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Abstract - Affective computing is becoming a field 

that needs scalable solutions to the inference of 

classifying synthetically defined emotional states 

without the necessities of using physiological 

measurements. The work suggests a classifier-free, 

hardware-agnostic supervised machine learning 

system, based on behavioral and interaction based 

proxies, such as typing dynamics, click latency, 

response patterns and navigation behavior, to classify 

emotions in digital UIs. An artificial behavioral 

dataset has been created and also tested on Logistic 

Regression, Random Forest, Gradient Boosting, and 

LSTM. Comparable classification performance was 

shown in experimental results, whereby, Logistic 

Regression and LSTM achieved the highest accuracy 

of 72.5% with LSTM rating the highest ROC-AUC of 

0.876. The results suggest that behavioral signals are 

meaningful alternatives to affective computing with 

biosensors, and can be used to scale affective-aware 

digital applications based on adaptable and intelligent 

machine learning systems. 

Keywords - Affective Computing, Supervised 

Machine Learning, Behavioral Proxies, Emotion 
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I. INTRODUCTION 

Background and Motivation 

The fast development of smart digital interfaces has 

brought about the need for systems that can 

comprehend user emotions. Affective computing 

supports individual interactions in the fields of 

education, health, consumer services and adaptive 

apps [1]. The current methods involve the use of facial 

expressions, speech analysis and physiological input 

but in most cases these methods rely on specialized 

sensing technology and controlled environments [2]. 

In contrast to traditional affective computing methods 

based on facial data, verbal communications, or 

physiological data, behavioral interaction-based 

inference offers a scalable alternative since it makes 

use of naturally generated digital footprints from real-

life interactions between a user and another. 

Limitations of Existing Biosensor-Based Emotion 

Recognition 

Emotion recognition systems that are based on 

biosensors require EEG, ECG, GSR, and wearables to 

record physiological reactions [3]. Despite their 

effectiveness, such practices are expensive in terms of 

hardware, inconvenience to the user, concern on 

privacy concerns, and difficulty in deployment [4]. 

The fact that they are dependent on specialized 

equipment reduces their scalability and cannot be 

easily integrated into common digital platforms 

without extra sensing infrastructure. 

Research Problem 

Current systems of affective computing are highly 

reliant on the use of biosensors including EEG, ECG, 

and GSR, thus making it challenging to scale it to 

everyday digital platforms [5]. Physiological 

monitoring devices are often inaccessible in most 

software environments [6]. There is a demand for 

supervised machine learning methods that can be used 

to make inferences regarding emotional states via 

behavioral interaction proxies, such as typing 

behavior, clicking behavior, minimal latency, and 

navigation behavior 

Research Aim 

The study aims to create a machine learning-based 

emotional inference framework through behavioral 

and interaction-based digital proxies as an alternative 

to conventional physiological methods of sensing 

emotion. 

Research Objectives 
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● To explore the behavioral signs that can be 

used to infer emotions in online interfaces. 

● To produce an interaction-based and feature-

based supervised machine learning 

classification method. 

● To assess the usefulness of behavioral 

proxies to predict emotional states. 

● To examine the possibility of hardware-

independent affective computing systems to 

scalable digital applications. 

Research contribution 

The study adds to the literature of an independent, 

biosensor-free method of behavioral interaction 

proxy-based emotion state inference. The suggested 

solution presents a behavioral feature engineering 

design, managed machine learning classification 

pipeline, and profit-driven affective computing design. 

Such donations make possible the creation of smart 

digital interfaces that can accommodate users without 

necessitating any physiological monitoring devices. 

II. RELATED WORK 

Digital Interfaces Behavioral Interaction Cues to 

Emotional Inference 

Affective computing studies have found more and 

more research that investigates the behavioral signals 

as an alternative to physiological observations to gain 

knowledge about users' moods [7]. The dynamics of 

typing and interaction speed, hesitation patterns, and 

navigation behavior may be useful indicators of 

cognitive and emotional states [8].  

 

Fig 1. Multimodal Detection of Emotional and 

Cognitive States 

Yet, a large number of methods fail to provide a robust 

real-world applicability due to small datasets and lack 

of controlled experimental conditions [9]. Although 

behavioral indicators are more accessible, their 

correlation with classifying synthetically defined 

emotional states is intricate since the same pattern of 

interaction can indicate diverse psychological 

conditions in users and situations. 

