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ABSTRACT

he requirement for crime prevention and prediction continues to grow with regard to the manner in which urban

governments are governed. Law enforcement agencies have evolved from being reactive in response to criminal
incidents to proactive by attempting to anticipate or prevent those events. This paper outlines a large-scale
computational approach using over 40,000 criminal record data points from 29 cities across India (2020-2024) to
support an “anticipate and prevent” paradigm. A dual-pathway analytical framework is utilized to address the
complexity of working with real-world data. The first pathway utilizes a SARIMAX model with a one-year “cold-
start,” to abstract stable long-term trends within the raw data. The second pathway incorporates a high-precision
hybrid ensemble utilizing Random Forest and Gradient Boosting to assess multi-dimensional characteristics (city
encoding/demographics), which demonstrated a mean absolute error of 0.24. Additionally, an optimized version of
Agglomerative Clustering with Silhouette Denoising was utilized to categorize spatial risk profiles of the cities and to
identify new hotspot locations. The utilization of this framework provides a bridge from the theoretical application of
machine learning to its practical application. Therefore, it provides a validated methodology to perform both robust
noise-resilient regional analyses and accurate high-fidelity local predictions. Overall, the results presented herein
provide authorities with the capability to utilize these data to inform resource allocation strategies that will enable
their continued effectiveness in preventing crime as the evolving nature of criminal behavior dictates.

Keywords: Crime Prediction, SARIMAX, Hybrid Ensemble, Clustering, Machine Learning, Hotspot Identification

1. Introduction

Making sure that the population stays safe has become a very complex issue in the fast-changing environment of modern-
day urban centres. Traditionally, police approaches have always been reactive. The so-called Report and Respond
approach suggests that the relevant parties act only once something illegal occurs and has already been documented.
Unfortunately, as the urban environment changes fast in the case of India because of increasing urbanization and other
factors, the reactive approach becomes less effective when the number of crimes increases, and new types of illegal
activities emerge (Huamantingo et al., 2025). Moreover, the reliance on historical data to determine how police forces
will operate in the future creates a certain gap between the efforts made by authorities and criminal organizations,
making any progress impossible. In addition, the need for change is especially pressing in case of India as a country that
includes 29 major urban centers with their specific crime rate, level of documentation, socio-cultural backgrounds, and
other aspects.

The growing availability of high-dimensional crime-related data — a result of digitization of police records and national
data archives — presents an extremely important possibility to shift the paradigm of law enforcement towards “predictive
policing”. This intelligence-driven approach aims at changing the trend from reactive to preventive and focuses on
prediction and interception of any criminal activity prior to its actual occurrence (Ospina et al., 2025). Predictive
policing is the use of analytic methods to select promising police targets and prevent crimes based on prediction of “when
and where” the criminal event will take place. Using such factors as historical trends, timing, seasonal events, or
agricultural cycles, among others, and making a statistical analysis of available data, one can obtain valuable insights and
turn raw data into a strategic resource to understand what underlies urban crime. Moreover, predictive models make it
possible to analyze the “City DNA,” which stands for specific behavioral traits of a city.

There are many barriers for an individual or company to take an idea (algorithm) and put it into practice. Most scholarly
literature creates a model that can make almost perfectly accurate predictions using cleaned up data; however, most
people who attempt to use these models will find them to be useless in their day-to-day operations. One of the major
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© 2026 The Author(s). This article is an open access article distributed under the terms of the Creative Commons Attribution 4.0 International License (CC BY 4.0).

1



IJTAMR Volume 6 Issue 12026

problems that operational users of algorithms experience is a lack of data density in specific geographic regions as well as
“noise” in incident reporting systems (Chakraborty et al., 2024). In this case, “noise” means inconsistent timing of
incidents, data entry errors by people, as well as the unpredictable nature of crime waves, which are rarely consistent. All
these factors may cause instability in ordinary algorithms, resulting in both false positive predictions, consuming scarce
police resources, and false negative predictions, making communities unprotected against the predicted crimes.
Therefore, itis crucial to develop a robust mathematical system, able to withstand all inconsistencies. There is an obvious
necessity for a solution, combining a macro perspective, allowing for predictions based on cycles, as well as a micro one,
helping to estimate daily risk factors.

The bulk of the literature in the domain of crime prediction is devoted to a single modeling architecture. That could
be a Time Series model such as ARIMA to follow trends or a classifier such as Random Forest to identify the type of
crimes. Nevertheless, crime itself is a multi-dimensional entity. A single-modeling approach often cannot deal with
“Cold Start” problems (a lack of data needed to initiate the model) and “Volume Variance” issues (high numbers of
crime in bigger cities that skew the numbers in the smaller city, like the comparison between Delhi and
Chandigarh). If the model is too responsive, it will exaggerate temporary spikes, whereas a stable model will fail to
detect new hotspots. The present research finds out that there is an answer to this question — “ensemble
hybridization” and “dual-pathway verification.” This means that two different mathematical approaches need to be
run in parallel for law enforcement agencies to have a “check-and-balance” mechanism to ensure that any spike in
crimeisindeed dangerous.

This research attempts to tackle these types of challenging problems using an entirely new method for computing through
a dual pathway model which provides both high fidelity predictive crime forecasting as well as detailed regionalized risk
assessment. The research used a large dataset of information, greater than 40,000 records from over five years (from 2020
to 2024), from 29 different cities in India, and provided intelligence instead of just visualizing it.

There are two distinct streams within the research design methodology:

1. Pathway A: The Statistical Approach for Forecasting Macro Trends via the Noise-Robust SARIMAX Framework.
This framework utilizes a statistical model to forecast macro trends. With a “Cold Start” period of one year, it will
be able to extract stable seasonal patterns and provide an “accurate safety baseline.”

2. Pathway B: The Machine Learning Algorithm Ultilizing the Precision Focused Hybrid Ensemble Framework. This
machine learning algorithm uses the best attributes of Random Forest in order to reduce the variability
(variance), and use Gradient Boosting in order to reduce bias. It will predict local daily crime intensity with a very
small Mean Absolute Error (MAE) of 0.24.

Crime prediction in urban areas has been a long-standing challenge, as shown through many real-world examples where
law enforcement agencies have failed to accurately predict and prevent crimes. This study will attempt to overcome
those challenges using a unique dual-path computational model that can be used to create accurate crime occurrence
predictions and geographic risk categories. Using an extensive dataset (over 40,000 entries) for 29 different Indian cities
over the years of 2020-2024, the current study is both able to visualize crime trends as well as analyze crime intelligence.
Additionally, the proposed methodology includes an unsupervised learning component utilizing Agglomerative
Clustering and Silhouette Denoising. Unlike other methodologies that classify cities based on physical boundaries (i.e.,
political divisions), the proposed methodology uses algorithms that are capable of identifying behavioral patterns among
citizens, thereby allowing for identification of crime archetypes.

The main contribution of the current study is creating a methodological framework that bridges theory-based machine
learning techniques into practical implementations. The proposed methodology does not simply focus on forecasting
crime numbers, but instead provides a multi-faceted understanding of urban environments. At the macro level, the
methodology creates robust regional analyses that account for data “noise” and sparsity while providing precise
localized forecasts.

These consequences are quite significant in terms of how cities are administered in India. This study’s results will allow
administrators to utilize their resources efficiently so that they can assign their patrol units to crimes as they occur today
rather than in areas where crimes will likely take place in the future due to a particular ‘DNA’ of the city and the time of
year in which these crimes are most frequently committed. As such, the study provides a reliable base for potential future
application of predictive policing technologies to track changes in criminal behavior across both physical and virtual
realms.

Research Question: Compared to individual linear models and ensemble models, what is the reduction in residual
generalization errors (rim) when a Hybrid Ensemble model (Random Forest + Gradient Boosting) is used for local daily
intensity forecasting?
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2. Literature Review
2.1 Ensemble Learning and Hybrid Models (Random Forest & Gradient Boosting)

The fact that Ensemble Learning methods have been found to be a benchmark method to predict crimes at a local level
effectively (Ms. D.S. Smitha Mol et al., 2026), indicates that the application of Multi-Model approaches (using Random
Forest and Gradient Boosting Regressor) has provided very good results when using the Random Forest Model to model
domestic violence and achieved an R2 score of .93; similarly, the work done in (Ibrahim et al., 2024) shows that the
combination of Parallel Bagging (used by the Random Forest Model), and Sequential Boosting greatly reduces the Mean
Absolute Error (MAE); while the results obtained in (Ibrahim et al., 2024) and (Kshatri et al., 2021) show that the proposed
hybrid models can address both the high Variance, and High Bias problem presented with complex Urban Data; Finally, the
utilization of the Random Forest approach to analyze the Crime Severity represents the same High Resolution Tactical
Process applied in this Study (Saravag & Kumar, 2024).

2.2 Seasonal and Statistical Time-Series Forecasting (SARIMA/SARIMAX)

To deal with the “noise” and sparseness within the raw data, the SARIMA/SARIMAX has become an essential model used
to capture any trend that can be derived from the data. SARIMA in Matlab are used to find the statistically significant 20-
month cycles, indicating that there is a heavy seasonality in crime (Redoblo et al., 2023). Likewise, in another study
conducted, it was discovered that crime in regions follows the socio-temporal calendar (Noor et al., 2022). Additional
evidence is cited, which shows that SARIMA has the unique ability to filter out the reporting noise and find the “Safety
Baseline” (Kurniawan et al., 2025). It is also the statistical methodology used to build the macro-trend base of our
framework (Thayyaba Khatoon Mohammed, 2025).

2.3 Spatial Segmentation and Hotspot Identification (K-Means/Agglomerative Clustering)

Unsupervised learning for the discovery of emerging hot spots provides an objective categorization of risk profiles
in urban environments. The paper has identified the first set of principles to group incident clusters with the goal of
optimizing police deployment resources (Crime Forecasting and Analysis through K-means Clustering Algorithm,
n.d.). The principle was refined by combining spatial clustering and temporal intensity to forecast future crime
zones (Buland Igbal etal., 2024). Research indicates that if spatial clustering is performed after PCA, itis capable of
filtering out “City DNA” from volumetric variability (Ospina et al., 2025) (Maharrani et al., 2024). Lastly, the
research shows that spatial knowledge enables law enforcement to progress beyond general city policies to
archetypical inter-ventions (Rasanetal., n.d.).

Paper Full Name Year | Model (s) Used | Performance | Research Gap / Focus

Machine Learning Crime  Prediction | 2025 |SHAP, XAl 99.5% Acc. | Addressed the "Trust Gap" in black-box

Models and the Gap Between Research models. (Huamantingo et al., 2025)

Enhanced Spatial Clustering for Crime|2025 | SKATER Contiguity Improved geographical realism in risk

Analysis: Ward-Like and SKATER zones. (Ospina etal., 2025)

Empirical Approaches to Crime Rate[2024 |Baseline ML 89% Acc. Highlighted the benefit of PCA in

Prediction: Challenges and Insights denoising. (Chakraborty et al., 2024)

An Efficient Machine Learning Approach 2026 |RF, GBR R?:0.93 Focused on specific domestic violence

for Crime Detection in India categories. (Ms. D.S. Smitha Mol et al.,
2026)

A hybrid machine learning model for|2024 |SVM-RF R%:0.94 Used PCA to stabilize regional

crime rate prediction predictions. (Ibrahim et al., 2024)

An Empirical Analysis of Machine Learning [ 2021 | Stacked 99.5% Acc. | Demonstrated that stacked ensembles

Algorithms for Crime Prediction Using Ensemble significantly outperform standalone base

Stacked Generalization: An Ensemble models. (Kshatri etal., 2021)

Approach

A Hybrid ML and Regression Approach|2024 [RF XGBoost R%:0.89 Prioritized crime severity in vulnerability

Crime Against Women maps. (Saravag & Kumar, 2024)

Forecasting the influx of crime cases using| 2023 | SARIMA Validated Established 20-month seasonal cyclic

SARIMA patterns. (Redoblo etal., 2023)
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Using ML Algorithm

Paper Full Name Year Model (s) Used | Performance | Research Gap / Focus

SARIMA: A Seasonal Autoregressive | 2023 | SARIMA MAE: 0.066 |Proved impact of social/religious

Integrated Moving Average Model calendars. (Noor et al., 2022)

Trend Analysis and Prediction of Violence|2025 [ ARIMA, Stat. Sig. Correlated victim education levels with

Against Women: Jakarta SARIMA trends. (Kurniawan et al., 2025)

A Novel Fusion Approach Hybridization of [ 2024 | ARIMA-RNN  |-20% Error | Modelled non-linear residuals in time-

ARIMA and RNN series. (Thayyaba Khatoon Mohammed,
2025)

Crime forecasting and analysis through K-12021 | K-Means Effective Established the baseline for hotspot

means delineation. (Crime Forecasting and
Analysis  through K-means Clustering
Algorithm, n.d.)

A 2D  Clustering Based Hotspot|2024 |2D Grid+LSTM | Low RMSE | Tracked dynamic evolution of hotspots

Identification Approach over time. (Buland Igbal et al., 2024)

Clustering method for criminal crime acts | 2020 | K-Means+PCA | Optimal Used PCA to reduce dimensionality

using K-means and PCA before clustering. (Maharrani et al.,
2024)

Crime rate prediction and analysis using K- 2020 | Optimized KM | 50% Rule Proved 10% of areas generate 50% of

means crimes. (Rasan et al., n.d.)

A Comprehensive Computational | 2026 | Hybrid ML High Applied a localized framework for Indian

Framework for Crime Rate Prediction Precision Metros. (V. Tikore et al., 2026)

Next-Gen Crime Analytics Using Big Data [ 2025 | K-Means, XGB | 94% Acc. Focused on the scalability of high-

& Machine Learning velocity data. (Mathur & Jain, 2025)

Hybrid ARIMA-ANN for Crime Risk[2025 [ARIMA-ANN [99.8% Acc. |[Integrated socio-economic factors as

Forecasting inputs. (lacobescu & Susnea, 2025)

A Multi-Model  Machine  Learning|2024 [ CNN-LSTM F1:0.94 Captured "where" and "when" ripple

Approach Spatio-Temporal Data effects. (Shinde et al., n.d.)

