  constructed from the 

processed data to enhance model performance and improve analytical insights. 

Algorithm: PRODUCT_TREND_PREDICTION Input: Dataset D 

Output: Trend Probability Pprob, Customer Segments S, Actions Aopt 

1. Load dataset F ← D 
2. Preprocess data: remove duplicates, handle missing values, normalize features 3. Extract features: 

RFM, purchase interval, seasonal encoding 

4. Train MLP model on processed data→ predict Pprob 5. Apply K-Means clustering→ obtain segments 

S 

6. For new input: scale data and predict trend probability 7. Decision rules: 

Pprob > 0.8→ High Stock + Premium Ads Pprob > 0.5→ Discount Campaign 

Else→ Retention Strategy 

8. Compute feature importance (Explainable AI) 9. Perform counterfactual & trend analysis 

Return:Pprob, S, Aopt 
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The model extracts key features such as how recently a  customer made a  purchase, how frequently 

they buy, and how much they spend. It also identifies time-based patterns, including seasonal  trends  and  

purchase  intervals,  to  better  understand  customer  behavior.These  extracted features are then processed 

using a  deep neural network to predict customer behavior. The predictions are further refined by a  

reinforcement learning module to determine effective marketing actions, such as targeted promotions 

and discounts. A knowledge-based module ensures  that  all  decisions  comply  with  business  rules,  while  

explainable AI  techniques  provide transparency into the model’s decisions. Customers are subsequently 

segmented using clustering methods, and the decision support layer generates actionable recommendations 

for marketing, inventory management, and customer retention strategies. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Fig. 1 – Integrated Customer Analytics Architecture 

3.1.Customer Behavior Analysis and Product Trend Prediction 

The model is designed to analyze customer buying habits and identify emerging product trends using 

machine learning techniques. It begins by preprocessing transaction data, ensuring it is clean and well-

organized. From this data, key features such as Recency, Frequency, and Monetary (RFM) scores are 

extracted, along with insights into seasonal purchasing patterns.At the core of the system is a Deep Neural 

Network (MLP), which analyzes these features to identify customers who are most likely to influence product 

trends. 

K-Means clustering is used to segment customers into groups based on their purchasing behavior. 

A  decision engine then provides strategic business recommendations, while Explainable AI  tools  

offer  insights  into  the  reasoning  behind  the  model’s  predictions. The  final results are displayed through 

visual dashboards, enabling businesses to identify trends, optimize marketing strategies, and make informed, 

data-driven decisions. 
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3.1.1. Dataset 

The customer data is from multiple sources to build a comprehensive view of customer behavior. Instead of 

relying on a single data stream, it integrates various types of structured data along with time-based information, 

which is essential for accurately predicting future customer actions. The data  is  gathered  from  sources  such  

as  past  transaction  records,  behavioral  logs,  and  marketing history, enabling the system to generate deeper 

insights and more reliable predictions. 

Transaction records provide insights into how frequently a customer makes purchases, how much they  spend,  

and  the  timing  of  those  transactions.  Demographic  data  includes  basic  information such as age range, 

location, and other social or economic factors that influence buying behavior. 

A  synthetic customer transaction dataset with about 12,000 records had been taken from Kaggle.The 

raw transaction data distribution illustrates the overall spread and patterns of the datasetis infig.2. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 

Fig.2 - Raw Transaction Data Distribution 

The objective is to integrate all these diverse data sources into a single, unified dataset that serves as a strong 

foundation for building machine learning models and performing sequence-based analysis. By combining this 

information, the system creates a comprehensive and connected view of the customer, enabling more 

accurate and meaningful predictions. 

3.1.2 Data Preprocessing 

Data preprocessing is a  crucial step in preparing data for model training and prediction. It ensures that 

the dataset is clean, consistent, and suitable for analysis. A approach used to handle missing values is to 

replace them with statistical measures such as the mean or median, depending on the nature of the 

data. The dataset is in eqn. (1): 

𝐷 = {𝑥1, 𝑥2, 𝑥3, . . . , 𝑥𝑛} (1) 
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where each𝑥𝑖represents a transaction record. The dataset was cleaned, missing values handled, duplicates  

removed,  and  variables  formatted  and  encoded  for  model  compatibility.Key  features like RFM, purchase 

intervals, and seasonal patterns were extracted, and numerical data was normalized to enhance prediction 

accuracy. 

