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1. Introduction 
Emerging research places particular prioritize increasing importance of Artificial Intelligence (AI) in influence 
branding and purchaser behavior. Leading Electronic-Commerce (e-commerce) websites such as Amazon 
have been incorporating AI technology not only to optimize their promotional campaigns and sales 
performance but also to revolutionize the way business is conducted online [1]. AI technology greatly 
improves competitiveness and the experience of customers for both consumers and organizations. In e-
commerce, product selection plays an important role in determining consumer behavior. There are recent 
trends that investigate the combination of AI and fashion design by using image-generating systems [2]. Post-
pandemic there have been significant modifications related to behavior of users, who prefer online purchases 
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Abstract 
Algorithms have a considerable impact on users' decision making process on online e-commerce websites as recommendation 
systems affect their buying decisions beyond personal preferences. Traditional methods of Deep Learning (DL) and Machine 
Learning (ML) are mainly concerned with modeling click-through rate prediction and purchase prediction. However, these 
methods cannot take into account the behavioral changes due to continuous recommendation exposure. To overcome this 
problem, an algorithm named the Influence-Aware Proximal Policy Self-Attention Memory Network (IA-PP-SM Net) has been 
developed for understanding the dynamic relationship between users and recommendation algorithm in online digital commerce 
context. The IA-PP-SM Net comprises of Proximal Policy Optimization (PPO) with attention-enhanced Long Short-Term Memory 
(LSTM). The first one is used for learning the sequence of user behavior and the latter one learns recommendation policies. In 
addition, the algorithm uses an influence-aware reward system to estimate the behavioral change after exposure to 
recommendations. Moreover, self-attention is introduced to recognize influential past interactions that can affect future user 
behavior. Min-max normalization was used for data preprocessing for the Kaggle dataset, and Principal Component Analysis 
(PCA) was utilized to perform characteristic retrieval combined with simplification of data complexity. The proposed approach 
was modeled through the use of Python programming language utilizing the help of TensorFlow and Keras packages. 
Experimental outcomes revealed that IA-PP-SM Net model achieves higher performance than other models as it is able to attain a 
higher accuracy rate of 0.962. This model is able to efficiently identify the effect of dynamic algorithm on recommendation 
systems for online commerce. 
 
Keywords: Proximal Policy Optimization (PPO), User Behavior Prediction, Long Short-Term Memory (LSTM), Decision Making, E-
commerce.  
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because of convenience, access to the Internet, and globalization. Even consumers who are not technologically 
adept are opting for online purchasing owing to their convenience and payment options [3]. User Behavior is 
an essential element that affects the functioning of brands through interactions via mobile devices and social 
networks. E-word-of-mouth (E-WOM) and reviews posted on the Internet contribute as a crucial function in 
improving trust and purchasing decision-making, usually more than any other marketing effort [4]. The 
recommendation systems in the online world provide a means to minimize information overload by providing 
personalized options. Besides technical purposes, they can also affect how people interpret the outcomes of 
their algorithms [5]. Time and personalized recommendation systems improve making decision based on 
data in online retailing. These recommendation systems are applied on popular sites such as Amazon and 
Taobao to minimize the costs involved in searching for information by linking recommendations with 
changing customer tastes [6]. 
 
1.1 Research Aim: This research proposes the development of an Influence-Aware Proximal Policy Self-
Attention Memory Network (IA-PP-SM Net) to model user–algorithm interactions in e-commerce systems. 
The proposed model consists of PPO with attention-enhanced LSTM network for detecting behavioral changes 
induced by algorithms. 
 
1.2 Research Organization: Section 1 discusses problem statement and the purpose, Section 2 provides the 
literature review on recommendation systems for e-commerce, Section 3 details the proposed IA-PP-SM Net 
approach, including data preprocessing and model architecture design, Section 4 gives the experiments and 
performance evaluation, Section 5 ends with the conclusion of the present model. 
 