Machine Learning Classification under supervision 

with Behavioral and Interaction based features 

Machine learning methods have assumed a major role 

in classification of emotions by converting behavioral 

features into prediction elements [10]. Classical 

supervised methods, such as logistic regression, 

random forest, and gradient boosting, have been 

shown to be successful in discerning interactions 

based on interaction data [11]. The current research 

tends to focus on prediction accuracy but offers little 

discussion of the ability to analyze aspects of feature 

interpretability and generalization [12]. Despite the 

high success of deep learning models like LSTM 

networks in sequence behavior modeling, they often 

need huge datasets and augment computational 

complexity [13]. Thus, the notion of incorporating a 

balance between predictive performance, 

explainability and practical deployment is still an 

unsolved problem.  

 

Fig 2. Machine Learning Human Behavior 

Detection 

Accurate prediction of the emotional state with 

Behavioral Proxies 

Behavioral proxies are a hardware-free substitute to 

emotion inferences, based on naturally produced 

digital patterns of interaction [14]. Response time, 

typing mistakes, and the frequency of the interaction 

may be correlated with frustration, engagement, and 

cognitive workload emotions [15]. The behavioral 

proxy methods have numerous problems with 
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individual differences, situational characteristics, and 

unreliable emotional manifestations [16]. The current 

evidence indicates possible efficacy but is not 

thoroughly tested in a variety of digital settings [17]. 

This underscores the importance of adequate 

assessment systems to identify the validity of 

behavioral cues determining whether or not 

physiological stimuli can be substituted. 

 

Fig 3. Effect of Emotional Intelligence on the 

Accuracy of Facial Expression Recognition 

Hardware-Free Affective Computing to Saleable 

Emotion-aware Digital apps 

Hardware-independent affective computing is a huge 

move to the move towards physiological computing a 

move to intelligent interfaces that are scalable [18]. 

Past methods based on EEG, ECG, and GSR offer 

great economic insights into emotions but are 

constrained by issues such as cost, privacy issues, and 

inaccessibility [19]. Behavior-based systems do not 

have such limitations as they enable emotion-aware 

applications without the need of special sensors. 

However, ethical surveillance, user consent, and bias 

in predictions are underrepresented [20]. So, more 

studies have to be carried out to achieve a clear 

understanding of scalable and responsible machine 

learning systems that can be used in the 

implementation of adaptive digital services in the real 

world [21]. 

 

Fig 4. Adequate review of affective computing 

Research Gap 

The capabilities of the behavioral interaction signal in 

the inference of emotions have already been proved in 

the existing literature, but very little has been done to 

jointly create and implement behavioral feature 

engineering, controlled machine classification and 

deploy the system to work independently of a specific 

hardware [22]. The study fills this gap by creating a 

scalable model of emotional state inference of daily 

digital interfaces. 

III. PROPOSED BEHAVIOURAL 

EMOTION INFERENCE 

FRAMEWORK 

Overview of Proposed Framework 

 

Fig 5. Recommended Behavioral Emotion 

Inference Framework  

The proposed framework offers hardware-

independent emotional state inference by converting 

naturally generated user interactions in behavioral 

cues. Its architecture is User Interaction → 
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Behavior Data collection → Feature Extraction 
→ Behavioral Features Representation → 
Machine Learning Classification → Emotional 
State Prediction → Adaptive Digital response. 
This closed processing pipeline allows digital 

interfaces to identify the presence of emotions without 

EEG, GSR, ECG or wearable sensors. 

Behavior Data Layer 

The behavioral data are measured in four dimensions 

of interactions. Typing behavior encompasses typing 

speed, duration of key-press, number of typing 

mistakes, and duration of pause. Interactions of the 

mouse record the latency of clicking, speed of 

movement and cursor hesitation [23]. Navigation 

behavior involves page switching, frequency of 

interaction and search pattern and response behavior 

measures completion time and delays. A combination 

of such unobtrusive signals will be seen as possible 

proxies of emotions. 