Leveraging transfer learning with deep|2024 |BiLSTM Red. Time Applied Transfer Learning from Chicago

learning for crime prediction to others. (Butt et al., 2024)

Deep Learning for Crime Pattern|2023 |TabNet, CNN [94% Acc. Focused on high-dimensional categorical

Recognition records. (A etal., 2023)

Evaluating Crime Type and Crime Pattern | 2024 | XGBoost, GB [ 94% Acc. Addressed overfitting in localized small

Analysis Using ML datasets. (P et al., 2024)

Empirical Analysis for Crime Prediction ML [ 2024 | DNN,  RNN, [ 89% Acc. Benchmarked deep vs. shallow learning

and DL Techniques RF models. (Safatet al., 2021)

Crime Prediction Methods Based on]2023 |Review Benchmark | Synthesized ~ Spatio-Temporal  trend

Machine Learning: A Survey methods. (Yin, 2023)

A Novel Clustering & ML Algorithm for|2023 | K-Means, Reg. |4 Zones Categorized NCRB data into tactical risk

Crime Rate Prediction zones. (Ramanan et al., 2023)

Crime Data Analysis and  Safety 2023 | RF, KNN 87.6% Acc. | Provided proactive risk alerts for citizens.

Recommendation System (Akil et al., 2023)

Urban Crime Trends Analysis based on|2021 |LightGBM Fast Train Optimized for real-time urban trend

LightGBM analysis. (Tong et al., 2021)

CRIME Type and Occurrence Prediction 2021 | K-Means+RF 93% Acc. Labelled unstructured records before

prediction. (Kanimozhi et al., 2021)
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on Al in Policing

Paper Full Name Year Model (s) Used | Performance | Research Gap / Focus

Crime forecasting: a ML and computer|2021 | CNN-RF 97% Acc. Fused CCTV weapon detection with

vision approach forecasting. (Shah et al., 2021)

Clustering of Indian States Based on Crime |2021 | Hierarchical R%:0.60 Linked police strength to murder/dowry

Incidences trends. (Chatterjee etal., n.d.)

Machine Learning for Crime Analysis and | 2020 | Supervised 85-90% Acc. | General classification of incident types.

Prediction (Jha etal., 2022)

Real-Time Crime Prediction in India Using | 2020 | RF, KNN 87.6% Acc. |Focused on early real-time Indian

ML datasets. (Sarkar, 2025)

Machine Learning Algorithms under Indian | 2019 [ Decision Tree | 88% Acc. Classified crimes by IPC section

Penal Code categories. (Aziz et al., 2024)

Crime Prediction and Analysis Using|2019 |Baseline ML 82-85% Acc. | Early  comparative  study of ML

Machine Learning algorithms. (Balu et al., 2022)

Predictive Crime Rate Analysis System 2018 | Regression/RF [ Baseline Early attempt at forecasting yearly
volumes. (I. Singh et al., 2025)

A Study on Smart ML Tools for Crime|2018 | Tool Review Utility Compared efficiency of various software

Detection toolkits. (S. Singh etal., 2024)

A Clustering-Based Method for Hotspot|2017 | Density-Clust | High Rel. Focused purely on spatial reliability.

Recognition (Dubey et al., 2024)

The Indian Police Journal: Special Edition | 2025 | Policy Review | Operational |Addressed the strategic feasibility of Al

tools. (Rajeev et al., n.d.-a)

3. Research Methodology

This suggested framework architecture aims to be a Dual-Pathway Computational Framework that tackles both long-
term statistics and short-term prediction accuracies. The dual-pathway system allows for the isolation of the noise from
the raw incident logs from the engineering features, which helps provide regional stability and local accuracy.

3.1 Computational Environment and Data Acquisition

Empirical evidence for this research lies in the availability of extensive data in the form of 40,000+ crime reports over a
period of 2020-2024 in 29 metropolises in India, available from the open-access repository Kaggle. The computing
environment for this experiment was based on Python v3.12 with the help of Scikit-Learn library and Pandas and
NumPy packages. This amount of data is based on the standards set for multi-city Indian crime databases (V. Tikore et

al.,2026).

3.2 Data Preprocessing and Feature Engineering

Beginning with the process of converting unprocessed log data into the necessary format for an accurate model of crime,
a series of pre-processing steps were required prior to modeling.

e Temporal Decomposition: In order to identify that crimes occur in cycles over time, the “date of occurrence”
field was converted from a single date value to a four-element vector representing Year, Month, Day, and

Hour.

e Label Encoding: In order to convert categorical fields with large numbers of unique values, such as City, Crime
Domain, and Weapon Used, they are encoded using integer encoding. This is used to allow the models to treat
categorical attributes such as “city DNA” as being statistically significant while still allowing the models to
understand these types of attributes.

e Temporal Splits for Evaluating Models’ Predictive Capability on Future Data: Temporal Split is utilized to mimic
the process of time-series data. Therefore, the Temporal Split technique is utilized, where the training period is
2020-2023 and the testing period is 2024. Consequently, we are evaluating how well our model predicts data
that will occur after our data split. A common issue referred to as “Data Leaking” occurs when an algorithm uses

all available data during both training and validation (Shinde etal., n.d.).
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3.3 Pathway A: Macro-Trend Forecasting (SARIMAX)
Acknowledging the fact that public safety data is inherently noisy, Pathway A adopts a SARIMAX model.

e Cold Start Strategy: The model employs a cold start strategy of one year's data (2020) to establish baseline
seasons, a method found to be effective according to the study conducted by Sarawag and Kumar in 2024 for
detecting irregularities in reporting (Thayyaba Khatoon Mohammed, 2025).

e Optimization: Hyperparameters (p, d, q) * (P, D, Q, s) have been optimized using a Grid Search to minimize the
Akaike Information Criterion (AIC).

e Goal: Pathway A acts as a noise-resilient filter and identifies the “Safety Baseline” to detect deviations.

3.4 Pathway B: High-Precision Hybrid Ensemble
In the case of localized intensity prediction for a day, the Hybrid Ensemble model was designed by combining the
capabilities of RF and GBR models.

e Bagging Component (RF): Trained using 100 estimators to lower the variance by taking the average of multiple
decision trees' outputs.

* Boosting Component (GBR): Employs a learning rate of 0.1 with additive modelling to lower the error rate of the
prior iteration (P etal., 2024).

e Hybrid Fusion: In this model, the tactical forecast is based on the weighted average of the bagging and boosting
components, which has successfully yielded a Mean Absolute Error (MAE) of 0.24. (Ms. D.S. Smitha Mol et al.,
2026) (Petal., 2024).

3.5 Spatial Segmentation (Agglomerative Clustering)
A Hierarchical Agglomerative Clustering algorithm for detecting emerging hotspots was included as a part of
unsupervised learning.

e Dimensionality reduction: Before applying the clustering algorithm, data was normalized through Loglp
normalization to address the problem of difference in size of data for big and small cities. Then PCA algorithm
was employed for reducing the dimensionality to 2 dimensions maximizing variance of principal components
(Maharranietal., 2024).

e Denoise Silhouette Mask: The complete linkage method was used for clustering cities according to their
closeness in the reduced dimensional space. The result was denoised by the Silhouette Mask (with a score higher
than 0.1) to remove “boundary outliers” and form stable clusters (Ospina etal., 2025).

4. Theory and Calculation

From a theoretical perspective, the current study employs a mixed approach comprising ensemble machine learning and
stochastic time series modelling as the backbone of the entire study. This section of the essay is focused on the logical
reasoning behind each component of the two-pathway model.

4.1 Theoretical Foundation of Temporal Modelling

In addition to identifying trends and irregular patterns, the three major components of public safety data were identified
including seasonality. However, the primary challenge to developing effective algorithms for processing public safety
data is the presence of outlier/noise in the data. SARIMAX was selected for this research because it incorporates seasonal
component (s), exogenous variable (s), and extends upon the ARIMA methodology. It also can be represented
mathematically by the equation below.

The equation for the SARIMAX model is as follows and describes the dynamic nature of the raw crime logs:

k
05 (19)pp (L)ARALY, = A(L)ec + ) fixie g
i=1

Where L - lag operator, s - seasonality, and xi,t - exogenous variables such as police deployment metrics that have an
independent effect on crime rates.

4.2 Mathematical Logic of the Hybrid Ensemble
Non-linear optimization of Ensemble Learning Transposed from linear statistics due to the Calculation Phase of the

following structure/Framework. The Main theory concentrates on the reduction of generalization from the aggregations
of two different methodologies:

e Bagging (Variance Reduction): Bootstrap Aggregating is the main principal on which random forest components
operate. It creates a mass of decision trees at the time of training. The ultimate calculation is a mean of these
independent outputs, which depletes the effect of outliers in the dataset

6
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* Boosting (Bias Reduction): An additive approach is adapted by the gradient boosting. It evaluates the loss
function — particularly the imbalance between the actual crime count (yi) and the prediction (xi). Each
subsequent iteration hm (x) is trained to minimize the residual (rim)

1 = [P0
" ZACONN S

The conclusive hybrid evaluation is the combined outcome of these 2 approaches, efficiently mapping the complicated
features (city encoding, temporal lags) to a high-fidelity intensity prediction.

(2)

4.3 Spatial Clustering and Calculation

The spatial analysis employs the Agglomerative Clustering Algorithm, which is basically established on a bottom-up
hierarchical method to diminish the variance among the cluster. This is the real-life application of unsupervised learning
used to divide the 29 cities of India into particular risk profiles by evaluating the proximity among the data points in a
reduced-dimensional space. the procedure of calculating initiates with the principal component analysis (PCA)
Transformations, Traced by the linear fusion of the original features.

p
(3)
Zy = Z QjrX;
=

Where Z, depicts the main elements and ¢, represents the loading vector and maintain the “City DNA” while decreasing
the noise. The city profiles are combined iteratively based on complete linkage criterion, which evaluates the largest
distance among two members of the cluster the principal components and phijk represents the loading vectors that
preserve the “City DNA” while reducing noise. The clustering algorithm then iteratively merges city profiles based on the
complete-linkage criterion, which calculates the maximum distance between members of two clusters:

_ (4)
D(X,Y) xg}f}’éyd(x' y)

Through iterative application of the above distance metric, and application of a Silhouette Mask to remove border line
cases, the system is able to determine the dominant archetypes that are representative of emergent crime hot spots. The
results were obtained from an application of the Agglomerative Clustering Algorithm, which has been used to determine
the spatial distribution of the data points.

4.4 Error Metrics and Performance Measurement

Performance evaluation of the dual pathway architecture is through the use of two objective functions: Mean Absolute
Error (MAE) and Root Mean Squared Error (RMSE). Both of these measurements are based upon the distance between the
measured values of crime intensity, y, and those predicted by the model, y'..

4.4.1 Mean Absolute Error (MAE)

MAE calculates the mean magnitude of the differences between predicted and measured values. In this case, the MAE of
the Macro Pathway (SARIMAX) is the average of the absolute difference of the 12-month trends, while the MAE of the
Micro Pathway (Hybrid) is the average of the absolute difference between each day's tactical prediction and the true
value. The formula for MAE is:

n
1 , (5)
MAE = ;Zb}i -y l.|
i=1

4.4.2 Root Mean Squared Error (RMSE)

RMSE is used to reduce the impact of large errors (”spikes”) because they can have a major impact on public safety, such
as missing significantincreases in crime. The formula for RMSE is:

n
1
RMSE = ;Z(yi —y)
i=1
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4.4.3 Mean Absolute Percentage Error (MAPE)

MAPE expresses prediction accuracy as a scale-independent percentage by normalizing absolute errors against observed
values. It is primarily used to evaluate the Macro Pathway (SARIMAX), where a lower MAPE signifies higher forecasting
precision. The “Accuracy Percentage” is subsequently derived as 100% - MAPE. The formula is defined as:

n

100%
MAPE = " z

!

Vi—Y,;
Vi

i=1
5. Results and Discussion
The ability of the newly developed dual pathway model to predict effectively was carefully tested using the 2024 test
dataset. This study is conducted based on two main variables: the reduction in forecasting errors and the interpretation of
crime trends within 29 Indian metropolitan cities.

5.1 Performance Comparison Table

The performance comparison between both methods is presented below through this table. Through the use of
MAE/RMSE and fit percentage, the system shows that it can serve both as a reliable regional benchmark as well as a highly
precise localized measurement tool.

Table 1: Model Performance Metrics Table 2: Standalone and Hybrid Performance
Model MAE | RMSE Metric (Accuracy/Fit) Model MAE RMSE
SARIMAX | 13.85 | 59.95 86.15% (MAPE Accuracy) Standalone Random Forest 0.54 1.12
Hybrid 0.24 10.79 99.97% (Classification Standalone Gradient Boosting 0.41 0.98
Ensemble Accuracy)
Proposed hybrid Model 0.24 0.79

5.1.1 Analysis of Forecasting Trajectories
Findings indicate a clear but supplementary correlation between the two models

e SARIMAX Model (Pathway A): Using the raw incident logs without any preprocessing, the SARIMAX model
generated an 86.15% accuracy rate using MAPE metric. Although the MAE (13.85) is higher compared to the
ensemble method, the core benefit of the model resides in its tolerance against noise. The ability to filter out the
reporting inconsistencies enables the formation of a “Safety Baseline” for the long term, which will help macro-
level decision-making.

e Hybrid Ensemble (Pathway B): Combining the Random Forest and Gradient Boosting models, the hybrid
technique produced extremely accurate outputs using the designed master dataset, with a MAE of 0.24 and
99.97% accuracy. Such accuracy permits the model to map complex relationships between variables, such as
the timing and demographics, and generates tactical information for day-to-day optimization.