2. Literature Review 
The research [7] was held to improve e-commerce personalization through the implementation with Model-
Driven Development (MDD) and Generative AI. It aimed at improved user satisfaction by 2.3%, 18.6%, and 
11.8% for the selected parameters, but suffers from data dependence and scalability issues. Deep Learning 
(DL), Isolation Forest, and Natural Language Processing (NLP) methods were used to find anomalies in e-
commerce data, focusing on improving the platform's security and fraud detection. The model attained an 
accuracy of 0.83; however, it suffers from several limitations, including dependence on the dataset used 
[8].The research involved using Spider Monkey Optimized-Deep Neural Networks (SMO-DNN)[9] for 
predicting customer behavior based on consumer data, clickstream data, and sentiment analysis data. The 
model showed an improved accuracy; however, it has limitations related to high computational cost and 
dependence on data.The research [10] investigated the recommendation systems by incorporating e-loyalty 
variables like purchasing frequency and interaction through various models and datasets for enhanced 
customization. This method yielded a hit-rate@20 of 0.018 using ds1 with g4 variables. Nonetheless, it is 
constrained by its reliance on data sets and variable choices.Machine Learning (ML) classification models and 
Knuth-Morris-Pratt (KMP)-based multivariate pruning methods [11] were conducted using e-commerce 
transactions for the analysis of website usability and user behavior. The accuracy obtained for the developed 
models was 94.2%. However, the method suffers from poor interpretability and implementation issues.The 
research in [12] developed a fake product detection model using image analysis employing Convolutional 
Neural Network (CNN), integrated via transfer learning and data augmentation techniques to improve 
classification. The research generated recall 95% and accuracy 90%, demonstrating its effectiveness in 
identifying counterfeit products. The research utilized linear regression modeling through Diverse 
Counterfactual Explanations (DiCE) for optimizing the rate structure of mobile phones based on relevant 
product attributes affecting price. The methodology yields an R² score of 96.15%. Nonetheless, its limitations 
include linear assumptions and dependency on features [13].Ordered Clustering Based Algorithm (OCA) [14] 
was suggested to enhance the e-commerce recommender system by tackling the obstacles of initial beginning 
and records limited availability through user clustering based on collaborative filtering. This technique 
performs better than Hierarchical Clustering Analysis (HCA), where precision, recall, and F-measure scores 
are better at 10.24%, 14.55%, and 11.23% respectively. The research aimed at analyzing clickstream data 
through various machine learning (ML) techniques such as Decision Tree (DT), Random Forest (RF), Support 
Vector Classifier (SVC), and Logistic Regression (LR) to measure the impact of time spent reviewing product 
details on purchasing activity. Out of the mentioned models, the SVC performed better with 0.9021 test 
accuracy. But despite its effectiveness, there were certain shortcomings in the model concerning scalability, 
dependency on features, and capturing the complex behavioral characteristics of users [15]. The research [16] 
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applied techniques of feature engineering and ensembling to forecast purchase intentions in e-commerce. The 
RF classifier gave an accuracy  0.892 and Area under the Receiver Operating Characteristic curve (AUC-ROC) 
of 0.934, while Extreme Gradient Boosting (XGBoost) had overall AUC-ROC of 0.952, accuracy of 0.908, and 
Light Gradient Boosting Machine (LightGBM). 
 

3. Methodology  
The model illustrated in Figure 1 presents the architecture of an end-to-end user behavior prediction system 
for e-commerce applications. The process begins with data loading, followed by data preprocessing using 
Min–Max normalize the input data. Subsequently, behavioral, aggregational, and temporal features are 
extracted, and dimensionality reduction is performed using PCA to improve computational efficiency and 
reduce feature redundancy. During the prediction phase, the attention based LSTM algorithm is employed to 
identify sequential user behavior patterns, while the optimization process is enhanced through 
Reinforcement Learning (RL) using the PPO algorithm, where the reward signal serves as an input for 
adaptive learning and policy improvement. 

 

Figure 1: Method flow of developed approach 

3.1 Data Collection 
Dataset obtained through the Kaggle source (https://www.kaggle.com/datasets/marwa80/userbehavior) is 
employed in this research to predict the user behavior in e-commerce, where the dataset contains sequential 
interactions like click, view, and purchase actions. The overall count of records inside the dataset represents 
approximately 1 million, which makes it adequate for DL experiments. Dataset is organized into 80:20 
partition, where 80% is used for training, while 20% is utilized for testing. 
 
3.2 Min-Max Normalization-Based Preprocessing 
The Min-Max Scaling is utilized to transform the diverse e-commerce engagement attributes, including clicks, 
transactions, recommendations shown, and metadata, so that all of the attributes have an equal influence on 
the modeling process, and no single attribute with large values can overshadow the others. The purpose of 
the transformation is to map all of the attributes into a common range, usually [0,1]. 

v′ =
v−min(maxd−mind)

max  −min
+ mind                                                                                                                    (1) 

In Equation (1), v′ refers to the normalized value of the interaction feature,vdenotes the original value of the 
user behavior, maxdand mind denote themaximum value andminimum value of the feature d, respectively; 
min and maxare the minimum and maximum values. 
 