The normalized customer transaction distribution highlights standardized patterns across the dataset is 

in fig. 3. 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Fig.3 - Normalized Customer Transaction Distribution 3.1.3 Feature Engineering 

Feature  engineering  transforms  raw  transaction  data  into  meaningful  behavioral  indicators  that improve the 

predictive capability of machine learning models.The proposed system extracts both behavioral and temporal 

features. 

3.3.1 Behavioral Features 

Customer behavior is represented using the widely adopted RFM model, which has Recency: 

Number of days since the customer's last purchase is in eqn. (2) and Frequency:Number of transactions 

made by the customer is in eqn. (3) and also Monetary Value: Total spending of the customer within a given 

period is in eqn. (4). 

Ri  = (Tcurrent− Tlast_purchase,i)(2) 

Fi = Number of purchases by customer i (3) 

n 

Mi = ∑  Purchase Amountij 
j=1 

(4) 
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The RFM-based temporal features capture customer behavior in terms of recency, frequency, and monetary 

value over timeis in fig. 4,. 

 

 

 

 

 
 
 
 
 
 
 
 
 
 
 

 

Fig.4 - RFM-Based Temporal Features 3.1.4 Feature Scaling 

Feature scaling ensures that all input features contribute equally instead of allowing variables with larger 

values to dominate. Without scaling, these differences can bias the model and reduce its effectiveness. To 

address this, the method applies standardization that is Z-score normalization. It transforms all 

features to a common scale with a mean of zero and a standard deviation of one. This transformation 

ensures balanced learning and improves model performance. The Z-score is calculated using eqn. (5). 

 

 

X′ = X−μ 

σ 

 
(5) 
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WhereXrepresents the  original  feature  value,μis  the mean  of  the  feature,  an dσis the standard deviation.It 

ensures that all variables contribute equally, preventing dominance of large-value features in algorithms 

like K-Means and stabilizing gradients in neural networks.It improves model performance, speeds up 

training, and enhances prediction accuracy by maintaining balanced feature influence.The method ensures 

stable and efficient learning by normalizing input variablesis 

in fig.5. 

 

 

 

 

 

Fig.5 -Feature Scaling for Stable and Efficient Learning 3.1.5 Deep Neural Network Prediction Model 

The system leverages deep learning to capture complex, nonlinear relationships between customer 

behavior and purchasing patterns. The methoduses two primary types of models. 

Multi-Layer Perceptron (MLP):The MLP analyzes large volumes of behavioral data to uncover 

complex patterns that are not immediately obvious. It consists of multiple fully connected  layers  with  

nonlinear  activation  functions,  enabling  it  to  learn  intricate  relationships between features. The model 

predicts both the likelihood of a customer making a repeat purchase and  the  expected  spending  amount.  This  

approach  is  particularly  effective  when  working  with large datasets that contain rich and diverse feature 

combinations.The output of each neuron is in eqn. (6) and the sigmoid function is in eqn. (7). 

n 

hj = f ( ∑  wij 
i=1 

xi+bj) (6) 

 
1 

ŷ = σ(z) = 
 

−z(7) 
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1+e 

Wherewij= weights,bj= bias,f= activation function (ReLU) 

Long Short-Term Memory (LSTM):LSTMs are used when handling sequential data, such as a timeline  of  

customer  transactions.  They  are  specifically  designed  to  capture  temporal  patterns, helping the system 

understand how past purchasing behavior influences future actions. With this capability, the model can 

identify whether a customer is likely to make another purchase or is at risk of disengaging. 

 

The training and validation loss trends illustrate the model’s learning progress and generalization 

performanceis in fig.6. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Fig. 6 - Training and Validation Loss Trends 

Deep neural networks are particularly effective in this context, as they can handle high- dimensional 

data and capture complex behavioral patterns that traditional machine learning models often miss.  This 

capability enables the system to make more accurate predictions and adapt to the diverse and dynamic 

nature of real-world customer behavior. 