Behavioral Feature Engineering 

The raw interactions are converted to a feature vector: 

X = [𝑥1,𝑥2,…,𝑥𝑛]  

and X is the behavioral profile of each 

user, and xn is an individual feature. 

Response and pause duration are 

temporal features; click frequency and 

paths of navigation are features of 

interaction, words per minute and 

errors are typing features, duration of 

activities is an engagement feature 

[24]. Continuous variables are 

standardized as =z(x−μ)/σ, where μ and 

σ denote the feature mean and standard 

deviation.  

Emotional State Representation Model 

The aim of the classification is set to Y = [P, N, U], 

where P, N and U are the positive, negative and neutral 

states. Satisfaction or engagement is established by 

positive states and frustration or stress is indicated by 

negative ones. 

Machine Learning Classification Framework  

Experimentally, the Logistic Regression, Random 

Forest, Gradient Boosting models, and LSTM should 

be compared using the framework. Gradient Boosting 

is a progressive error minimizing classification, 

logistic Regression gives an interpretable baseline, and 

random forest nonlinearly captures relationships [25]. 

Only when we have sequential typing or interaction 

data should LSTM be involved. The expression of 

classification is 

𝑌̂= f(X;θ)  

where f is the trained classifier, 0 is the model learned 

parameters and Y is the estimated state of emotion. 

IV. RESEARCH METHODOLOGY 

Research Design 

The study adopts a quantitative experimental design to 

develop and evaluate a supervised machine-learning 

framework for classifying synthetically defined 

emotional states from behavioral interaction features. 

The method involves learning to analyze synthetic 

behavioral interaction data and classify performance 

based on supervised learning models. It is an 

experimental procedure that assesses the ability of 

behavioral proxies to predict emotional states in the 

absence of physiological measurements. The 

classification task can be defined as: 

Y=f(X)  

where X shows behavioral input features, f is the 

machine learning classifier and Y is the label of 

emotional state that is predicted. 
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Fig 6. Framework Workflow 

Dataset Description 

Since publicly accessible behavioral emotion data are 

not readily available, a synthetic behavioral dataset is 

created to model realistic patterns of interaction on the 

Internet [26]. The dataset is a record of user behavior 

such as typing, mouse handling and navigation 

behavior.  

The experimental dataset of 3,000 observations is 

created to model the behavioral interactions in the 

digital setting. To supply controlled data to assess 

supervised classification models, features like typing 

speed, response latency, clicking behavior, navigation 

pattern, error rate, and engagement were calculated to 

present controlled data.  

The emotional ground-truth labels are artificially 

characterized as positive, neutral and negative instead 

of being acquired by human participants. The labels 

are presented based on predetermined behavioural 

patterns that interconnected simulated typing, latency, 

clicking, navigation, error, and engagement features 

and characteristics with each synthetic emotional-state 

category. 

TABLE I. Behavioral Interaction Features Used 

for Emotional State Inference 

Feature Description 

Typing speed Words per minute during 

interaction 

Latency Response delay between actions 

Click behavior Interaction hesitation and 

frequency 

Navigation 

pattern 

User activity and page 

movement 

The resulting data set includes the behavioral 

characteristics that can be characterized by emotional 

categories: positive, neutral, and negative states. 

Data Preprocessing 

Preprocessing is done on the synthetic data in an effort 

to enhance the reliability of the model [27]. The 

estimation of preprocessing parameters was done 

solely using the training data and then applied to 

validation and test sets, to avoid data leakage. Test 

measurements were not visible at all throughout the 

preprocessing, model training, and hyperparameter 

selection. Missing values are addressed using 

statistical methods to replace them, and feature scaling 

performs normalization: 

𝑋′ = 
𝑋−𝜇 

𝜎 
 

where X is the scaled feature value, 𝑋′ is the original 

feature, μ is the mean and S is the standard deviation. 

Other tasks involve eliminating noise, feature 

selection, and class balancing to enhance the 

classification. Using stratified sampling allowed 

preserving the proportion of classes in the dataset, 

which is split into 80% training and 20% testing 

subsets. The developed models are trained and final 

predictive performance is assessed by the independent 

test set. 