5.2 Performance Analysis of Forecasting Pathways

The results show clearly that there was a significant difference in performance between the two modelling approaches.
The SARIMAX method, which is intended for macro trend analysis of unprocessed data, generated a mean absolute error
(MAE) of 13.85 and RMSE of 59.95. Although this is larger than the error from the machine learning pathway, it has a
unique strength due to the fact that the pathway uses a one year “cold-start” to identify and isolate a consistent 12-month
seasonality in the raw incident logs. This demonstrates that a statistical method can remove the “noise” created by the
variation in reporting to establish a long term “safety baseline”. (Fig. 1)

The Hybrid Ensemble (Random Forest + Gradient Boosting), however, had extreme precision on the engineered master
dataset with an MAE of 0.24, RMSE of 0.79 and accuracy of nearly 100% (99.97%). The model demonstrated its ability to
create a mapping of the complex and nonlinear relationships between specific characteristics — such as hour of
occurrence and police response —and crime intensity. (Fig. 2)

5.3 Spatial Risk Segmentation and Hotspot Identification

The use of both Agglomerative Hierarchical Clustering and PCA (Principal Component Analysis) produced 3 segments of
cities that were characterized as “Core Crime Archetypes”, and each was identified through “City DNA” markers such as
violent crimeratio and police deployment. A new Denoise Algorithm that removed all “borderline hybrid” cities was also
developed; and the algorithm resulted in a Silhouette score of .5295. The resulting Silhouette score demonstrated that
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Advanced Crime Forecasting:

Accuracy-Optimized SARIMAX Model
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Fig. 2: High-Precision Forecasting using Hybrid Ensemble Model

there is a good separation of clusters with little contamination; and therefore, demonstrated the highest level of cluster
purity. The creation of spatial intelligence revealed that crime patterns are determined by demographic/operational
characteristics and not by the physical location of the city; therefore, it will allow crime authorities to move away from
broad policy applications, and provide for targeted resource application specific to each of the archetypes. (Fig. 3),
(Fig. 4) and (Fig. 5)
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2. CRIME ARCHETYPES (Clustering Score: 0.3957)
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Fig. 5: Red Heatmap: Crime Profile Composition: Distribution of Top 10 Crimes Across Major Cities.
Table 3: Characteristics of Identified Clusters
Archetype Cluster Label | Dominant “City DNA” Traits Risk Level
. . Cluster 0 High volume (Reports), High Police Deployment, younger .
High-Intensity Urban Hubs 187 (Reports), Hig ploy $youns Critical
Victim Age profile.
Violent/Gender-Specific . . S - .
Zones P Cluster 2 High Is_Violent ratio, higher Is_Female victim percentage. High
. Low crime density, higher average Victim Age, lower
Stable/Low-Volume Regions Cluster 3 . . Y g & 8¢ Low
police requirement.

5.4 Comparative Discussion and Novelty

When evaluating the results of this study relative to other research conducted recently, the current approach has some
significant differences with respectto the three layers it addresses - statistical, ensemble, and spatial.

e Implementation Gap (SARIMAX): Unlike the research of (Ms. D.S. Smitha Mol et al., 2026), where high-
accuracy was the focus, the SARIMAX pathway is used within our framework to ensure that the system will
continue to function as intended even when the input data are either “raw” or “noisy”. In doing so, we provide a
stable, noise-resistant baseline that continues to operate in many environments with sparse data, as well as those
noted in much of contemporary literature (Huamantingo etal., 2025).

e Precision and Error Mitigation (Hybrid Ensemble): A hybrid ensemble approach (using both Random Forest and
Gradient Boosting) has been developed in order to achieve higher levels of precision compared to the usual
regression approaches. The Hybrid Ensemble has been shown to have a Mean Absolute Error (MAE) of 0.24. In
addition to the accuracy of the Hybrid Ensemble, the framework also has the ability to reduce the impact of the
non-linear “bursts” associated with crimes. The Hybrid Ensemble is able to achieve the highest accuracy
reported since 2025 benchmark studies. Therefore, the Hybrid Ensemble is able to provide a new form of high-
fidelity crime forecasting that goes well beyond previous theoretical-based crime modelling approaches.

e Multidimensional Data Handling (Agglomerative Clustering): Unlike many previous clustering studies that
suffer from “volume variance,” (i.e., large metropolitan areas can overwhelm smaller districts), the current study
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utilizes principal component analysis (PCA) and log scaling. These methods allow the “behavioural DNA” of
each city to be clustered based on its unique characteristics and not based solely on the number of incidents.
This allows small cities to be processed using the same mathematical rigor as larger metropolitan areas, thus
significantly improving upon previous K-Means clustering studies.

e  Operational Readiness (Unified Framework): Unlike the results in (Rajeev et al., n.d.-b) that identify the wide-
spread need for Al in policing, the results presented here provide a tangible, deployable tool kit. The low error
rates and dual pathway verification demonstrate that law enforcement can rely on the daily crime intensity
forecasts for actual tactical deployment.

The primary innovation made by the study is the creation of the Tri-layered verification framework. Working in
conjunction with the SARIMAX algorithm, as well as the hybrid ensemble and spatial clusters, they work to form a
“checks and balances” framework. Particularly, if the Hybrid Ensemble predicts a rise in criminal intensity, the SARIMAX
trend and the spatial clusters will be able to validate whether this is due to seasonality or not. As a result, this approach
ensures reliability which is lacking in most studies using one model.

6. Limitations and Future Scope
6.1 Research Limitations
Despite the high accuracy and robust performance of the framework, several constraints are acknowledged:
e Domain constraint: The system is highly tuned towards crimes that can be considered physical in nature (violent

and property crimes) and currently cannot handle the technicality and unpredictability of cyber crimes or
fraudulentfinancial transactions.

e Specificity of place: The precision of this system is high when used to address crime in the 29 major cities of
India; however, a test of the accuracy of this system would need to occur using rural locations of India and/or
international cities, which could have legal restrictions that limit the ability to report criminal activity.

*  Processing by batch: Currently, this process relies upon historical crime incident log files and does not provide
real-time processing capability for metadata (e.g., emergency calls and social media comments).

6.2 Future Research Directions

The work presented here provides a solid foundation for additional work to be completed in the future. Some of the areas
thatcan be explored are as follows:

e Deep Learning Integration: Long-term Memory Recurrent Neural Networks (such as LSTMs) and Transforms
applied to Pathway B may allow a better representation of complex time dependency.

e Live Data Orchestration: Developing real-time data pipelines to ingest live sensor data and CCTV metadata
would allow the model to move from daily intensity forecasting to hour-by-hour predictive patrolling.

e Exogenous Variable Expansion: Future models could integrate real-time socio-economic indicators, weather
patterns, and public event schedules to further explain the external triggers behind sudden “non-linear bursts” in
criminal activity.

6.3 Ethical Implications and Algorithmic Bias Mitigation

e Demographic Neutrality: The model employs only macro-level geographic indicators and objective time
vectors and omits completely any personal sensitive variables like income, religious affiliation, or race. This
ensures that the methodology will measure regional infrastructure requirements rather than creating any
profiling or demographic stereotype.

e Reducing Over-Policing Feedback Loops: The conventional methodology can be prone to creating a feedback
loop whereby places receiving many reports are over-policed. To prevent that from happening, exponential
discrepancies in report volumes between cities were normalized through Tier 1 Log1p normali-zation, thereby
removing the bias of previous reporting practices and stabilizing variance mathematically.

e Operational Safety Mechanisms: The framework is not designed as an automatic asset allocation requirement,
but as a decision support tool for logistics purposes. Any suggestion of asset deployment is preceded by the
double-pathway system ensuring that local daily peaks (Pathway-B) are automatically checked against seasonal
baseline levels (Pathway-A).

7. Conclusion

The authors have created a reliable and accurate computational methodology to fill the gap between theoretical machine
learning applications and operational needs of modern law enforcement. The authors' solution of a noise resilient
statistical approach combined with a high-fidelity machine learning ensemble has been effective in addressing two
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major obstacles in criminal data prediction; namely, data irregularities and non-linear complexity. This was achieved
through a hybrid model of Random Forest and Gradient Boosting with an average accuracy of 99.97% demonstrating
both the stability of statistical models (SARIMAX) and the tactical/daily resource allocation capabilities of the machine
learning models. In addition, the application of spatial clustering with silhouette denoising enabled the objective
identification of emergent hot spots across 29 Indian cities. Thus, the authors demonstrated how data driven
segmentation can enhance the effectiveness of police deployment. Finally, the authors have identified a number of
practical implications for their research. For example, the dual verification methodology employed by the authors will
ensure that authorities will not be reliant upon a single method of intelligence gathering. Therefore, the reliability of the
intelligence will be increased. However, the authors also acknowledge some limitations of their study. For example, they
rely on historic incident logs to make predictions. These historic incident logs may not accurately reflect rapidly evolving
cybercrime strategies. Similarly, there are crimes that occur in urban settings but go unreported. To overcome these
limitations, the authors recommend that future studies consider integrating real time community sourced data into their
methodologies. Also, the authors suggest extending their methodology to incorporate deep learning algorithms to
possibly identify deeper behavioural patterns associated with high density metropolitan areas. Overall, this research
presents a scalable and robust base for the future of predictive policing.
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ABSTRACT

Despite decades of efforts to create policies of tolerance, foster dialogue, and pursue strategies for peaceful
coexistence, religious polarisation and fragmentation among faith communities remain significant challenges
to maintaining peaceful social relations. The paper proposes that such problems are inherent in the traditional
understanding of tolerance, in which phenomena such as moral passivity, an unequal relationship between majority
and minority groups, and vulnerability during times of societal stress persist. Building on interdisciplinary concepts
and theories in social psychology, sociology, political philosophy, and Indian Knowledge Systems, the study uses a
method that combines philosophical hermeneutics, conceptual analysis, and critical interaction with existing
literature to develop a new concept of “familial moral engagement”. Specifically, the theoretical framework explores
the ancient Indian philosophical idea of Vasudhaiva Kutumbakam, or “the world is one family,” based on the
ontology of oneness that exists according to the principles of Advaita Vedanta. The following are three hypotheses
put forward to account for the manner in which the moral outlook in the family structure would foster empathy,
minimise intergroup discrimination, and lead to sustainable solidarity between people with different attributes. In
summary, the study indicates that a perspective of the world based on the idea of common humanity can help
communities to rise above tolerance to curiosity, reciprocal responsibility, and enduring ethics.

Keywords: Religious Pluralism, Recognition Theory, Social Identity, Empathy, Indian Knowledge Systems, Contact
Hypothesis

1. Introduction

The purpose of this research is to assess Vasudhaiva Kutumbakam, an ancient philosophy of India, which means ‘the
world is one family’, to demonstrate how this approach to interfaith coexistence can be philosophically and
psychologically superior to the tolerance paradigm, which is currently dominant as the framework for religious diversity
management in multicultural societies. Religious divisions and inter-religious hostility continue to increase in many
national settings despite several decades of implementation of multicultural policies and establishment of interfaith
dialogue institutions, thus indicating the ongoing problem in the conceptualisation of these processes within the existing
frameworks. Previous literature on the topic has pointed out the serious problems with the tolerance paradigm, such as its
structural passivity, essential asymmetry and social frailty (Nussbaum, 2012; Parekh, 2000; Honneth, 1995). However, a
new, more adequate framework has yet to be provided.

The relevance of this question goes beyond theory, too, as there is a growing trend towards religious diversity all around
the globe, with studies conducted on the geography of religion revealing how areas once dominated by a single religious
identity have become progressively more diverse in their religious make-up, which, in addition to offering prospects for
increased cultural interactions, carries with it the risk of conflict if the necessary co-existence mechanisms do not exist
(Linetal., 2022).

Vasudhaiva Kutumbakam (Sanskrit: agé'cr HeaaRH) is first mentioned in the Maha Upanishad (6.71-75) and philoso-
phically discussed by academics such as Radhakrishnan (1927, 1955), Vivekananda (1989), and Sen (2005), while being
located within the comparative perspectives of Hick (1989), Panikkar (1978), and Buber (1970). But none of these studies
has ever combined an ontological approach toward the philosophical tradition of Vasudhaiva Kutumbakam with social
psychological empiricism on intergroup relations for testing theoretical propositions. This paper seeks to fill the lacuna in
the literature. It will achieve this goal through three specific objectives. First, it aims at elaborating on the philosophical
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underpinnings of Vasudhaiva Kutumbakam as a paradigm for interfaith co-existence. Second, it looks into the
psychological processes that create a sense of familyhood within Vasudhaiva Kutumbakam, leading to prosocial conduct
beyond tolerance.

RQ1: Ontologically and ethically, what is the basis for Vasudhaiva Kutumbakam? How does it differ from other
frameworks that are tolerance-based?

RQ2: Psychologically, what drives the prosocial nature of a family-type morality framework for religious pluralism?

RQ3: In terms of theory, how does the construct of familial moral engagement advance knowledge in interfaith dialogues
and pluralism?

2. Literature Review
2.1 Classical Indian Philosophical Foundations

Vasudhaiva Kutumbakam, on the other hand, derives from the Upanishads, the pinnacle of Vedic philosophy that was
written during the period of 800 to 200 BCE and proposes a metaphysics where the plurality of individual selves rests
within one unitary consciousness, known as Brahman. The theory, elaborated by the school of Advaita Vedanta through
Adi Shankaracharya, has profound implications for ethics; indeed, it states that if all living organisms represent different
manifestations of the same entity, then any wrongdoing towards others is also a wrong against oneself (Radhakrishnan,
1927). From the standpoint of ethics, the vision provided by the Upanishads cannot be categorised either under
contractarianism or consequentialism. It is essentially ontological. According to recent research conducted on classical
Hindu ethics, there is an evident refusal on the part of classical Hindu ethics to fit into the usual Western ethical
frameworks due to its evaluation of consequences, agency, and inherent worth instead of decision-making (Frazier,
2021).

A great deal of Radhakrishnan’s (1927, 1955) philosophical endeavours centred on explicating the philosophical
ramifications of such a vision of human existence for the issue of religious pluralism. In contrast to theologies based on
exclusive revelation, which will inevitably have difficulties in recognising the morality of those who belong to a different
religion, an Advaita theology can ground moral responsibility in the shared characteristic of human consciousness,
irrespective of any specific religion or language in which that individual is raised. Such a philosophy of Vasudhaiva
Kutumbakam is not immune to criticisms, which argue that it obscures some theological and sociological realities.
However, this vision represents the most profound philosophical understanding of this idea.

Vivekananda’s address at the World Parliament of Religions in Chicago in 1893 translated this Advaitic vision into a
prophetic call for interfaith harmony — grounded not in doctrinal uniformity but in the recognition that diverse spiritual
paths converge on the same ultimate truth (Vivekananda, 1989). Where Radhakrishnan systematised the metaphysical
argument, Vivekananda dramatised its moral urgency, demonstrating that Vasudhaiva Kutumbakam is not a quietist
philosophical position buta call to active civilisational engagement.

Another distinct but parallel trajectory may be traced through the writings of Rabindranath Tagore, whose conception of
religion, based on humanity as “not an institution based on dogma and doctrine ... but one where relationship and
affection play a dominant part”, offers a particularly rich example of literary philosophy of the kind of familial ethics that
this paper attempts to develop. As Tagore (1931) noted, Religion has not attained its highest fulfilment through dogma,
butrather through that sense of fellowship which makes one feel oneself a citizen of the whole world.

But Sen (2005) has come at this tradition from another angle, emphasising the nature of argument, heterodoxy, and
criticality that was characteristic of the intellectual milieu of India, a tradition that had allowed room for scepticism,
internal dissent, and multi-faith dialogues long before these came to define modern liberalism. As such, Vasudhaiva
Kutumbakam is one of the most articulate examples of this indigenous version of pluralism, a tradition worthy of
recognition on its own terms in parallel with Western traditions of tolerance and multiculturalism.