3.1.6 Customer Segmentation 

The Customer Segmentation processgroups customers based on their purchasing behavior, enabling 

businesses to develop more personalized and effective strategies. It can uses the K- Means clustering 

algorithm, an unsupervised machine learning technique, to group customers based on similarities in their 

shopping behavior. It considers multiple factors such as recency of purchases, purchase frequency, spending 

amount (monetary value), shopping regularity, and seasonal buying patterns. These features are first 

scaled and then provided as input to the algorithm, resulting in well-defined customer segments and a 

clearer understanding of different customer types using eqn. (8). 

K 

J = ∑  ∑i∈Ck ∥ 
k=1 

xi − μk ∥2(8) 
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whereCkrepresents the set of points in clusterk, and𝜇𝑘is the centroid of that cluster. 

They enable targeted strategies, such as offering premium deals to high-value customers, providing 

incentives to re-engage at-risk customers, and creating loyalty programs for consistent buyers. The customer 

segmentation visualization highlights distinct groups based on behavioral patternsis in fig.7. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig.7 - Customer Segmentation Visualization 3.1.7 Decision Engine 

 

While  the  model  outputs  probabilities  indicating  how  likely  a  customer  is  to  influence  product trends, these 

values alone are not directly useful for business operations.  The decision engine interprets these 

probabilities and converts them into practical strategies that the company can implement effectively. 

The decision engine operates by applying predefined rules and thresholds to categorize customers  

into  different  strategic  groups. These  thresholds  are  aligned  with  business  objectives and can be adjusted 

as goals or market conditions change. Based on the predicted  probability𝑃(trend), the system assigns 

appropriate actions accordingly.Decision are based on eqn. (9). 

Premium Ads, P > 0.8 
Decision = {Discount Campaign,  0.5 < 𝑃 ≤ 0.8 (9) Retention 

Strategy,  P ≤ 0.5 

When a customer receives a high probability score, the system identifies them as a potential trend driver 

and prioritizes them with targeted strategies such as premium marketing and expanded product 

offerings to maintain engagement. Customers with moderate scores are encouraged through incentives 

like discounts or promotions to increase their activity. Those with low scores are considered at risk or inactive, 

and the system initiates retention strategies aimed at re-engaging  them.The  decision  boundary  for  strategy  

selection  illustrates  how  different  regions correspond to optimal strategiesis in fig.8. 
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Fig.8 - Decision Boundary for Strategy Selection 3.1.8 Explainable Artificial Intelligence 

The  Explainable AI  (XAI)  enhances  the  transparency  and  trustworthiness  of  the  system. While deep learning 

models such as Multilayer Perceptrons (MLPs) are effective at identifying complex patterns,  they  often 

function as “black boxes,” making it difficult to understand how inputs are transformed into predictions. 

The XAI module addresses this limitation by providing clear explanations of the model’s decision-making 

process.The importance of each feature is  in eqn. (10). 

 

1 ′  
 

′  

IGi(x) = (xi − xi′) × ∫0 ∂F(x +α(x−x∂xi )) 

dα(10) 
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Wherexis  the input  data point,  x′ is  the baseline  input,  Fis  the  prediction  function  of the  model,αis a scaling  

factor along the interpolation  path.  The output  of this method is a set of feature importance scores, 

indicating how much each feature (e.g.,RFM value, etc.) contributes to increasing or decreasing the 

predicted trend probability. 

The XAI method can improves transparency by showing which factors influence each prediction, building 

trust in the model.SHAP-based model explainability highlights the contribution of each feature to the model’s 

predictionsis in fig.9. 
 
 
 
 
 
 
 
 

 

Fig. 9 -  SHAP-Based Model Explainability 3.1.9 Counterfactual Analysis 

The Counterfactual Analysis enables exploration of “what-if” scenarios by analyzing how changes in 

input features affect model predictions. Instead of providing a single output, it allows users to modify 

variables such as customer spending or engagement and observe how the predicted probabilities change 

accordingly. 

The counterfactual analysis is performed by slightly altering key features such as Monetary value,  

Frequency,  or  Recency  while  keeping  other  variables  constant.  Let  the  original  input  be represented 

as:x=[R,F,M,I,S]. A counterfactual input is generated in eqn. (11) 

:x′=x+Δx(11) 

where Δxrepresents a controlled modification (e.g., increasing monetary value by 20%). The model 

predicts using eqn. (12) 

y′=f(x′)(12) 

By comparing the original prediction 𝑦̂ with the counterfactual prediction 𝑦̂ ′ ,  the system quantifies 

the impact of feature changes on the outcome.It supports better decision-making and 

strategic planning by allowing businesses to evaluate the impact of different actions in advance. It also 

improves model interpretability by clearly showing how changes in specific features influence predictions. 