3.3 Dimensionality Reduction by Principal Component Analysis (PCA) 
To facilitate robust attribute learning in modeling interactions in e-commerce settings, the PCA technique is 
used after preprocessing data that includes variables such as click rate, purchase rate, recommendation, and 
product information. The rationale behind this approach is that the features exist on different scales; 
therefore, they must be standardized to ensure that each variable contributes equally to the model and does 
not disproportionately influence the learning process. 

Klm =
(Ylm−μlm)

σlm
                                                                                                                                             (2) 

In Equation (2),Klm denotes the feature value of the standardized interaction, Ylm refers to the feature value of 
the original behavior,lrepresents the index value of the user interaction, m denotes the identification 
feature,μlm refers to the average feature value of the indexland feature of identificationm, σlm denotes the 
feature of the standard deviation of the index land feature of identification m, Y represents the original or raw 
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feature value before the standardization process, σ  denotes the standard deviation, μ denotes the mean and 
the K refers to the value of standardization. 
 
3.4 User behavior Prediction in E- commerce platform using Influence-Aware Proximal Policy Self-
Attention Memory Network (IA-PP-SM Net) model 
The proposed IA-PP-SM Net model combines an encoder–Long Short-Term Memory (LSTM)–attention–
decoder architecture with PPO based Reinforcement Learning to predict user behavior and optimize 
recommendations in e-commerce platforms. The encoder-LSTM captures temporal dependencies in user 
activities such as clicks, purchases, and browsing patterns. The attention mechanism identifies influential past 
interactions to improve prediction accuracy, while the decoder predicts future user actions at different time 
steps. Furthermore, PPO reinforcement learning continuously updates the recommendation policy by 
balancing exploration and exploitation to deliver adaptive and personalized recommendations. 
 
3.4.1 User behavior Prediction using Self-Attention Memory Network: The proposed e-commerce user 
behavior prediction model uses an encoder–LSTM–attention–decoder model to process sequential user 
interaction information like clicks, purchases, recommendation views, and item attributes. LSTM can learn the 
patterns in the temporal information of user activities and capture their temporal dependencies. Attention is 
used on top of LSTM hidden states to pinpoint those past events that affect future user decisions. Finally, the 
decoder leverages the LSTM final hidden state and attention context to make multi-step forecasts of user 
engagement with one forward pass through the network. Such a model allows for robust predictions of short- 
and long-term behavioral changes in digital commerce settings. 

αj = softmaxj (
rSlj

√c
)                       (3) 

d = ∑ αjuj
Sin
j=1                                   (4) 

In Equation (3& 4), αjrefers weight score of the attention, softmaxtransforms raw scores to probabilities,lkey 

representation at time step,  j refers to the index of input elements,lj denotes the compressed representation, 

crefers to the scaling factor of the dimensionality of the feature and √c denotes the factor of scaling.rvector 
representation of the query, S denotes step of the current sequence,udenotes feature of input, uj value feature 

vector at the time step, ddenotes the vector representation of the context, Sin input sequence length 

steps,∑  
Sin
j=1 combines the value vectors through weighting into one overall context representation 

incorporating patterns of influential user behaviour. 

vec(Ẑ) = Xp[ySin‖d] + ap,Ẑ ∈ ℚSout×2(5) 

In Equation (5),Ẑis the output matrixof prediction, vec refers to the vectorization, Xp refers to the projection 

matrixof learning, ap is a termofbias, ℚrefers to the set ofrational numbers, Ẑ ∈ ℚSout×2 refers to the output 

2D sequence, and 𝐲target of theinput. 

ϰ = λ1.
1

Sout
∑ ‖T̂s+i − Ts+i‖2

2Sout
i=1 + λ2. |ŝstop − sstop|λ3.