2.2 Vasudhaiva Kutumbakam within the Indian Knowledge Systems Framework

The foregoing treatment of Vasudhaiva Kutumbakam has been the considered position of individual philosophers —
Radhakrishnan, Vivekananda, Tagore, Sen — in relation to the primary source document. This is philosophically
appropriate, but it understates the extent to which the philosophy is researched and institutionalised in a recognised
discipline known as Indian Knowledge Systems (IKS). IKS refers to the corpus of indigenous Indian intellectual
knowledge systems — philosophical, logical, mathematical, medical, political, aesthetic — which grew out of the
categories in which the subsequent colonial and post-colonial study of “Indian thought” would place such knowledge
systems after the fact. IKS, as a field, received its first official recognition by being named explicitly in the National
Education Policy of India 2020 as a priority area to be integrated into university curricula (Ministry of Education,
Government of India, 2020). The new emphasis on IKS, then, means that the subject matter of the current paper moves
from the realm of sentiment into that of scholarly work.
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An important epistemological characteristic of IKS, which distinguishes it from a monist interpretation of “Hindu
philosophy”, is its internal plurality. Rather than consisting of one single darshana like Vedanta, the Indian philosophical
tradition contains several, including also Samkhya, Nyaya, Mimamsa and even Buddhism and Jainism in their own right,
each of which has always existed alongside one another, engaged in debate and dialogue while being disseminated as
part of a common scholarly culture without either dominating or imposing any monopoly of doctrine (Adamson &
Ganeri, 2020). Recent studies on classical Hindu ethics have similarly shown that ethical reasoning involved in classical
texts like the Bhagavadgita cannot be categorised purely as either consequentialism or deontologism, but involves the
application of all three concepts equally and in equal measure, something that a single category would not be able to
explain (Frazier, 2021). It is this same interpretative approach that is advocated by this paper regarding Vasudhaiva
Kutumbakam: that although the doctrine emphasises unity in diversity, it does not deny the existence of diversity but
rather provides an overarching context in which diversity can flourish.

Understood in this context, Vasudhaiva Kutumbakam does not stand alone as a mere slogan but serves as one example of
IKS’s deeper commitment to epistemology and ontology being a non-problematic feature of plurality within India’s
intellectual tradition, a tradition which has been structured by the need to accommodate multiple, conflicting claims
about truth. In modern India, such a concept can resonate on a practical level as well as on a philosophical one, having
moved from being written on paper to becoming part of living civilizational discourse — as exemplified by its use as the
guiding theme behind India’s upcoming G20 presidency in 2023 under the motto “One Earth, One Family, One Future"
(Raina & Kumar, 2023), as well as in continuing criticism of the disconnect between its idealized discourse and its actual
implementation (Dash & Sharma, 2024). In fact, a recent body of IKS-related academic literature warns that the principle
itself may have occasionally been used to foster an appearance of global harmony that glosses over existing inequalities,
both internal to India and external between countries (Dash & Sharma, 2024). This insight is not only entirely consistent
with but actively supports the stance taken in this paper on the need for relational accountability to guide any analysis of
moral engagement within the family unit.

In positioning Vasudhaiva Kutumbakam within IKS, one does three things for the present analysis. Firstly, it gives the
institutional and discursive context in which the textual analysis conducted earlier takes place, as something situated
within a vibrant and growing body of peer-reviewed literature on the subject rather than simply an independent
philosophical commentary. Secondly, it draws attention to the pluralism inherent in Indian philosophy as a potential ally,
rather than barrier, to demonstrating the possibility of reconciling ontological unity and difference in the tradition.
Thirdly, inthe face of the criticism later developed in the paper, itacts as an insurance against the very samerrisk identified
by the family metaphor — that of allowing appeals to civilisational unity to descend into mere celebration. By engaging
literature in IKS that takes this problem seriously, Vasudhaiva Kutumbakam becomes a philosophical position up for
critique rather than an expression of nationalist ideology.

2.3 Contemporary Discourse on Pluralism & Interfaith Ethics

The contemporary philosophical literature on religious diversity is extensive and internally contested. Hick’s (1989)
pluralist hypothesis — that the world’s major religions are culturally mediated responses to a single transcendent reality
and therefore possess equal salvific validity — provided a philosophical basis for the moral standing of diverse faith
traditions. The hypothesis has attracted sustained criticism for potentially dissolving the distinctive truth claims that give
individual religions their internal coherence and their adherents their sense of identity. Whatever one makes of that
debate, Hick’s work remains a foundational reference point for the philosophy of interfaith dialogue.

Panikkar (1978) advanced a phenomenologically richer account through his concept of intra-religious dialogue — the
process by which genuine encounter with another tradition reshapes one’s understanding of one’s own. In Panikkar’s
view, interfaith dialogue is not about comparing theologies. Interfaith dialogue is rather about transforming oneself and
others. This point speaks very strongly to the notion of family morals, which forms the basis of this paper. In a family
context, people don’t compare themselves to each other, but rather transform each other in their interactions.

Parekh (2000) applied the methods of political philosophy to answer these questions, differentiating liberal tolerance,
which he faults for its hidden ethnocentricity and hierarchies, from dialogical multiculturalism, which appreciates the
intrinsic value and inner workings of various cultures. His insight about the need for cultures to interact in order to
question their presuppositions offers solid philosophical justification for going beyond mere toleration, which implies
non-interference, to actual interaction required by Vasudhaiva Kutumbakam.

In recent theories, Honneth's theory of recognition has been quite effective in highlighting the ethical aspect of
interreligious encounters. According to Honneth, tolerance, which can live side by side comfortably with contempt,
indifference, and even condescension, is inadequate in preserving the dignity of humanity. Positive recognition —
acknowledging that the other has value, uniqueness, and something of merit to add to the life of all humans — is what
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needs to happen. This applies to interreligious relations. It is not enough for minority religious groups to be tolerated; they
need recognition as contributors of value in human existence.

But there have been criticisms of Honneth’s approach, too. For instance, it has recently been critiqued that Honneth's
conceptualisation of recognition pays inadequate attention to the structuring effect that power has on who gets heard in
recognition bids, thereby turning recognition theory into a comforting approach that emphasises the significance of
recognising one another without engaging with the obstacles to doing so (Rutherford, 2026). Clearly, this is a valid
criticism and one that deserves serious consideration. In response to the problem raised by this criticism, the present
paper offers the concept of moral engagement within the family setting as an alternative that seeks to recognise others not
because of any political goodwill but because of the very ontological reality.

The dialogic philosophy of Martin Buber (1970) offers a layer that political or sociological perspectives may ignore
completely, which is the nature of the moral encounter itself. The distinction between the I-Thou relationship and the I-1t
relationship, as Buber illuminates, is an element entirely missed by theories of tolerance. Under the I-It relationship, the
other, in areligious sense, is an object to classify, manipulate, study, or convert. However, under the I-Thou relationship,
the other is approached holistically, as a centre of experiencing beings whose difference adds value to life rather than a
threat. At its fundamental level, Vasudhaiva Kutumbakam represents a philosophical call to approach the rest of
humanity from the I-Thou position.

Scholarship on interfaith engagement has likewise increased hand in hand with this literature; yet, despite the
relationship, these two strands have hardly been brought into conversation with one another. A systematic review of
forty-seven empirical works on interfaith engagement programs concluded that while it is well-established that such
programs do indeed serve to expand the participants’ understanding and appreciation of alternative worldviews, there
remains a lack of common language in the interfaith movement as regards the aims of the programs and a lack of
consistency in methods of evaluation of the programs (Visser et al., 2023). A parallel review of the interfaith learning
outcomes similarly identified a gap within the framework for categorising the desired outcomes of interfaith engagement.
In summary, the above empirical literature suggests the same deficiency of conceptual language identified by this paper,
albeit from an independent perspective — interfaith engagement has seen a substantial development while conceptual
tools necessary for defining it have lagged.

Another area of research supporting the existence of the gap between programme intention and relational effect is
qualitative inquiry. According to a phenomenological study on the experience of being an alumna of interfaith youth
programming, despite participants reporting improvements in their knowledge of different religions and a reduction in
their fear towards religious differences, very few mentioned that they had been able to maintain any kind of relational
relationship or accountability towards the members of different religious communities (Barnas, 2022). Such findings are
important because they reflect on the lives of participants after they left the programme and reveal that what they
experienced was more a case of improved tolerance rather than relational commitment.

2.4 Psychological Dimensionsof Intergroup Relations

The study of pluralism in philosophy finds its footing and complexity when juxtaposed with empirical findings in social
psychology. According to the Contact Hypothesis of Allport (1954), it was possible to reduce intergroup prejudice
through continued cooperation in contact among members of diverse social groups in an environment of equal status,
similar objectives, and institutional encouragement. Further, meta-analysis summarising the results of more than 500
independent investigations confirmed that such a setting always resulted in positive changes in attitude (Pettigrew and
Tropp, 2006). It is pertinent to note, however, that the same conditions, which were seen as indispensable for successful
intergroup contact, can also be achieved easily through a family-based ethical perspective toward others. The correlation
is no coincidence either, because it means that Vasudhaiva Kutumbakam might serve as the motivational platform for
achieving such contact.

The theory of Social Identity brings complexity to the situation in an interesting way. According to the theories put forth
by Tajfel and Turner (1979), even minimal differences between groups are enough for in-group favouritism and out-
group devaluation to be formed, which means that the classification of people as being different from ourselves is a very
basic principle of human society. At the same time, there is a positive aspect that arises from the theory of Social Identity —
any concept that involves restructuring the definition of in-groups to become larger and involve out-groups becomes an
opportunity to channel the prosociality created by identifying oneself with the in-group into something productive. Such
a method is applied in the Vasudhaiva Kutumbakam concept, which involves a philosophical reinterpretation of
differences as being elements of one large family.

Haidt’s (2012) moral foundations theory adds a further dimension. Human moral psychology, Haidt argues, is organised
around a set of foundational moral intuitions — including care, fairness, loyalty, authority, and sanctity — that different
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communities weigh differently, generating much of the moral miscomprehension that underlies intergroup conflict.
Vasudhaiva Kutumbakam, by deploying the family metaphor, makes its ethical appeal through the care foundation — the
most cross-culturally universal and motivationally powerful of Haidt's foundations, and the one most closely associated
with prosocial behaviour toward vulnerable others. Research by Graham et al. (2009) confirmed that the care foundation
is endorsed most consistently across ideologically and culturally diverse populations, suggesting that an ethical
framework that speaks primarily in care’s register has the broadest cross-cultural moral reach.

The assertion that the care foundation has unique breadth when it comes to cross-cultural acceptance has now been put
under a more rigorous empirical test. Building on moral foundations theory and measuring the five dimensions of moral
cognition across twenty-five populations, Atari et al. (2023) found not only that care is one of the most widely accepted
foundations but also that there is greater variability in how moral cognition works than previous work, based mainly on
samples from Western societies, had realised. This body of cross-cultural research helps support the premise of this paper
that an ethics expressed in terms of care, such as that of Vasudhaiva Kutumbakam, has unique motivational power, while
also urging some necessary caution.

Another useful perspective to consider in this respect is the psychology of belonging. According to Baumeister and Leary
(1995), who conducted a thorough empirical synthesis of research on the topic, the desire to belong is among the most
important motivations in human psychology, one that has significant implications for our cognitive processes and
emotions. As such, identity development theories, such as those of Erikson (1959), hold that humans create their
identities through interaction with other people, rather than despite it. It seems safe to conclude that the idea of an ethics
of belonging resonates on a level beyond mere acceptance.

However, meta-analysis have further refined these results without overturning them. In focusing on natural rather than
experimental intervention conditions, the meta-analysis conducted by Lemmer and Wagner (2015) verified the power of
contact to boost intergroup attitudes beyond the artificial confines of the lab, whereas a subsequent meta-analysis of
more rigorously designed randomized trials indicated that though contact indeed positively influences intergroup
relations, these effects are both less powerful and more contingent than the aggregate literature previously reported
(Paluck et al., 2019). According to the findings of yet another meta-analysis summarising 418 experiments aimed at
reducing prejudice in the time period between 2007 and 2019, field interventions are mostly light-touch, their lasting
influence remains unknown, and the literature itself could greatly benefit from more theoretical advancements than
replication of prior contact experiments (Paluck et al., 2021). And herein lies exactly what motivated the authors of this
article to look for an additional source of motivation other than contact.

2.5 Gapin the Existing Literature

While the philosophical and psychological literature reviewed thus far has largely developed separately rather than in
dialogue with each other, discussions in philosophy regarding Vasudhaiva Kutumbakam have been primarily
concerned with prescriptive accounts, i.e., that the world should be viewed as a community of relatives, without
exploring how this normative claim could be operationalised from a psychological perspective. Similarly, research on
intergroup contact and reductions in prejudice has failed to explore the philosophical and ontological assumptions
thatwould lend such psychological theories the deepest and most sustainable motivational basis possible. As far as the
author is aware, there is no existing theory that has combined these perspectives in order to explain how a familial
moral view of religion leads to prosocial behaviour. The present study addresses this gap through the development of
the Familial Moral Engagement Framework — an integrative conceptual model designed to bridge philosophical
analysisand psychological mechanisms.

3. Methodology
3.1 Research Design

The present study employs an interdisciplinary conceptual analysis integrating philosophical hermeneutics, systematic
conceptual synthesis, and critical engagement with empirical findings from the social psychology and sociology of
religion literatures. As a theoretical investigation, the study does not collect primary empirical data. It will focus on theory
building and integration; that is, the formulation of a theoretical model that links together constructs and knowledge that
have never before been related in any systematic fashion. Such an approach is ideal, even essential, in studies intended to
discover new theoretical connections and develop new hypotheses for empirical testing (Jabareen, 2009).

In the philosophical aspect of the study, Gadamerian hermeneutics will be employed. This involves approaching a text
not merely as an ancient document requiring classification, but rather as an ongoing philosophical argument to be
interpreted through a process of fusion of horizons — a fruitful exchange between the context of its creation and that of its
current interpretation (Gadamer, 2004). The Upanishadic and Vedantic texts, accordingly, will be studied not simply as
historical documents but as philosophical discourse, amenable to analysis, expansion, and application.
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The Psychological Element utilises a structured narrative synthesis based on previous empirical literature. Important
findings from seminal studies, chosen due to their rigorous methodology and significance as well as their direct
connection to the concepts being investigated, will be synthesised into the conceptual model outlined below. This
approach mirrors that taken in previous theoretical syntheses of the social psychology of intergroup relations (Pettigrew
and Tropp, 2006) and moral psychology (Haidt, 2012) and should not be confused with a statistically significant meta-
analysis.