Model Development 

Four supervised machine learning models are 

implemented and compared. The use of Logistic 

Regression as an interpretable baseline, Random 

Forest to establish nonlinear relationships between 

behavior and Gradient Boosting to enhance the 

predictive performance by reducing error after error is 

applied to improve the predictive performance. LSTM 

is also proposed to be used in sequential typing and 
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interaction patterns [28]. To train LSTM, the 

observation of behavior was structured into sequences 

in the order of the successive interactions. All input 

examples thus included a sequence of time steps that 

allowed the LSTM to acquire time-dependent 

correlations between behavioral aspects. 

The training data is stratified 5-fold with similar 

proportions of classes across each fold. Detailed 

fragmentation is implemented by rotating the models 

and validating them in different folds to give a better 

evaluation of performance. 

The operation of forecasting is known as: 

𝑌̂ =f(X;θ)  

Where θ represents learned model parameters.  

TABLE II. Machine Learning Model 

Configuration 

Model Configuration 

Logistic 

Regression 

max_iter=1000 

Random Forest 200 estimators 

Gradient 

Boosting 

default learning optimization 

LSTM 64 units, dropout 0.3, dense 

layer 32 

Pseudo code 

Begin  

1. Collect behavioral interaction 

signals.  

2. Extract typing, latency, and 

navigation features.  

3. Generate behavioral feature 

representation.  

4. Train supervised ML 

classifiers.  

5. Classify emotional state 

labels.  

6. Generate adaptive digital 

response.  

7. Update model using feedback 

data.  

End  

Evaluation Metrics 

There are various classification metrics to measure 

model performance. 

TABLE III. Evaluation Metrics for Machine 

Learning-Based Emotion Classification 

Metric Purpose 

Accuracy Overall prediction performance 

Precision Correct positive predictions 

Recall Detection capability 

F1-score Balance between precision and recall 

ROC-AUC Classification robustness 

These steps offer a full assessment of the behavioral 

proxy efficiency in prediction of emotional states. 

Such assessment metrics allow systematic comparison 

of classification models, in terms of predictability, 

error behavior, and predictive performance. Accuracy 

gives an overall effectiveness, whereas, precision and 

recall determine model consistency in recognizing 

emotional categories [29]. The F1-score can be used to 

deal with the issue of class imbalance and ROC-AUC 

helps to determine the capability of differentiating 

between behavioral emotion states at various 

classification thresholds. 

V. RESULT AND DISCUSSION 

 



2025, Vol 2 Issue 4 | 51 

International Journal of 

IT MANAGEMENT AND COMMERCE 
Peer Reviewed, Referred & Indexed Journal 

                                            ISSN: 3143-4274                                            www.ijimc.com                                                 Original Research Paper 

Received: 01-10-2025 | Accepted: 05-11-2025 | Published: 13-11-2025 

Fig 7. Behavioral Emotion Inference Dataset 

Sample 

The sample dataset indicates the interaction records 

generated in terms of typing, latency, clicking, 

navigation, interaction and session behavioral 

attributes. The features constitute emotional proxies 

that are hardware-neutral, meaning that with 

supervised machine learning models, a user could 

condition can be detected by the model, which would 

not allow other hardware or wearable devices to be 

deployed. 

 

Fig 8. Dataset Structure and Feature Information 

The dataset geometry validates 3000 behavioral 

observations of a complete behavior across 12 

attributes comprising eleven predictive variables and 

one emotional target label. The fact that there are no 

missing values will provide consistent preprocessing, 

whereas the range of features of various behavioral 

characteristics can allow for a common classification 

of positive, neutral, and negative emotional states. 

 

Fig 9. Statistical Distribution of Behavioral 

Features 

The descriptive statistics show differences in the 

behavioral indicators, such as typing speed, response 

time, engagement, and pattern of interaction. The 

mean and standard deviation values observed indicate 

realistic user behavior diversity, diminishing 

overfitting chances and increasing model 

generalization in tasks of inferring emotional states. 

The means and standard deviations of cross-validation 

performance across five folds were used to summarize 

performance. To measure uncertainty to better 

interpret model performance differences, 95% 

confidence intervals were also estimated where 

necessary. 

 

Fig 10. Emotional State Class Distribution 

The distribution of the emotion states is balanced and 

there are equal or near-equal samples of negative, 

neutral, and positive classes. This balanced dataset 

will avoid classification bias and make supervised 

machine learning models fairly evaluated in predicting 

behavioural emotions. 