1

Sout−1
∑ ‖T̂s+i+1 − T̂s+i‖2

2Sout−1
i=1  (6) 

In Equation (6), ϰdenotes the loss value of the overall training,λ1, λ2, andλ3denotes the weight factor 
ofsequence error, Sout refers to the length steps of the prediction horizon, Ts+irefers to the interaction state of 
the true future, T̂s+idenotes the state value of the predicted interaction, sstopis the time index of the actual 

stopping, ŝstopdenotes the time index of the predicted stopping, ∑  
Sout
i=1  and   ∑  

Sout−1
i=1 considers the sum of all 

present and previous prediction errors to calculate overall trajectory error,|ŝstop − sstop|denotes difference 

ofabsolutestopand ‖T̂s+i+1 − T̂s+i‖2

2
 refers to the magnitude of squared difference.Srepresents the current 

time step or present interaction index, idenotes the iteration index used in the summation process. 
T̂represents the predicted interaction state generated by the model. ‖ ‖2

2denotes the squared Euclidean (L2) 
norm used to measure prediction error magnitude. 

jŝtop = min{i ∈ [2, Sout]|ci < εstop},εstop = 0.01n    (7) 

In Equation (7), ĵstop denotes the step index of the predicted stopping, ci denotes the magnitude value of 

displacement, εstop denotes the tolerance value of the stopping threshold, min selects the time step of the 

minimum value,i denotes the index of time step, i ∈ [2, Sout]refers to the range sequence index, ci <
εstopsatisfied stop criterion andn is a parameterof scaling.ĵ represents the predicted stopping-step index, ∈ 

denotes that the index belongs to the specified range.  
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3.4.2 Hyperparameter tuning with Proximal Policy Optimization (PPO): PPO is adopted to optimize the 
recommendation policy in e-commerce platforms, where the decisions of users are affected by algorithmic 
exposure that is not explicitly preferred by the users. The learning process is driven by interaction feedback, 
such as clicks, purchases, and exposures that help capturing the immediate reactions and behavioral changes 
in the long term. PPO enhances the stability of the training process through clipping the objective between the 
current and the previous policy. The advantage function is employed to evaluate the actions for balanced 
exploration and exploitation. 

𝐾𝐶𝐿𝐼𝑃(𝜃) = 𝐹̂𝑠[𝑚𝑖𝑛(𝑞𝑠(𝜃). 𝐵̂𝑠, 𝑐𝑙𝑖𝑝(𝑞𝑠(𝜃), 1 − 𝜀, 1 + 𝜀). 𝐵̂𝑠)]      (8) 

In Equation (8), 𝐾𝐶𝐿𝐼𝑃(𝜃) refers to the loss function of clipped policy, 𝜃 denotes the vector set of the policy 
parameters,𝐹̂𝑠denotes the value that are expected over time, 𝑞𝑠(𝜃) refers to the ratio of probability in policy, 
𝐵̂𝑠denotes the value of estimated function, 𝜀 refers to the parameter value of the clipping threshold, 𝑚𝑖𝑛 
represents the operator function of the minimum selection, 𝑐𝑙𝑖𝑝denotes the ratio of bounds within the limits, 
𝐾 denotes the optimization of the clipped policy, 𝐹 denotes the operator computed expectation, and𝐵 denotes 
the value of the estimated advantage. 

𝑞𝑠(𝜃) =
𝜋𝜃 (𝛼𝑠|𝑡𝑠)

𝜋𝜃𝑜𝑙𝑑
(𝛼𝑠|𝑡𝑠)

  (9) 

In Equation (9), 𝜃𝑜𝑙𝑑  refers to the parameters of the prior policy,𝜋𝜃 (𝛼𝑠|𝑡𝑠)refers to the action-taking 
probability, 𝜋𝜃𝑜𝑙𝑑

(𝛼𝑠|𝑡𝑠) refers to the action-taking probability of the same action based on the old policy, 

𝑡𝑠denotes the time step of the state, and𝛼𝑠 denotes theactionpolicy taken at the step of time. 
𝐵̂𝑠 = 𝑄𝑠 − 𝑈(𝑡𝑠) (10)    
In Equation (10),𝑄𝑠  refers to the overall reward received from the time step, 𝑈(𝑡𝑠) denotes the function of 
State Value, 𝑄 stands for the good actions that are done in the state, and 𝑈stands for the quality of the state. 
 
3.4.3 Hyperparameter of the proposed model: The IA-PP-SM Net model under consideration involves the 
application of reinforcement learning based on PPO, self-attention, and a sequential memory mechanism for 
adaptive behavioral prediction of users. It uses the following parameters: discount factor is equal to 0.99, the 
learning rate is set to (3 \times 10^{-4}), and PPO clip value is 0.2. Model efficiency is enhanced by multi-head 
self-attention mechanism, 128-dimensional embedding vectors, usage of Gated Recurrent Unit (GRU)/LSTM 
memory units, drop-out method, and Gaussian Error Linear Unit (GELU) or the Rectified Linear Unit (ReLU) 
functions. 
 