3.2 Conceptual Framework

The study proposes the Familial Moral Engagement Framework (FMEF) as its organising conceptual structure. The FMEF
comprises four sequentially related constructs. Ontological Orientation refers to the foundational metaphysical stance
an individual or community adopts toward human difference — whether difference is experienced as threatening or as a
dimension of a deeper unity. Moral Identity Scope refers to the breadth of the moral community within which the self is
located — whether that community is bounded by religious or ethnic in-group membership, or extends, as Vasudhaiva
Kutumbakam demands, to encompass humanity as a whole. Mode of Moral Engagement refers to the qualitative
character of interreligious interaction — whether passive and restrained as in tolerance, procedurally structured as in
dialogue, politically affirmative as in recognition, or actively relational and caring as in familial moral engagement.
Prosocial Outcomes refer to the behavioural and attitudinal consequences of the preceding constructs, including
reduction in intergroup bias, growth in empathic concern, willingness to engage in cooperative contact, and charitable
attribution of out-group behaviour.

The FMEF posits that Vasudhaiva Kutumbakam operates as an ontological reorientation that expands moral identity
scope, shifting the mode of moral engagement from tolerance toward familial moral engagement and thereby producing
prosocial outcomes of a quality and durability that tolerance-based frameworks cannot generate. This causal sequence
constitutes the theoretical logic of the present analysis and grounds the three theoretical propositions advanced in the
following section.

3.3 Theoretical Constructsand Operationalisation

For the purpose of future empirical investigation, the core constructs of the FMEF are operationalised as follows.
Ontological Orientation may be assessed through a purpose-developed survey instrument examining the degree to
which respondents endorse holistic versus atomistic conceptions of social identity, with items probing openness to the
idea of ontological interconnectedness across community boundaries. Moral Identity Scope may be operationalised
using Aquino and Reed’s (2002) Moral Identity Scale, adapted for cross-faith contexts to capture the extension of moral
concern beyond in-group boundaries. Mode of Moral Engagement may be assessed through items distinguishing
restrained non-interference, procedural openness, and active relational care, drawing on adaptations of the Intergroup
Contact Scale developed by Pettigrew and Tropp (2006). Prosocial Outcomes may be operationalised using the Empathy
Quotient (Baron-Cohen and Wheelwright, 2004) and Batson’s (2011) empathy-altruism paradigm as adapted for
interreligious contexts.

Three theoretical propositions follow from the FMEF and the literature reviewed above. The first proposition holds that
individuals and communities oriented toward the ontological framework of Vasudhaiva Kutumbakam will demonstrate
higher levels of empathic concern and intergroup prosocial behaviour than those operating within restraint-based
tolerance frameworks (TP1). The second proposition holds that the family metaphor, by activating the care moral
foundation (Haidt, 2012), will mediate the relationship between ontological orientation and prosocial outcomes, such
that recategorisation of out-group members as family members will produce attitudinal change consistent with the
predictions of the Contact Hypothesis (Allport, 1954; Pettigrew and Tropp, 2006) (TP2). The third proposition holds that
familial moral engagement will correlate positively with intergroup contact quality, with a reduction in the out-group
devaluation predicted by Social Identity Theory (Tajfel and Turner, 1979), and with willingness to engage in sustained
mutual perspective-taking across faith traditions (TP3).

3.4 DataSources

Primary philosophical data are drawn from classical Upanishadic texts — principally the Maha Upanishad (6.71-75) in
Radhakrishnan’s critical edition — together with major commentaries within the Advaita Vedanta tradition. Secondary
philosophical data include the works of Radhakrishnan (1927, 1955), Vivekananda (1989), Tagore (1931), Gandhi
(1927), Sen (2005), Parekh (2000), Hick (1989), Panikkar (1978), Honneth (1995), and Buber (1970), alongside key texts
in Habermasian discourse ethics (Habermas, 1984). Empirical data are drawn from landmark quantitative studies
including Allport (1954), Pettigrew and Tropp (2006), Tajfel and Turner (1979), Baumeister and Leary (1995), Graham et
al. (2009), Batson (2011), Frankl (1959), and Haidt (2012). Contextual empirical evidence is drawn from the Pew
Research Centre (2021) and UNESCO (2009).
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3.5 Analytical Procedure

The analysis proceeds through three main phases. The first phase is called philosophical reconstruction, where the
ontological assumptions behind Vasudhaiva Kutumbakam and their ethical consequences are determined by means of
textual analysis of key Upanishadic and Vedantic texts. The second phase is comparative conceptual analysis, during
which the ontology developed in the first phase is compared to those of tolerance-based theories, pluralistic theories,
recognition theory, and discourse theory, focusing on the similarities, dissimilarities, and superiority of the latter over the
others. The final phase is theoretical synthesis, where results of philosophical analysis will be combined with findings
from social psychology to develop FMEF and substantiate the three theoretical arguments. Interpretative charity is
applied throughout all three phases; that is, each argument is evaluated based on its most plausible version.

3.6 Quality and Validity Criteria

In this study, the credibility, transferability, dependability, and confirmability of the research are judged by the four
validity standards suggested by Lincoln and Guba (1985) for interdisciplinary theoretical scholarship. The former two
qualities of credibility and transferability have been achieved by triangulating the three traditions of philosophy,
sociology, and psychology without placing undue burden on any particular one of them and taking into consideration
the historical/cultural context of the sources used. The quality of dependability was assured by documenting all of the
analytic decisions made during the writing of the paper. Finally, confirmability was achieved by grounding all
interpretive claims in citations from primary or secondary texts.

4. Conceptual Analysisand Theoretical Framework
4.1 Ontological Foundationsof Vasudhaiva Kutumbakam

Despite appearances, the grammar of Vasudhaiva Kutumbakam carries more meaning than it might seem. “Vasudha”
(earth or world), followed by the emphatic “eva” (indeed) and kutumbakam (family), translates as “the world is indeed
one family.” The profoundness of this idea becomes apparent when one takes into account the Upanishadic philosophy
underlying it. According to the tradition of Advaita Vedanta established by Shankaracharya, multiple instances of
individual souls constituting human experience do not represent independent entities accidentally united together.
Instead, they are manifestations of one unitary being of Brahman — the Absolute (or God, if one prefers that word) — and
the oppositions between oneself and others structuring our society do not represent any reality beyond functional
differences in a broader context of unity (Radhakrishnan, 1927). It may therefore become clear why Vasudhaiva
Kutumbakam is not an analogical expression but rather the designation of something real and true about the world as a
whole.

This ontological grounding marks a decisive philosophical advantage over tolerance. Tolerance-based frameworks
ground the obligation to respect religious others in moral choice or social contract: one restrains one’s hostility, or
consents to an arrangement of mutual non-interference. Therefore, the obligation follows from the very same
contingency of the choice, and choices made on advantageous conditions will not necessarily continue to be made
when conditions change. In the Vasudhaiva Kutumbakam scheme of things, however, the basis for moral consideration
is ontological rather than chosen: there exists an ontological condition where the world is always already one family,
whether its members choose to recognise this or not. Therefore, the moral obligation to approach the other with moral
consideration becomes a necessity rather than a choice. The moral obligation becomes much stronger and significantly
less likely to dissolve under social pressure.

An intellectually honest interpretation of the framework in question will have to avoid the implication that the
ontological unity of existence implies empirical identity. Advaita Vedanta does not deny the reality of the differences
between individuals, communities, and religious traditions: it provides a larger ontological context for those differences
to exist. There is an appreciation of religious diversity, of the multiplicity of traditions and practices and the differences
between them, which still retains the sense of ontological unity that is essential for Vasudhaiva Kutumbakam. It is
precisely such a middle ground that provides the philosophical usefulness of the framework.

4.2 The Family Metaphoras Moral Architecture

The choice of the family as the governing metaphor of Vasudhaiva Kutumbakam is not casual. The family is distinct from
other human associations based on an important structural characteristic, which has important implications for moral
life: it is non-voluntary. One cannot choose their parents, brothers and sisters, aunts and uncles. Family ties are formed
before affirmation, and continue to exist —at least with a presumption of continuance — despite disagreement, frustration,
and conflict which could destroy many of our chosen associations. The non-voluntary aspect of family association is
crucial to the strength of the metaphor when applied more broadly to all humans.

Differences do not destroy the relation but are worked out through the relation. When a member of the family expresses
an opinion that the patient believes to be wrong, or acts in ways that appear destructive, the appropriate action is not one
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of passive acceptance or severing the relation, but of active involvement. The person seeks to comprehend the other’s
point of view, shares his or her own, and persists in the relation through the struggle. The family offers a picture of moral
solidarity amidst difference.

From a social psychology perspective, the family metaphor works effectively as an extremely powerful device of
recategorization. When the boundaries of the in-group morality are redefined such that it includes all human beings as
part of their family, the process of favouritism toward in-group members and discrimination against the out-group, as
pointed out by Tajfel & Turner (1979), is significantly altered. What used to be part of the out-group is now part of the
same big in-group family, and the prosocial tendencies expected in social identity theory are consequently activated.
Crucially, this recategorisation operates not through the abstract philosophical language of universal human dignity,
which has proven motivationally limited in practice, but through the family metaphor —among the most psychologically
immediate and emotionally resonant relational categories available to human beings.

4.3 Familial Moral Engagement: An Original Theoretical Construct

Building on the analysis above, this study proposes the construct of familial moral engagement as the distinctive mode of
interreligious interaction that Vasudhaiva Kutumbakam enables. Familial moral engagement is defined as an active,
relational, and caring orientation toward the religious other — characterised by empathic curiosity about the other’s inner
life, honest self-disclosure oriented toward shared understanding rather than conversion, willingness to receive the
other’s challenge as an occasion for self-examination, and sustained relational commitment that persists across
disagreement and difficulty.

The concept under consideration has several distinct features compared to related concepts discussed in the literature on
interfaith dialogue. Tolerance, as stated before, implies a passive approach, since all it demands is the suppression of
negative emotions, without producing any positive obligations within the relationship. While dialogue implies openness
to interaction, it does not require the level of dedication and care for the other person characteristic of the process under
discussion. In Honneth’s definition, recognition implies a political and juridical phenomenon in terms of the
acknowledgement of another’s dignity and status, which, while being necessary for an interreligious dialogue, is far from
sufficient in itself. The concept developed by Buber seems to be closer to the idea discussed here; however, it lacks a
discussion of how such a dialogue can be created on an institutional level, as well as the connection between the
experience of encounter and the process of change brought about by this phenomenon.

Moral conflict within the construct must also receive special emphasis. As opposed to procedural dialogue models,
which seek either a consensus outcome or mutual bracketing of truth claims, familial moral discourse recognises
disagreement as integral to the relationship, without the need to achieve agreement between the parties involved. What
makes the relationship is the commitment to one another even amidst disagreements, and it is this very kind of
commitment—a commitment intrinsic to and independent of whether the relationship is comfortable — which makes the
construct especially relevant in situations of theological disagreement, where the need for consensus or bracketing of
truth claims would otherwise be dishonest and counter-productive. The above gap is empirically supported by the fact
that according to literature from systematic reviews, current efforts in interfaith cooperation do not have a common
language on the degree of participation involved, judging their success based on knowledge gain and appreciation and
noton the level of relational engagement (Visser etal., 2023).

4.4 Psychological Mechanisms of Prosocial Activation

The plausibility of familial moral engagement as an effective mechanism for producing prosocial consequences better
than any that can be accomplished through tolerance is empirically grounded. One of the most directly relevant lines of
research is based on the Contact Hypothesis developed initially by Allport (1954). A meta-analysis conducted by
Pettigrew and Tropp (2006) found over 500 independent contact studies which confirmed that intergroup contact
defined by equal status, cooperation, and true interpersonal association is indeed consistently productive; it causes
positive attitudinal change, decreases prejudice and increases prosocial motives and intergroup relations. It should come
as no surprise since the moral orientation embodied in Vasudhaiva Kutumbakam inevitably creates conditions required
for attaining this effect; there is indeed nothing accidental about it, as both traditions converge in one idea.

Additional evidence can be gained from Haidt's (2012) study on the moral foundations framework. One such moral
foundation is the care moral foundation, which consists of a suite of intuitions related to the prevention of harm and the
promotion of the welfare of others. It is the most universal of all the moral foundations found across cultures, as well as the
most consistently linked to prosocial actions towards vulnerable others (Graham et al., 2009). Using the family metaphor
as its central mode of expression, Vasudhaiva Kutumbakam appeals to the ethics of care moral foundation,
circumventing the two other moral foundations — namely the fairness and the loyalty foundations, which are more
sensitive to contexts and group boundaries.
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The explanation offered by Baumeister and Leary (1995) about the need to belong as one of the basic motivations of
human beings provides a perspective that is missing in the purely rationalistic theories of ethical responsibility. If an ethic
can satisfy the need to belong in the most inclusive way possible, by including the self in the larger community of
mankind, then there emerges a social identity which, in its positive effects on behaviour, goes much further than an ethics
which guarantees only freedom from interference.

The empathy-altruism hypothesis proposed by Batson (2011) is yet another theoretical basis for asserting that the
experience of empathic concern reliably brings about an altruistic motivation for the benefit of the other person, rather
than oneself. By defining humanity as a whole as being one large family, Vasudhaiva Kutumbakam creates an empathy
that motivates altruistic action. The significance of such findings is further underlined by the assertion by Frankl (1959)
that meaning in human life is discovered not through self-serving achievements but through caring for and taking
responsibility towards others, just as envisioned in Vasudhaiva Kutumbakam. Taken together, the findings of four
different disciplines, namely contact theories, moral psychology, motivational psychology, and meaning-based
psychology, offer strong theoretical support for the assertion that the family model of moral action leads to prosocial
effects that far exceed those obtained via the toleration paradigm.

The above-mentioned theoretical case has received further empirical support in the meantime, after Batson’s
proposition. The meta-analytic study of sixty-two previous investigations, including seventy thousand participants,
proved there was a strong positive relationship between both types of empathy and prosocial behavior (Yin & Wang,
2023). Moreover, another three-level meta-analysis based on ninety-two studies showed that social support (structural
equivalent of the need to belong postulated by Baumeister and Leary, 1995) had a reliable connection with prosocial
outcomes, the effect being moderated by the origin of social support and the measurement used (Wang et al., 2024). As
for the construct of familial moral engagement, it needs to be mentioned that recent research proves moral identity
mediates the relationship between empathy and prosocial behavior, which means that empathic concern is more likely
to result in prosocial action when incorporated into individual’s identity (Peng et al., 2024). It seems that the findings add
to the credibility of FMEF’s propositions and prove the order of steps that should be followed in converting ontological
orientation into prosocial action.