 

Fig 11. Behavioral Feature Correlation Matrix 

The correlation matrix determines that behavioral 

characteristics have significant correlations with 

emotional labels. Speed of typing and involvement are 

positively related, but there is a negative relationship 

between latency, errors and hesitation. These trends 

support feature selection by warranting that behavioral 

predictors hold valuable emotional data to the 

classification models. 
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Fig 12. Logistic Regression Classification Report 

The Logistic Regression Classification Report shows 

the performance of the initial model with an overall 

accuracy of 72% on 600 test samples. Class 0(0.82 

preciseness and 0.80 recall) performed best and Class 

1 (0.62 preciseness and 0.61 recall) performed worse 

this is because it is hard to differentiate neutral 

emotion with other classes. 

 

Fig 13. Logistic Regression Confusion Matrix for 

Emotional State Prediction 

The Logistic Regression Confusion Matrix 

demonstrates that there is a distribution in the 

predictions across three emotional classes. The model 

accurately recognized 160, 123 and 152 samples in 

classes 0, 1 and 2 respectively. The highest 

misclassifications were between classes 1 and 2 with 

47 neutral samples being predicted to be positive, 

indicating that behavior within an emotional state 

holds similarity. 

 

Fig 14. Random Forest Classification Report 

Random Forest Classification Report depicts an 

overall classification of 72% over 600 test 

observations. Class 0 gives the highest performance 

with 0.82 precision, 0.80 recall and 0.81 F1-score. 

Class 1 has an F1-score of 0.62 and Class 2 attains 0.73 

indicating moderate dissimilarity amidst smeared 

behavioral emotional design. 

 

Fig 15. Random Forest Confusion Matrix 

Random Forest Confusion Matrix has 160 correct 

predictions, 125 correct predictions and 147 correct 

predictions of 0, 1 and 2, respectively. The greatest 

error is 51 Class 1 cases that are assumed to be Class 

2, and 44 Class 2 cases that convert to Class 1 which 

means that there is a significant overlap in behavior 

associated with the neutral and positive emotional 

state. 

 

Fig 16. Gradient Boosting Classification Report 

for Behavioral Emotion Inference 

The Gradient Boosting Classification Report 

demonstrates the overall model performance of 71% 

on 600 test samples. Class 0 had the best performance 

with 0.82 precision and 0.78 recall, Class 1 had worse 

performance (0.59 precision, 0.60 recall). The lower 

Class 1 performance suggests that there is a problem 

in isolating neutral emotional patterns and other 

neighboring states. 
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Fig 17. Gradient Boosting Confusion Matrix for 

Emotional State Prediction 

Gradient Boosting Confusion Matrix shows the results 

of prediction of three emotional categories. The model 

accurately diagnosed 155, 121, and 148 Class 0, Class 

1, and Class 2 samples respectively. The greatest 

misunderstanding is in class 1 and 2 where the number 

of neutral cases classified as positive was 50 indicating 

a similarity in behavioral features between the 

situations in these two emotional states. 

 

Fig 18. LSTM Model Architecture 

The aim of the LSTM Model Architecture is a 

sequential learning network that provides the ability to 

recognize temporal relationships among interaction 

patterns of behavior. The model has 64 units and 

dropout regularization in the LSTM layer, 32 neurons 

in the dense layer and a 3-class output layer which 

yields 21,635 trainable parameters to classify the 

emotional states. 

 

Fig 19. LSTM Classification Report for 

Behavioral Emotion Prediction 

The LSTM Classification Report indicates an 

approximate accuracy rate of 72% in a test data of 600 

samples. Class 0 had the best results of 0.81 precision, 

0.82 recall and 0.81 F1-score whereas Class 1 had less 

recall (0.58) which shows difficulty in identifying 

neutral emotion based on sequencing behavioral 

patterns. 

 

Fig 20. LSTM Confusion Matrix 

The LSTM Confusion Matrix shows correct 

classifications of 163 Class 0, 117 Class 1, and 155 

Class 2 samples. Major misclassification was between 

Class 1 and Class 2 where the prediction was Class 51 

neutral samples. This shows that serial behavioral 

patterns enhance recognition and it does not deny the 

overlap amongst emotional categories. 