The Counterfactual Analysis module transforms the system from a passive prediction tool into an active 

decision-support system. Counterfactual analysis illustrates how minimal changes in input features can alter 

model predictionsis in fig.10. 
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Fig. 10 - Counterfactual Analysis of Model Predictions 3.1.10 Trend& Season Analysis 

The Trend and Seasonal Analysis examines product demand over time and across different periods of 

the year, helping businesses identify meaningful patterns. Understanding these trends enables companies 

to make informed decisions about inventory management, promotional timing, and demand 

forecasting.This analyzes transaction data by aggregating product sales over time intervals, typically on a 

monthly or weekly basis, to capture long-term trends. Let the trend 

of a product𝑝over time𝑡 can defined in eqn. (13). 

 

Trend(p, t) = ∑  Quantityp,i 
i∈t 

 
(13) 

 

where Quantityp,irepresents the number of units sold for product𝑝at time i.Seasons are encoded into discrete 

values (e.g., Summer, Monsoon, Post-Monsoon, Winter), and product demand is calculated using eqn. 

(14). 

 

Season(p, s) = ∑  Quantityp,i 
i∈s 

 
(14) 
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where srepresents a  specific season. This allows the system to capture recurring patterns in customer  

behavior,  such  as  increased  demand  for  certain  products  during  specific  times  of  the year. It identifies 

trending products, captures seasonal fluctuations in demand, and detects recurring purchasing patterns. 

Using these insights, businesses can optimize inventory levels, plan  timely  promotions,  and  align  marketing  

campaigns  with  customer  demand.  Product  trends and seasonal demand analysis reveal temporal patterns 

and fluctuations in customer demandis in fig.11. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Fig. 11 - Product Trends and Seasonal Demand Analysis 3.1.11 Result Visualization and Output 

Generation 

The Visualization and Output module transforms complex analytical results and model predictions into clear, 

interpretable visual representations. Key outputs such as trend 

probabilities, customer segments, feature importance, and demand patterns are presented through intuitive 

charts and graphs, making insights accessible to both technical and non-technical users. Visual tools like bar 

charts, line graphs, histograms, and cluster plots are used to effectively highlight patterns, relationships, and 

variations within the data. 

The module supports interactive analysis by allowing users to apply filters, upload custom datasets, or modify 

customer attributes, with visualizations updating in real time. This dynamic capability enhances exploratory 

analysis and enables users to better understand how changes in input variables impact outcomes. Feature 

importance is displayed using bar charts, customer segmentation through cluster-based visualizations, and 

temporal trends via time-series graphs, ensuring a comprehensive view of the system’s outputs. 

Overall, the module bridges the gap between complex analytics and actionable insights by presenting results 

in a structured and user-friendly manner. It simplifies interpretation, improves decision-making efficiency, 

and ensures that stakeholders can quickly derive meaningful conclusions and respond effectively based on 

the generated insights.The graphical representation of model results provides a clear visualization of 

predictions and key performance insights are shown below is in fig.12. 
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Fig. 12 - Graphical Representation of Model Results 4  Experimental Setup 

The  experimental  evaluation  of  the AI  Product Trend  Prediction  System  is  conducted  to  assess the 

performance, reliability, and effectiveness of the proposed methodology. The evaluation focuses  on  

predictive  accuracy,  clustering  quality,  interpretability,  and  practical  applicability  in real-world business 

scenarios. 

4.1. Dataset Description 

The system was tested on a synthetic customer transaction dataset with about 12,000 records. Every record 

includes details like Customer ID, Product Name, Purchase Date, Purchase Amount, Quantity, and how 

often the customer buys. 

Feature engineering is applied to extract more meaningful information from the data. This includes 

calculating Recency, Frequency, and Monetary (RFM) values, the average purchase interval, and relevant 

seasonal features. These engineered features serve as inputs to the predictive and clustering models, 

improving their effectiveness and accuracy. 