5. Beyond Tolerance: A Comparative Analysis
5.1 Structural Weaknessesof Tolerance-based Models

A critique of tolerance as a basis for interfaith coexistence can be made along three lines, each one identifying a particular
shortcoming of that concept as it pertains to relations between religions. First, there is the question of its passivity. In
calling for toleration, all that is demanded is that negative evaluations be put aside without engaging with the other
community. There is no call to understand, relate to, or acknowledge the intrinsic value in another religious community.
Atolerantsociety is thus one where religious communities exist apart in a state of controlled indifference, where they are
divided by an artificial boundary that keeps them from expressing the conviction of their own rightness and the
wrongheadedness of the other community.

A second feature of the structural deficiency of tolerance is that it is an asymmetrical term right from its very roots.
Tolerate means to endure, tolerate, and endure something. To tolerate someone’s presence or belief means that you put
yourself in a superior position while putting the other person in the inferior position — that of being tolerated. This is not a
reciprocal process at all. Here, the recognition theory of Honneth (1995) comes into play: this asymmetry of tolerance is
much more than mere semantics; it involves psychology and morals too. Communities that are tolerated as opposed to
communities that are recognised will feel their status within the society to be temporary and conditional. Nussbaum
(2012) similarly documents the ways in which the politics of tolerance can generate, alongside the nominal protection of
minority rights, a pervasive social atmosphere of anxiety and subordination.

The third weakness is its fragility under pressure. Tolerance, as a virtue of restraint, is most vulnerable precisely when it is
most needed: under conditions of economic competition, political mobilisation, or social anxiety, restraint is the first
casualty. The historical record of inter-communal violence demonstrates repeatedly that communities capable of
tolerating one another under favourable conditions have abandoned that tolerance rapidly when circumstances change.
A model of coexistence whose operative mechanism is the suppression of negative impulses — rather than the cultivation
of positive relational bonds — cannot be expected to hold when the pressures that sustain suppression are removed. This
conclusion agrees with new reviews conducted on the contact hypothesis; once we only include the best-designed
experiments, the positive effects on attitudes resulting from intergroup contact turn out to be actual and yet less
impressive and contingent than previously thought (Paluck etal., 2019), and an extensive analysis of prejudice reduction
programs demonstrated that the field of intergroup contact has overdeveloped practical applications compared with
theory (Palucketal., 2021).
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5.2 Vasudhaiva Kutumbakam as a Corrective Framework

Vasudhaiva Kutumbakam counters all three structural shortcomings at their root causes. In response to passiveness,
Vasudhaiva Kutumbakam provides proactive engagement of moral duties. The duty of the family member is not simply
abstaining from harming but also understanding, caring for, correcting affectionately, and growing along with other
family members. This familial morality is based on positively motivational principles that lead to approach behaviours,
not avoidance ones. In response to the asymmetry of the current structure of relations, Vasudhaiva Kutumbakam
promotes the ontological parity of the family members, in which there are neither beneficiaries nor burdeners. In the
family, created by Vasudhaiva Kutumbakam, all family members are created from the same basic substance and have
equal responsibilities for the welfare of others. Finally, in response to the fragility of relations, Vasudhaiva Kutumbakam
introduces the idea of relational robustness. Family relations remain unbroken despite difficult situations because they
are constitutive relations.

Recognition of the philosophical strengths of the family metaphor does not mean that the dangers posed by the family
should be overlooked. For example, family units have the ability to compel conformity, create a sense of loyalty so strong
that it pre-empts all individual moral reasoning, and, when pushed to extremes, create an environment of familial
solidarity that merely displaces but does not eliminate exclusion. It would therefore be philosophically irresponsible for
us to ignore these dangers while reading into Vasudhaeva Kutumbakam. The solidarity in which the principle believes is
not homogeneity but the solidarity of difference — of sustaining relationships without reaching consensus. As Parekh
explains (2000), morally responsible political communities do not stifle dissident voices in the pursuit of unity but rather
those that sustain commonality and relationships by engaging with differences.

5.3 Integration with Procedural Ethics

The substantive moral conception of Vasudhaiva Kutumbakam becomes most meaningful when it is supplemented by a
procedure that prevents it from the possibility of familial paternalism. In this sense, Habermas’s (1984) conception of
discourse ethics serves exactly as this supplement. Habermas argues thata moral norm is morally acceptable if and only if
it wins the consent of all people who are involved, provided that such an agreement takes place under the conditions of
free, equal and non-coercive communicative rationality. If this is applied to the context of inter-religious interactions,
then the result would be that the motivation for morality created by Vasudhaiva Kutumbakam — we interact because we
really care about one another as family members — will not be used to justify any form of coercion or manipulation by
some families towards other families to make them accept their ethical norms, since they do so because of familial love.

Parekh’s (2000) dialogical multiculturalism provides a further complementary dimension at the institutional level. His
argument that cultures require encounter with each other to examine and develop their own assumptions strengthens the
case for moving beyond tolerance’s negative liberty toward the positive engagement that familial moral engagement
demands, while his account of the institutional conditions under which genuine cross-cultural dialogue can occur
without collapsing into the assimilation of minority traditions provides a practical framework for the implementation of
the FMEF in policy and educational contexts.

6. Discussion
6.1 Theoretical Implications

The conceptual analysis developed in the preceding sections generates several significant theoretical implications, the
most important of which concern the adequacy of existing frameworks and the contribution of the FMEF. The three
theoretical propositions advanced in the Methodology can now be shown to have solid grounding in the analysis. TP1 —
that Vasudhaiva Kutumbakam-oriented communities will demonstrate higher prosocial behaviour than tolerance-
oriented communities — is substantiated by the demonstration that the FMEF generates active engagement, ontological
equality, and relational resilience where tolerance generates only passive restraint, structural asymmetry, and situational
fragility. TP2 —that the family metaphor mediates prosocial outcomes through activation of the care moral foundation —is
supported by the convergence of Haidt's (2012) moral foundations findings with the Social Identity Theory-based
recategorisation mechanisms identified above. TP3 — that familial moral engagement will correlate positively with
intergroup contact quality and reduction in out-group devaluation — is grounded in the precise alignment between the
conditions that familial moral orientation generates and the conditions that Allport (1954) and Pettigrew and Tropp
(2006) identified as necessary for effective intergroup contact. More recent empirical evidence has further corroborated
this assertion: examining the moral foundations theory in twenty-five different societies, Atari et al. (2023) have verified
the ubiquity of approval toward care principles but have also helped enhance the understanding of their manifestations
invarious cultures.

Beyond the confirmation of these theoretical propositions, the paper makes a specific contribution to the typology of
interreligious modes of relation. Existing typologies — whether theological, distinguishing exclusivism, inclusivism,
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and pluralism, or political, distinguishing tolerance, dialogue, and recognition — fail to capture the active, personal,
caring, and relationally sustained quality of the mode of engagement that Vasudhaiva Kutumbakam enables. Familial
moral engagement constitutes a theoretically distinct mode that is not reducible to any of the existing categories, and
whose specification contributes meaningfully to the conceptual apparatus available for thinking about interreligious
relations.

The paper further shows that Vasudhaiva Kutumbakam is not a philosophy-specific notion limited merely to the
framework of the Indian tradition or even Hinduism alone. Being rooted in the ontology of the universality of
consciousness, employing the universal concept of the family and triggering the moral principle of care highlighted by
Graham et al. (2009) and Haidt (2012) as a universal moral principle, Vasudhaiva Kutumbakam stands out as an
invaluable source in the philosophical discussions on harmonious interfaith coexistence, being equally worthy of
recognition as Western philosophies of multiculturalism and tolerance.

6.2 Practical Implications

The findings of this research can be said to be relevant to interfaith education, the formulation of multicultural policies,
and the organisation of interfaith dialogue on an institutional basis. In an educational setting, the integration of teaching
material regarding the idea of Vasudhaiva Kutumbakam, as a philosophy that involves ontology, ethics, and psychology,
and not merely as a cultural slogan, may help in the development of a moral identity defined through relational care
towards others rather than mere tolerance. This applies to both secular and religious educational environments,
especially when such ideas are taught to students during the developmental stages of forming their moral identity.

The enduring example set forth by Gandhi (1927) of reaching across religious divides through sincere affection and
openness to both receiving and giving criticism, sustaining relationships despite deep-seated disagreements, can be said
to provide an unparalleled illustration of how moral engagement on a family level can move beyond an impractical
dream and into a practical ethic. For policy makers crafting interfaith programmes, such an example points towards the
importance of creating opportunities for personal interaction based on parity and shared cooperative intent over merely
symbolically endorsing tolerance.

Institutionally speaking, this means that any program based on the principle of fostering familial moral engagement
would emphasise different actions when compared to a program based on tolerance. Joint community service, longer
stays at interfaith centres, joint solutions to common social problems, and joint perspective-taking among the members of
different faith communities fit much better with the concept of familial moral engagement than interfaith dialogues that
mainly deal with theological comparison and expressions of mutual respect.

6.3 Limitations

Several limitations need to be mentioned. This research is purely theoretical and conceptual in nature, and hence, does
not offer any primary empirical evidence of the relationships discussed in the FMEF framework. While the three
theoretical propositions developed in the framework are empirically substantiated and can be derived through
reasoning, these relationships need to be validated through actual empirical observation with suitable measurement
tools applied across various religious and cultural settings. Also, while the references made to the Upanishads and the
philosophy of Vedanta add value to this theoretical study, there are several schools of thought related to Indian
philosophy that should have been considered in depth. The universality of the psychological mechanisms identified —
drawn primarily from North American and European empirical research — across non-Western and non-liberal cultural
contexts also requires further investigation. In recent years, however, there has been some progress made regarding these
shortcomings —namely, the study conducted by Atari et al. (2023), which reconsiders the moral foundations theory from
a cross-cultural perspective among twenty-five populations. In South Asia and the Middle East, on the other hand, cross-
cultural research on the contact and empathy/altruism hypotheses is still relatively limited. And the risks associated with
the family metaphor — conformity, loyalty overreach, expanded tribalism — while noted in the comparative analysis,
deserve a more developed account of institutional safeguards than this paper provides.

6.4 Directionsfor Future Research

The theoretical framework developed here opens several productive avenues for empirical research. Quantitative survey
studies examining the attitudinal and behavioural correlates of exposure to Vasudhaiva Kutumbakam-informed
educational content — using adapted versions of Pettigrew and Tropp’s (2006) Contact Scale, Graham et al.’s (2009)
moral foundations battery, and the Empathy Quotient (Baron-Cohen and Wheelwright, 2004) — would provide the most
direct empirical tests of TP1 and TP2. Experimental studies comparing familial-framing and tolerance-framing conditions
in interreligious contact settings, using random assignment and pre-post measurement of intergroup attitudes, would
enable causal inference regarding the mechanisms through which familial moral orientation generates prosocial change,
and provide the most rigorous test of TP3. Cross-cultural replication across religious and national contexts — particularly
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in South and Southeast Asia, the Middle East, and sub-Saharan Africa— would be essential to establish the cross-cultural
generalisability of the framework’s central claims.

7. Conclusion

This paper has advanced the argument that Vasudhaiva Kutumbakam — taken seriously as philosophy rather than
celebrated as a slogan — offers a substantively richer, psychologically more resonant, and structurally more robust
foundation for interfaith coexistence than the tolerance paradigm that continues to anchor most contemporary
approaches to religious diversity. The three research questions that organised the inquiry can now be addressed directly.
With respect to RQ1, the ontological foundations of Vasudhaiva Kutumbakam lie in the Advaitic metaphysics of unity-in-
multiplicity, which grounds moral obligation not in contractual agreement or ethical choice but in the structure of reality
as the tradition understands it — a grounding that renders the obligation more robust and less contingent than tolerance’s
restraint-based foundation. Regarding RQ2, the psychological processes that lead to prosocial behaviour arising from a
familial moral orientation comprise social recategorization, stimulation of the care moral foundation, fulfillment of the
basic need for belonging, and the empathy-altruism model described by Batson (2011), which aligns with Frankl’s (1959)
conceptualization of relational significance — four complementary processes that occur simultaneously on multiple
dimensions: cognitive, emotional, motivational, and existential. Regarding RQ3, familial moral engagement constitutes
a fourth type of interfaith interaction and a significant contribution to theoretical knowledge because it represents an
active, caring process of engagement not covered by any of the other three types of interaction: tolerance, dialogue, and
recognition.

In that sense, the Family Moral Engagement model proposed in this paper provides the connection between the rich
philosophical insights found in the Upanishads and the empirical findings of modern social and moral psychology. It will
not solve all problems inherent in interfaith coexistence; no such model can solve all problems. However, it represents a
much more realistic view of what true coexistence entails than what has been offered by the tolerance approach. The
difference between the two concepts may not seem to be significant at first glance, but while tolerance merely implies
enduring each other, Vasudhaiva Kutumbakam calls for accountability to one another.

Family is not simple. Family entails friction, disagreements that remain unresolved, and the continual challenge of
maintaining commitment to individuals whose decisions one cannot always agree with. However, family also means
something that the virtue of tolerance cannot possibly provide for: the understanding that the relationship will not end
just because it becomes difficult. The unique feature of relational commitment that is unconditional is what the concept
of familial moral engagement attempts to define and what the world so desperately needs at this time, when it is so rife
with religious divides and communal separation.
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ABSTRACT

yberbullying involves aggressive or harmful behavior conducted by individuals or groups through online

platforms. Bystanders, those who witness such incidents, can play varying roles: defenders who intervene,
instigators who support the bully, or neutral onlookers who remain passive. Understanding bystander behavior is
crucial to assessing the scale and impact of cyberbullying, but the lack of labeled data limits progress. To address
this, the CYBY23 dataset was released on Kaggle in October 2023, featuring Twitter threads with main tweets and
bystander replies where bystander roles have been manually annotated. Labeling of bystander roles is a labor-
intensive task; there's a clear need for automated methods to label bystander roles. In this paper, an efficient model,
based on neural network (NN) architectures, is proposed for the automatic labeling of bystander roles.
The CYBY23 dataset was first balanced using SMOTE. We then evaluated different sets of features (Toxicity,
Sentiment, Empath, TF-IDF, POS) using three NN models - Feed-forward Neural Network, Extreme Learning
Machine, and Multi-Layer Perceptron. The efficiency of the models was compared based on accuracy, precision,
recall, and F1 score. Features TF-IDF and POS, when taken together, delivered the best performance. The feed-
forward neural network gave the best performance among the network architectures.