4. Results  
Result outcomes from experiments supports applicability of the suggested IA-PP-SM Net model in effectively 
modeling dynamic user behavior and achieving improved recommendations via adaptive learning, attention-
based sequential modeling, and PPO-based optimization. The model is developed in Python 3.9/3.10 
environment, which uses PyTorch 2.0+, Stable-Baselines3 PPO, NumPy, SciPy, Pandas, and Matplotlib libraries. 
The experiments were performed on Intel Core i7/AMD Ryzen 7 processors, having NVIDIA RTX 3060/3080 
GPU, 16-32 GB RAM, SSD drive, CUDA 11.8/cuDNN, Jupyter notebook, and Visual Studio Code environment. 
 
4.1 Explorative Data Analysis: Figure 2 provides an overall picture of feature analysis on the user behavior 
prediction model. Figure 2(a) displays how feature values vary with respect to various indices, emphasizing 
the presence of volatility and dynamic behaviors in the dataset. Figure 2(b) presents the distribution of 
feature values, suggesting the extent to which samples exist within specific ranges. Figure 2(c) explains the 
correlation matrix between various features, showing whether the relationship is positive, negative, or weak, 
and hence affecting the learning process and the prediction of user behavior. Figure 2(d) presents the 
smoothed trend lines through the moving average methods with a range of 10 points and 30 points. 
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Figure 2: Visualization of (a) Variation of Feature Trend, (b) Analysis of Feature Distribution, (c) 
correlation matrix, (d) Trends of Moving Average 
 
4.2 Evaluation Metrics: Classification performance measurement standards namely F1-score, AUC-ROC, 
accuracy, recall, and precision are designed to validate suggested approach aimed at predicting user behavior 
across e-commerce portals. Accuracy represents the final count of correct detections created by the algorithm, 
while precision assesses how many of the predicted positives are indeed relevant. Recall represents the 
capability of the algorithm in identifying all the true samples. F1-score equalizes the recall and precision 
measures for robust performance evaluation on imbalanced interaction data. AUC-ROC metric indicates how 
effectively the recommendation influence is distinguished by the model.  
 
4.3 Performance analysis: Table 1 and Figure 3 illustrate the performances of different types of machine 
learning techniques regarding multiple quantitative measures that include Precision, F1-Score, AUC-ROC, 
Recall, and Accuracy. The traditional models, especially Naive Bayes (NB) [16], DT [16], along with RF [16], 
exhibit average performances according to efficiency and accuracy. SVM [16] and logistic regression [16] have 
balanced results but take more time in training. Advanced algorithms such as XGBoost [16], LightGBM [16], 
and NN [16] offer a high degree of precision, but they are still outmatched by the proposed IA-PP-SM Net that 
achieved maximum values of Precision (0.964), F1-Score (0.962), AUC-ROC (0.978), Accuracy (0.962), and 
Recall (0.960). The major advantage of this technique comes from its ability to utilize self-attention, 
sequential memory learning, and PPO optimization. 

Table 1: Performance Evaluation of Baseline Approaches with Implemented Method 

𝑨𝒍𝒈𝒐𝒓𝒊𝒕𝒉𝒎  𝑭𝟏
− 𝑺𝒄𝒐𝒓𝒆 

 𝑹𝒆𝒄𝒂𝒍𝒍 𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏 𝑨𝑼𝑪
− 𝑹𝑶𝑪 

 𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚  

𝑁𝐵 [16]  0.757  0.781 0.734 0.841  0.763  
𝐷𝑇 [16]  0.837  0.851 0.823 0.879  0.847  
𝑅𝐹 [16]  0.879  0.883 0.876 0.934  0.892  

𝑆𝑉𝑀 (𝐿𝑖𝑛𝑒𝑎𝑟) [16]  0.828  0.839 0.817 0.867  0.829  
𝑆𝑉𝑀 (𝑅𝐵𝐹) [16]  0.858  0.868 0.849 0.901  0.861  

𝐿𝑅 [16]  0.828  0.845 0.812 0.876  0.834  
𝑋𝐺𝐵𝑜𝑜𝑠𝑡 [16]  0.898  0.901 0.895 0.952  0.908  