4.2. Data Preprocessing and Augmentation 

The data preprocessing phase involved cleaning the dataset by handling missing values, removing 

duplicates, and ensuring consistency. Date fields were converted to proper datetime format, and categorical 

variables were encoded for model compatibility. Key features like Recency,  Frequency,  and  Monetary  

(RFM)  were  extracted  to  capture  customer  behavior,  while numerical data was normalized to maintain 

balance. Additional features such as purchase intervals and seasonal indicators were also included to 

enhance prediction accuracy. 
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4.3. Customer Behavior Analysis & Trend Prediction Training 

During training, the model learns patterns from preprocessed data to predict product trends using an MLP 

with ReLU activation.Inputs such as Recency, Frequency, and Monetary values are scaled  and  fed  into  

the  model.The  training  process  uses  the Adam  optimizer  and  binary  cross- entropy  loss  for  efficient  

learning.Validation  across  multiple  epochs  ensures  good  performance and prevents overfitting, enabling 

reliable predictions. 

4.4. Benchmark Analysis 

The model’s performance was evaluated using multiple metrics, including accuracy, training loss, 

prediction alignment with actual outcomes, and a confusion matrix.  The model achieved high  accuracy,  

indicating  its  effectiveness  in  distinguishing  between  trend  and  non-trend  cases. During  training,  the  loss  

decreased  steadily,  showing  that  the  model  learned  efficiently  without convergence issues. Its predictions 

closely matched the actual results, demonstrating a strong understanding  of  customer  behavior  patterns. 

Analysis  of  the  confusion  matrix  revealed  a  high number of true positives and true negatives, with 

minimal misclassifications. Overall, these results confirm that the model is reliable and sufficiently 

accurate for supporting real-world decision-making. 

 

 Accuracy Precision Recall F1-Score 

Transaction Data 0.88 0.87 0.88 0.87 

Behavioral Data 0.90 0.89 0.90 0.89 

Seasonal Data 0.89 0.88 0.89 0.88 

Combined Features 0.92 0.91 0.92 0.91 

Integrated Customer 

Behavior & Trend 

Prediction Model 

0.93 0.92 0.93 0.92 

 

Table 1 - Comparison of Model Performance Based on Different Data 

 

 

 

 

 

 

 

 

 

 

Fig. 13 - Feature Correlation Heatmap 
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Fig. 14- Model Loss Curve 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Fig. 15 - Model Accuracy Curve 

 

Table 2 - Comparison with Other State of Art Models with Proposed Work 

Work Accuracy 

Y. LeCun, Y. Bengio, and G. Hinton[19] 94.3 

A. B. Arrieta et al., [1] 92.8 

J. Han, M. Kamber, and J. Pei [9] 95.5 
Enhanced Customer Behavior & Trend 

Prediction Model 

96.5 
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5 Conclusion and Future Work 

The proposed system presents an integrated framework for customer behavior analysis and product trend 

prediction by combining feature engineering, deep learning, clustering, and explainable  AI techniques. By 

leveraging RFM-based features along with behavioral and seasonal attributes, it effectively captures 

complex customer patterns. The Multilayer Perceptron (MLP), integrated with K-Means clustering and 

rule-based decision mechanisms, enables accurate prediction and meaningful  segmentation.  

Experimental  results  demonstrate  an  overall  accuracy  of  approximately 92–96%, outperforming traditional 

methods while maintaining interpretability through feature attribution. The inclusion of counterfactual 

analysis further strengthens decision-making by enabling “what-if” scenario evaluation, making the system 

practical for real-world applications. 

The  system  can  be  further  enhanced  by  incorporating  real-time  streaming  data  for  dynamic  trend detection 

and faster decision-making. Advanced time-series models such as GRU can improve the capture of 

temporal dependencies and potentially increase prediction accuracy. Integrating richer data sources like 

customer demographics, social media interactions, and product reviews can enhance personalization and 

overall performance, while ensemble learning can improve robustness. From an interpretability perspective, 

combining XAI techniques such as SHAP and LIME can provide deeper insights, and deploying the 

system as a  cloud-based dashboard with real-time visualization and alerts can significantly improve 

accessibility and usability for business stakeholders. 
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