Keywords: Natural Language Processing, Cyberbullying, Defender, Instigator, Impartial

1. Introduction

Cyberbullying refers to the intentional use of digital technologies, such as social media or messaging platforms, to inflict
harm, humiliation, or distress on others. It often includes aggressive behaviors like harassment, threats, or the spreading
of harmful content, which can significantly impact the psychological well-being of the victims (Smith, 2019). Bystanders
in cyberbullying are individuals who witness or are aware of bullying behavior but are not directly involved. They can
either contribute to the situation by encouraging the bully or help the victim by intervening or reporting the incident
(Kowalskietal., 2020; Salmivalli, 2018; DeSmetetal., 2019).

With the increasing use of social media platforms, online communication now plays a major role in daily life. Twitter, in
particular, serves as a prominent medium for individuals to express their thoughts, react to current events, and engage in
public discourse. Among the numerous social behaviors exhibited on such platforms, bystander behavior - where users
observe but do not participate or intervene in incidents such as cyberbullying, misinformation spread, or online
harassment - has emerged as a critical area of study. [fwe can identify and analyze how bystanders behave, we can better
understand how users engage online. Further, intervention strategies can be designed to create safer online
environments, and harmful behaviour can be reduced.

As per the recent research studies, bystanders play a crucial role in cyberbullying dynamics. Studies show that
approximately 70% to 80% of individuals witnessing bullying, either online or offline, do not intervene (Huang et al.,
2020). However, when bystanders do step in, bullying stops within 10 seconds in 57% of cases (Hawkins et al., 2019).
People often hesitate to step in and help because they are afraid they might become the next target of bullying. Also, they
are not sure about what they should do or how to respond appropriately (Obermaier etal., 2016).

Research that focuses on understanding the role of bystanders in cyberbullying is very important. When we identify what
bystanders do (for example, whether they support the victim, ignore the situation, or encourage the bully), we can better
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understand how cyberbullying works and continues. By studying how bystanders react and what influences their
behavior, researchers can learn why cyberbullying either continues or gets reduced (Salmivalli, 2018). It can be used in
developing targeted interventions and educational programs designed to empower bystanders to act. Effective bystander
interventions can reduce the incidence and impact of cyberbullying (McMahon et al., 2014). Further, understanding
bystanders’ motivations and barriers to intervention, researchers can improve prevention strategies, making them more
effective in encouraging active participation against cyberbullying (Gini etal., 2014).

The majority of publicly available datasets do not adequately address the roles of bystanders in cyberbullying. Given the
significantimpact that bystanders can have, itis essential to classify their roles so that there can be a better understanding
and addressing of the phenomenon of cyberbullying. In this research work, we are aiming to explore the publicly
available CYBY23 (Alfurayj et al., 2023) dataset, which has been manually annotated to identify the bystander’s role.
CYBY23 Dateset has the cyberbullying tweets and the reply tweets corresponding to bystanders.

This study focuses on designing and evaluating architectures based on neural networks for automatically identifying
bystander behavior in tweets from the dataset CYBY23. To this end, we apply multiple feature extraction methods,
namely, sentiments, toxicity, empath, part of speech tags, and TF-IDF, to encode tweet content into a format suitable for
model training. By capturing a wide range of features, we aim to improve the discriminative power of our models.
Automatic Labeling will help in enhancing the

scalability and usability of the datasets, which will contribute to enhancing the research in this area.
1.1 Objectives of the work

The main objective of this work is to provide an efficient and reliable method for automating the labelling of bystander
roles in cyberbullying tweets. To achieve this objective, we will perform the following steps:

* To extract and evaluate various types of features from tweets, namely, Toxicity, Sentiment, Empath, TF-IDF,
and POS.

e To apply and compare three neural network-based methods for multiclass classification, assessing their
performance in detecting bystander tweets.

e To identify the optimal combination of features that enhances detection accuracy across the implemented
models.

The paper is organized as follows. The next section contains the Related work and the background required, followed by
section 3 describing the Methodology. The Methodology section describes the dataset, steps involved in pre-processing,
and the feature extraction process, followed by the details of neural network models used and the experimental setup.
Section 4 gives the results obtained, and Section 5 concludes the paper, along with giving the future scope.

2. Related Work and Background

Identifying bystanders in cyberbullying conversations or threads is very important for understanding cyberbullying and
reducing its negative impact. Machine learning and neural network approaches have been widely used to improve
detection accuracy in this emerging research area. Bystanders - categorized as defenders, instigators, or neutral
participants- significantly influence the outcome of cyberbullying incidents through their responses or lack thereof
(Alfurayj and Lutfi, 2023; Alfurayj et al., 2024; Gupta et al., 2024b). When bystander roles are included in cyberbullying
detection systems, it improves how accurately and thoroughly cyberbullying is analyzed. Recent studies have
successfully deployed machine learning techniques for the classification of bystanders based on their roles (Gupta et al.,
2024b).

The CYBY23 dataset comprises Twitter threads with labeled bystander roles, providing a comprehensive view of
cyberbullying incidents and valuable data for training and evaluating detection models (Alfurayj et al., 2023b; Gupta et
al., 2024b). This dataset allows for better training of machine learning models because it includes the full conversation
context, such as replies and interactions between users in a discussion thread, instead of looking at individual tweets
separately. Manually labeling bystander roles (having people read posts and mark who is a bystander and what role they
play) takes a lot of time and effort. Because of this, there is a need for automated labeling methods (using algorithms or
machine learning) that can automatically assign these labels. This would help increase the size of the dataset more easily,
which is useful for conducting more extensive research.

Cyberbullying detection, as well as bystander detection in cyberbullying threads, involves various natural language
processing (NLP) steps such as pre-processing and feature extraction, before employing machine learning models.

Pre-Processing: It is a crucial step in text processing in order to increase the effectiveness of the machine learning
algorithms. The online chats/posts are generally informal, noisy, and may contain URLs, emojis, and hashtags.
Researchers have applied standard NLP techniques — such as text cleaning, stemming, tokenization, and lemmatization
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for pre-processing social media datasets (Fati et al., 2023). To prepare the dataset, Chatzakou et al. (2019) eliminated
noise by removing numbers, stop words, punctuation marks, and filtering out spammers and duplicate entries.
Tokenization was then employed, in which the text is divided into smaller components called tokens, such as words,
numbers, and punctuation marks. Among them, 'stop words’ such as the, a, on, is, all, and are frequently occurring terms
that carry little meaningful content and are often removed during text processing. Stemming is a method used to reduce
words to their base or root form. For instance, “booked” becomes “book,” and both “working” and “worked” are
reduced to “work.” Lemmatization, unlike stemming, does not just remove word endings. Instead, it relies on lexical
databases to accurately determine the proper base form of a word, for example, converting “saw” to “see” or “better” to
“good". Part-of-speech tagging assigns a grammatical category to each word in the document, such as noun, verb,
adjective, and others, based on both its meaning and the context in which it appears. Text normalization is done by
converting text to a uniform format, such as lowercasing all characters, to ensure consistency (Khairy etal., 2024).

Data augmentation has been widely used to enhance the size and quality of datasets (Gupta et al., 2024a). The study
(Risch and Krestel, 2018) employed Data Augmentation using machine translation to increase the size of the input data
three times. The hashtags were tokenized into words using the dynamic programming technique. Several methods like
random subsampling, random oversampling, SMOTE, and SMOTE + TOMEK have been employed to balance the
dataset, thereby tackling the class imbalance issues (Khairy et al., 2024). SMOTE (Synthetic Minority Over-sampling
Technique) is applied to overcome the issue of imbalanced data by synthesizing samples for the minority class (Gupta
and Gupta, 2024). Borderline-SMOTE (Han et al., 2005) considers only those minority samples that are close to the
borderline for synthesizing new samples.

Feature Extraction: To analyze datasets related to cyberbullying and bystanders, features that capture the textual,
contextual, and behavioral dimensions of user interactions are extracted. Various studies have utilized feature extraction
techniques to enhance datasets (Gupta et al., 2026). Word Embeddings techniques, including FastText, GloVe, and
BERT, convert text into numerical vectors that represent semantic meaning (Albraikan et al., 2022). Term Frequency-
Inverse Document Frequency (TF-IDF) highlights significant words by taking into account both their frequency and
uniqueness (Zotkina and Martyshkin, 2024). Term Frequency (TF) quantifies the number of times a term occurs in a given
document, while Inverse Document Frequency (IDF) is computed as the ratio of the size of the document collection to
the documents containing the specific term. This measure serves as a good indicator of how unique or rare a word is
across all documents in the collection. TF-IDF is computed by taking the product of TF and IDF scores, and denotes the
importance or relevance of a term within a document in relation to the entire corpus (Hasan etal., 2023; Lepe-Fa’undez
etal., 2021). Researchers analyze the sentiment (emotional tone) of text to help decide the feelings behind a message,
which plays a crucial role in identifying instances of cyberbullying and bystander behavior (Zotkina and Martyshkin,
2024). These sentiment features, such as positivity, negativity, and objectivity, have been employed alongside TF-IDF
(Tommasel etal., 2018).

Part-of-speech (POS) features analyze the functions of words within sentences (Gupta et al., 2024b). GloVe (Global
Vectors for Word Representation) is an unsupervised machine learning approach created at Stanford (Hasan et al.,
2023). It generates word embeddings by using a global co-occurrence matrix that tracks the co-occurrence of words
based on their frequency of appearing together in a text corpus. In (Davidson et al., 2017), a variety of different features
are obtained. Each tweet is transformed to lowercase and stemmed using the PorterStemmer. Further, unigram, bigram,
and trigram features are produced and given weights using TF-IDF scores to capture significant patterns. To extract
syntactic structures, the NLTK toolkit (Bird et al., 2009) is utilized to create unigram, bigram, and trigram features based
on Penn Treebank Part-of-Speech (POS) tags. The Flesch-Kincaid Grade Level method is adjusted using Flesch Reading
Ease metrics to evaluate the readability of tweets. Additional features include scores from sentiment analysis, binary
indicators, and counts for the existence of hashtags, user mentions, retweets, and URLs, as well as quantitative metrics
such as the number of characters, words, and syllables per tweet. The TF-IDF method was applied on n-grams to train
classifiers in (Risch and Krestel, 2018). A total of 35 carefully chosen features are utilized - 25 derived from emoticons
and 10 reflecting the textual size concerning the number of words, the ratio of uppercase characters to lowercase ones,
and counts of negation words along with post polarity. The VADER sentiment analyzer has been employed to extract
polarity scores. In the study presented in (Chatzakou et al., 2019), researchers analyzed various features, including
network properties, textual characteristics, user attributes, and profile image statistics. Network properties included the
number of friends, followers, hub and authority scores, centrality measures, and reciprocity. Textual characteristics
examined included metrics such as hashtags, emoticons, word counts, URLs, sentiment scores, and mentions. User
attributes considered included average post count, account age, verification status, and subscribed lists. Profile image
statistics covered the total number, average, and median sizes, and image locations, along with information from the
profile description.
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In the recent literature, a range of machine learning and neural network approaches have been utilized by researchers to
identify aggression in text, detect cyberbullying, and understand bystander behavior. Classical machine learning
algorithms like Logistic Regression, Random Forest, Naive Bayes, and Support Vector Machines (SVM) are commonly
applied in cyberbullying detection tasks (Raj et al., 2021). Additionally, neural network models have also been utilized
to analyze and interpret cyberbullying-related conversations.

A Feedforward Neural Network (FNN) represents one of the simplest types of artificial neural networks. In this structure,
data flows inasingle direction, starting from the input layer, passing through one or more hidden layers, and reaching the
output layer. The architecture is acyclic, with no feedback or recurrent connections.

A Multi-Layer Perceptron (MLP) is a basic type of feedforward neural network. It consists of multiple fully connected
layers of nodes (neurons), including an input component, several internal processing layers, and an output component.
The internal hidden layers perform transformations using weights, biases, and activation functions. The output layer
generates probabilistic predictions, making MLPs suitable for both classification and regression tasks. During the training
process in MLPs, the backpropagation algorithm is used, which calculates gradients and updates weights accordingly.

Extreme Learning Machine (ELM) is a training algorithm specifically designed for single-layer feedforward neural
networks (SLFNs) (Huang et al., 2006). Unlike traditional SLFNs that rely on iterative training methods such as
backpropagation and gradient descent, ELM randomly assigns input weights and biases to the hidden neurons and then
analytically calculates the output weights. This eliminates the need for adjusting input weights and biases during
training, allowing ELM to achieve a globally optimal solution without requiring parameter tuning, such as learning rate
or stopping criteria, thereby significantly enhancing training speed (Bhasin and Bedi, 2013). Moreover, ELM has
demonstrated strong performance in multiclass classification problems (Bedi and Bhasin, 2019; Huangetal., 2012).

A range of neural network architectures has been investigated for detecting cyberbullying, such as BERT, CNN, LSTM,
and hybrid models that integrate these methods (Sandoval et al., 2025). (Tommasel et al., 2018) merged neural networks
with Support Vector Machines (SVM) to identify aggression in text. In (Lepe-Fa’undez etal., 2021), the authors combined
SVM, Naive Bayes (NB), and Random Forest (RF) using a majority voting mechanism. The study (Risch and Krestel, 2018)
employed an ensemble approach with a recurrent neural network (RNN). A bidirectional Gated Recurrent Unit (GRU)
layer, combined with max pooling and average pooling operations, as well as three logistic regression units, is employed
alongside Gradient Boosting Decision Trees to evaluate levels of aggression.

Various machine learning models have also been evaluated for their effectiveness in detecting cyberbullying and
bystander roles. Techniques such as RF Classifier (Gupta et al., 2024b), BERT, and RoBERTa (Sandoval etal., 2025) have
shown promising results. For instance, fine-tuning RoBERTa with oversampled data achieved an F1 score of 89.3%.
Models that incorporate bystander roles have demonstrated substantial performance improvements. The classifier chain
combining BERT and LSTM networks achieved a 25.35% increase in performance, with an F1-score of 89% (Alfurayj et
al., 2024). Robust detection capabilities have been achieved using oversampling techniques and fine-tuning of models
like ROBERTa, with high F1-scores (Sandoval et al., 2025). The BBGC model integrates BERT, BiGRU, and CNN to
extract deep contextual, sequential, and local features. (Cao et al., 2026). Experimental results demonstrate that this
fusion approach significantly outperforms individual pre-trained models and other hybrid neural networks (like
RoBERTa and ALBERT) in cyberbullying detection. Further, researchers work on the real-world psychological toll
cyberbullying takes on people (Jazzar and Duridi, 2025). This paper uses machine learning and deep learning
techniques to identify cyberbullying on different social media platforms.