𝐿𝑖𝑔ℎ𝑡𝐺𝐵𝑀 [16]  0.893  0.897 0.889 0.948  0.903  
𝑁𝑁 [16]  0.885  0.887 0.883 0.941  0.896  

𝐼𝐴 − 𝑃𝑃 − 𝑆𝑀 𝑁𝑒𝑡 [𝑃𝑟𝑜𝑝𝑜𝑠𝑒𝑑]  0.962  0.960 0.964 0.978  0.962  
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Figure 3: Performance evaluation of Existing and Proposed Models  
 
All existing models have been re-trained based on the Kaggle User Behavior Dataset with identical 
experimental conditions to perform a fair comparison as presented in Table 2. Similarly, all existing models 
were analyzed using identical procedures for data pre-processing, i.e., min-max normalization, feature 
extraction using PCA approach, and evaluation measures. The results of comparative analysis show that IA-
PP-SM Net is superior to the other models when it comes to classification, behavior prediction, interaction 
learning, resource allocation, and intelligent adaptation. 
 
Table 2: Retrained Analysis of Existing and Proposed Models 

𝑨𝒍𝒈𝒐𝒓𝒊𝒕𝒉𝒎 𝑭𝟏 − 𝑺𝒄𝒐𝒓𝒆  𝑹𝒆𝒄𝒂𝒍𝒍 𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏  𝑨𝑼𝑪 − 𝑹𝑶𝑪 𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚  

𝑁𝐵 0.772  0.793 0.752  0.852 0.781  

𝐷𝑇 0.848  0.861 0.836  0.887 0.854  

𝑅𝐹 0.888  0.892 0.884  0.941 0.901  

𝑆𝑉𝑀 (𝐿𝑖𝑛𝑒𝑎𝑟) 0.836  0.847 0.826  0.874 0.838  

𝑆𝑉𝑀 (𝑅𝐵𝐹) 0.867  0.876 0.858  0.913 0.873  

𝐿𝑅 0.836  0.851 0.821  0.883 0.842  

𝑋𝐺𝐵𝑜𝑜𝑠𝑡 0.906  0.909 0.903  0.958 0.917  

𝐿𝑖𝑔ℎ𝑡𝐺𝐵𝑀 0.900  0.904 0.897  0.953 0.911  

𝑁𝑁 0.893  0.896 0.891  0.947 0.904  

𝐼𝐴 − 𝑃𝑃 − 𝑆𝑀 𝑁𝑒𝑡 0.962  0.960 0.964  0.978 0.962  

 

4.4 Discussion  
Classic ML and DL algorithms provide good classification results; yet, their drawbacks include scalability 
problems, computation efficiency issues, feature dependence, and adaptive learning ability. The NB algorithm 
[16] enables quick classification based on probabilities yet fails to recognize feature dependences and non-
linear feature interrelations. DTs [16] allow interpretability of predictions yet are vulnerable to overfitting 
and instability. The use of ensemble learning in RFs [16] leads to better prediction quality yet increases 
memory usage and time needed for training. SVM classifiers based on linear and RBF kernels [16] ensure high 
precision of classification yet need more computation power when handling big data sets. Both XGBoost [16] 
and LightGBM [16] improve prediction performance; however, they suffer from sensitivity to hyperparameter 
setting and problems related to imbalanced features. NN [16], on the other hand, is capable of capturing 
complicated behavioral patterns but needs considerable amounts of computation and memory when training. 
On the contrary, the proposed IA-PP-SM Net addresses such weaknesses by offering better adaptability, 
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efficient context learning, resource optimization, enhanced decision intelligence, and generalized capability in 
predicting user behavior. 
 

5. Conclusion 
IA-PP-SM Net models consider the impact of the behavioral pattern by means of attention enhanced LSTM and 
PPO to capture the sequential behaviors and significant past behaviors along with an adaptive 
recommendation technique. The model experiments conducted using the Kaggle User Behavior dataset 
showed good results maintaining an F1-score 0.962, accuracy score of 0.962, recall 0.960, precision 0.964, 
similarly AUC-ROC 0.978. This makes it better than other conventional ML/DL models in predicting behaviors 
and adaptively recommending products to users. Limitations of this model include dependency on historical 
interaction data and computational expenses during RL optimization process. Techniques like Explainable AI, 
Multimodal Learning, and Instant Recommendation could be developed in future research.  
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