 

Fig 21. Comparative Accuracy Evaluation of 

Machine Learning Models 

The Comparative Accuracy Evaluation of Machine 

Learning Models shows that there are differences in 

the performance of four behavioral emotion 
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classification methods. Logistic Regression and 

LSTM had highest accuracy of 72.5 with a difference 

of 72 -Random Forest with 72 and Gradient Boosting 

with 70.67. The findings show that the predictive 

ability of the supervised learning models is similar. 

 

Fig 22. ROC-AUC Comparison of Emotion 

Classification Models 

The ROC-AUC Comparison of Emotion 

Classification Models compares the strength of 

classification models based on the values of area under 

the curve. The highest AUC of 0.876 is achieved with 

LSTM and then Logistic Regression (0.872), Random 

Forest (0.869) and Gradient Boosting (0.869). In the 

three-class classification problem, the one-versus-rest 

approach has been used to predict the class 

probabilities, and ROC-AUC was calculated. The 

class-specific values of AUC were then computed and 

macro-averaged to give the sample multiclass ROC-

AUC. 

Discussion 

The findings demonstrate the feasibility of classifying 

synthetically defined emotional states from simulated 

behavioral interaction features. The tested models 

performed similarly, with the highest accuracy of 

72.5% being achieved by Logistic Regression and 

LSTM, and the ROC-AUC of 0.876 being the best that 

LSTM can achieve, showing a reliable ability to 

separate classes. The findings verify that typing 

patterns, latency, engagement and navigation 

behaviors are meaningful with emotional indicators 

that do not require physiological sensors. The state of 

being is also problematic when it comes to elusive 

classification between neutral and positive states as 

behavior might be similar. The paper notes that 

supervised machine learning may offer a scalable 

alternative to biosensor based affective computing but 

larger real world data sets and adaptive learning are 

also needed to enhance generalization, strength and 

effectiveness in real world deployment. 

Limitation  

● The research is completely based on 

synthetic data and the usage of predetermined 

emotional categories, which restrict 

ecological validity and generalizability.  

● It is possible that behavioral-emotional 

relations are based on generation 

assumptions and not on human behavior, 

thus, it is crucial to validate them with actual 

participants. 

● The external behavioral proxies include 

typing speed, latency, and navigation patterns 

which can be affected by some external 

factors lowering the direct interpretation of 

emotions. 

● The measured machine learning models 

should have increased diverse data size, 

explicative methodology and ongoing 

validation to enhance scalability, 

dependability, and successful deployment of 

distinct digital applications. 

VI. CONCLUSION AND FUTURE 

DIRECTIONS 

Conclusion 

The paper illustrates that emotional state inference that 

is not hardware dependent is possible using 

interaction-based and behavioral digital proxies. The 

dynamics of typing, latency of click, pattern of 

responses, navigation behavior, and indicators of 

engaged yielded valuable information to be fed into 

machine learning classification with supervision. 

Logistic Regression and LSTM are shown the 

strongest ROC-AUC with good accuracy. These 

results from behavioral cues as a viable measurement 

of alternative are important to the biosensor-reliant 

affective computing. Future studies are to be informed 

with real-world longitudinal data, personalized 

behavioral baseline, explainable AI, multimodal 

interaction cues, and privacy preserving learning. 

These developments have the potential to enhance the 

generalization, emotional differentiation and 
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implementation in adaptive digital application in a 

variety of places. 

Future Directions 

Future studies are necessary to test behavioral emotion 

inference models on large-scale interaction data from 

real-world contexts through numerous user groups and 

digital contexts. Recognition of complex behavioral 

patterns can be enhanced with highly developed deep 

learning structures, such as transformer-based 

sequential models [30]. The incorporation of 

explainable AI techniques will improve trust and 

transparency in emotionally predicting users. 

Federated learning is a privacy-protective method that 

merits consideration in a bid to promote secure 

deployment. Moreover, integration of multiple 

modalities of behavior, user adaptation and continuous 

learning can enhance resilience, scalability and 

functioning of the emotion-sensitive smart digital 

interfaces of the future. 
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