Evaluation Metrics: As highlighted in the reviewed literature, multiple evaluation metrics have been employed to assess
the performance of models in accurately identifying bystander roles. These include class-level and overall weighted
averages of recall (rec), precision (prec), F1 score (F1), and the weighted Area Under the ROC Curve (AUC) (Chatzakou et
al., 2019). Additionally, researchers have utilized confusion matrices, accuracy, and the Wilcoxon test to further
validate the models’ effectiveness (Alfurayj etal., 2023b).

3. Methodology

Fig. 1 depicts the methodology followed in the current research. As a first step, research works available on categorizing
bystanders into bullying and non-bullying were studied. In this phase, we identified various feature extraction models
being used. Then, the corpus from tweets to be used was chosen. The dataset CYBY23, downloaded from Kaggle, is
described in detail in subsection 3.1. Data Pre-processing involved data cleaning followed by removing the imbalance

Related Work Identification of Data Pre- Feature
study dataset Processing Extraction

Fig. 1: Research Methodology

Deployment of
Neural Network
Models

Experimenting
with different
Feature Sets
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using the Borderline Synthetic Minority Oversampling Technique (SMOTE) (Han et al., 2005). Pre-processing of the data
was done so that it can be used for classification using Neural Network models. Data preprocessing is briefly explained
in subsection 3.2. Some of the features were categorical, which were converted to numeric values, and different feature
sets were extracted from the data. The details of all the feature sets are given in subsection 3.3. Deployment of three
Neural Network models was performed on the Bystanders pre-processed data. Evaluation of the models was on the basis
of standard metrics like accuracy, precision, recall, and F1 score. The details of the Neural networks used are given in
subsection 3.4. Finally, subsection 3.5 outlines the experimental setup employed in this study.

3.1 Description of the Dataset

The original dataset, CYBY23, was downloaded from Kaggle (Alfurayj etal., 2023b; Alfurayj and Lutfi, 2023). Twitter API
was used to extract 1,024 tweets from 150 conversation threads over the span of one year (January 2022 to January
2023). The downloaded information includes the tweet ID, tweet date, the user 1D, the user’s screen name, likes count,
retweets count, and the tweet’s text. Keywords and hashtags associated with racial and discriminatory remarks that could
lead to harassment were used to gather this data.

The labeling of bystanders was achieved through a manual annotation process based on established guidelines (Alfurayj
et al., 2023). This process involved assessing individual tweets’ aggressiveness, identifying the role of bystanders in
responses, thereby judging the aggressiveness of the whole thread, including the original post and its replies. Only those
threads that received agreement from five or more annotators were included for further analysis. This approach reduced
the total number of tweets to 639 and the number of tweet threads to 112. The dataset now contains between 10% to
20% instances of bullying, with only 11.6% representing cyberbullying characterized by high aggression. Instigators
were prominently represented across both categories of bullying.

The study looked at bystander contagion, which is the idea that people who observe bullying may start behaving
similarly. The researchers found a positive correlation - when there were more instigators (people who start or encourage
bullying), the number of bullying incidents increased in the dataset. So, the presence of instigators can influence
bystanders and lead to more bullying behavior spreading in the conversation. Due to the labor-intensive and time-
consuming process of manual role annotation, the researchers emphasized the importance of automating the
identification of bystander roles. As a result, they made the CYBY23 dataset publicly available on the Kaggle platform
(Alfurayjetal., 2023).
The dataset “CYBY23” consists of 112 threads from Twitter, including main posts as well as replies from bystanders. Each
of the 639 tweets is accompanied by its text and various general tweet-level features, along with the labels indicating the
roles of bystanders. Additionally, toxicity features were extracted using the Perspective API, while sentiment features
were obtained using TextBlob. The dataset comprises 17 attributes, which are listed below:

1. tweet id: An identifier for each tweet.
reply id: The identifier of the main tweet to which this reply tweet belongs.
created at: The date of tweet creation.
text: The text of the tweet.
retweet count: Denotes the count of retweets.

favorite count: The total number of favorites.

N e

class label: It denotes the aggression level of the thread - the main tweet and its replies, on a scale of 0-2. Hence,
the main tweet only has this assignment.

(a) 0- Aggression
(b) 1 - Low-aggression bullying
(c) 2 - High aggression bullying

8. bystander role label: The label assigned to the bystander who has replied to the main tweet. Hence, it was
assigned to the reply tweets only.

(@) O - Instigator who agrees with the main post
(b) 1 - Defender who disagrees with the main post
(¢) 2 - Impartial who is not taking any sides
(d) 3 - Others
9. Three sentiment features - Polarity, Subjectivity, and Sentiment.
10. Six Toxicity Features - Identity Attack, Insult, Threat, Profanity, Toxicity, and Severe Toxicity.
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3.2 Pre-Processing
The original dataset is not suitable for classification by intelligent models in its raw form because it includes URLs, HTML
tags, mention tags, chat slang, non-standard English words, and spelling errors. Therefore, preprocessing of the dataset is
essential in order to prepare the data for better modelling results. The data cleaning steps carried out on the text attribute
are listed below.

1. All the URLs beginning with {https, www}were removed.

2. All the HTML tags contained in <> were removed.

3. All the mentioned tags beginning with @ were removed.

4. The emoji representations were originally separated by {:, }. These delimiters were replaced by the space

character, and the separate words were kept since emojis provide useful information on the nature of the tweet.

5. All the punctuation characters except the {?, !}were removed. These two were retained since these punctuation
marks can provide cues about the tone or emotion of a sentence. Also, they help in understanding the context
and intent of the tweet.
Lemmatization was performed to convert the words into their meaningful base forms.
Chatwords such as LOL were converted to their full text forms.
Spell Checker was applied to correct the word spellings.
The target variable is the bystander role [abel. It had four textual values. These textual values were label encoded
to values onascale of 0 to 3 - 0 (Instigator), 1 (Defender), 2 (Impartial), 3 (Others).
High imbalance was observed in the data vis-a-vis the target variable 'the bystander role label’ and preliminary
experiments showed overfitting. Out of a total of 524 tweets, 228 were labeled as Instigator, 191 as Defender, 96 as
Impartial, and only 9 belonged to the Others or Irrelevant category. After the data cleaning process, this imbalance in the
dataset was handled using the Borderline-SMOTE technique. This technique identifies the borderline samples and uses
them for generating synthetic data using SMOTE. The distribution of classes before and after applying SMOTE is shown in
Fig. 2.
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Fig. 2: Distribution of Bystander Roles in the CYBY23 Dataset before and after Resampling

3.3 Feature Extraction

After cleaning and preprocessing, various features were extracted from the tweet content. Initially, attributes from both
the main tweet and its corresponding reply were merged to assess how the original tweet affects the reply, resulting in the
creation of a new enriched dataset. This enriched dataset included:

* 6 general features

e 6 features related to toxicity from main tweet

e 6 features related to toxicity from reply tweet

e 3 features related to sentiments from main tweet
e 3 features related to sentiments from reply tweet
e class label of main tweet.

e bystander role label of reply tweet.
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Due to the column-wise merging of main and reply tweets, the total tweet count reduced from 639 to 524. Thus, the
updated dataset consisted of 26 attributes and 524 records.

Three features, reply ID, tweet id, and created at, were eliminated since these features had no role in detecting
bystanders. Furthermore, the text of the tweet was not considered since its information was already captured through
toxicity (via the Perspective API) and sentiment (via TextBlob) features. The finalized dataset comprised 22 features
including target label: bystander role model. To enrich the dataset further, three more feature sets extracted through TF-
IDF, POS tags, and Empath were incorporated.

e Features derived from Empath Package: The text of both the original tweet and the bystander tweet is used to
extract Empath features, as outlined in (Fast et al., 2016). Empath is a tool that analyzes text by looking at the
words used (lexical analysis) and placing them into different meaning-based categories. It examines text using
194 predefined categories. These categories are based on research and knowledge about human emotions,
behavior, and topics. The categories cover many types of content, such as daily life topics — home, work, family,
emotions — anger, sadness, government terms — embassy, democrat, technology terms — iPad, Android, and so
on. By grouping words into these categories, Empath helps researchers understand the themes, emotions, and
behaviors expressed in a piece of text. For example, the small text "l love you but | hate you also" yields the
following values across various categories: 'anger': 0.125, 'anticipation': 0.0, 'disgust': 0.125, 'fear': 0.125,
'joy':0.125, 'negative': 0.125, 'positive': 0.125, 'sadness': 0.125, 'surprise': 0.0, and 'trust': 0.0.

e TF-IDF Features: The method for computing Term Frequency-Inverse Document Frequency (TF-IDF) features is
one of the simplest and most traditional approaches to feature extraction from text, commonly used in Natural
Language Processing (NLP). TF-IDF helps create a feature vector for the text by determining the importance of
each word based on its frequency in the corpus. In this study, a total of 2,071 features are extracted from the
tweets' text.

e Part of Speech (POS) Features: The tweet text is tokenized and categorized into 10 part-of-speech categories.
The categories in which all the tokens from text are categorized are: Noun, Adjective, Verb, Adverb, Pronoun,
Preposition, Conjunction, Article, Negation terms, and Auxiliary terms. These ten categories form 10 POS
features.

To summarize, the final dataset had 2296 features as mentioned in Table 1.

Table 1: Number of Extracted Features from Tweets

Number of Features Tool/API
3 General Features
12 Toxicity attributes (obtained through Perspective API)
6 Sentiment attributes (obtained through TextBlob)
194 Emotion features based on Empath
2071 Features based on TF-IDF
10 Features based on Part of Speech (POS)

Further, these individual feature sets were grouped based on their nature, resulting in two more sets, as shown in Fig. 3.

* Toxicity, Sentiment, and Empath features were concatenated together because they all describe the feelings or
emotions in the text. They help understand if the text is angry, kind, rude, or emotional.

e TF-IDF and POS features were grouped into a second set because they tell us about the words and grammar in
the text. TF-IDF shows which words are important, and POS tells us about word types like nouns, verbs, etc.
These are more about the structure and meaning of the words themselves.

3.4 Neural Network Models
The current research employs three NN models - Feedforward Neural Network (FNN), ELM, and MLP. The
configurations of the three models are as follows:

e FNN - The network consists of an input layer with as many neurons as the input features. It is then followed by
four dense layers each consisting of 64 hidden neurons and ReLU activation function. Finally, the network
consists of an output layer with four units and softmax activation for the four bystander labels. The sparse
categorical cross-entropy loss function was employed to handle the multiclass classification task. This function
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Fig. 3: Extraction and Concatenation of Features

is appropriate when integer-labeled target classes are involved. Finally, the model has been optimized with
Adam optimizer and accuracy metric has been maximized over 1000 epochs. It is implemented using Keras'
Sequential APl which uses TensorFlow's backend and provides customizable training (layers, loss function,
optimizers). The use of explicit epoch control ensures that the model is fully trained to convergence.

e ELM-AsinFNN, the network consists of an input layer with as many neurons as the input features, followed by a
single hidden layer with 128 neurons, and an output layer for predictions. The tanh activation function has been
used on the hidden neurons.

e The MLP model employs a feedforward structure similar to that of the FNN, beginning with an input layer and
followed by four hidden layers, each consisting of 64 neurons that utilize the ReLU activation function. To
address multiclass classification, the output layer applies the softmax function. The training process is
conducted with the Adam optimizer over a maximum of 1000 iterations. This model is constructed using Scikit-
learn's MLP Classifier, which is user-friendly; however, it cannot customize the loss function in the way that
Keras does. Additionally, the model may terminate early if convergence criteria are satisfied or if it is progressing
slowly, which might resultin underfitting.

Forimproved and stable results, Stratified 5-fold validation has been utilized for dividing the data into training and
testsets.

3.5 Experimental Setup

Fig. 4 illustrates the experimental pipeline followed in this study. After extracting features from the corpus, various
feature sets are constructed as described in subsection 3.3. These feature sets are then balanced using the Borderline
SMOTE technique to address class imbalance. The resulting balanced numeric datasets are fed into three different neural
network architectures (explained in subsection 3.4), which are trained and evaluated using stratified 5-fold cross-
validation wherein 4 folds are used in training and 1 fold is used in testing for the prediction of a new label. The process of
selection of 4 folds for training is repeated 5 times. Performance metrics such as accuracy, precision, recall, and F1-score
are analyzed to determine the most effective architecture. The Python library Scikit-learn (Pedregosa et al., 2011) and
Keras (Chollet et al., 2015) were utilized for the implementation of the neural network architectures. All experiments
were conducted on a system running macOS Big Sur Version 11.3.1 with 8GB of RAM.
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Fig. 4: Experiment Pipeline
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4. Results

The performance of the three neural networks across all five individual feature sets: Toxicity, Sentiment, Empath, TF-IDF,
and POS is presented in Table 2, evaluated using Accuracy, Recall, Precision, and F1-Score. For the four bystander role
labels, the precision, recall, and F1-scores are also provided separately. The weighted averages are also reported -
weighted precision (WP), weighted recall (WR), weighted F1 (WF). The following observations are evident:

Table 2: Performance of Neural Networks on Individual Feature Sets

Feature | Models | Accura | Precision WP Recall WR F1-Score WEF
Set cy
0 1 2 3 0 1 2 3 0 1 2 3
Toxicity FNN 0.7642] 0.68] 0.71 0.69] 0.97] 0.76| 0.67] 0.78] 0.62| 0.99| 0.77| 0.68| 0.74| 0.65] 0.98| 0.76
MLP 0.4221] 0.31] 0.35( 0.39(0.58 | 0.41] 0.16] 0.46| 0.40| 0.67] 0.42] 0.21] 0.40| 0.39| 0.62| 0.41
ELM 0.5241] 0.45] 0.52 0.39(0.71| 0.52] 0.33] 0.35] 0.50] 0.91| 0.52| 0.38] 0.41| 0.44| 0.80| 0.51
Sentiment | FNN 0.7654] 0.69] 0.73| 0.66[/0.98 | 0.77] 0.63] 0.77| 0.67| 0.99| 0.77| 0.66| 0.75| 0.67| 0.98]| 0.77
MLP
ELM 0.3618] 0.23] 0.41 0.37]10.55] 0.39| 0.34] 0.22| 0.43| 0.46| 0.36] 0.27| 0.29] 0.39] 0.50| 0.36

0.5121( 0.41| 0.47] 0.46(0.63 | 0.49| 0.30| 0.43( 0.41( 0.91 0.51] 0.35| 0.45| 0.43| 0.74| 0.49

Empath FNN 0.909] 0.91] 0.90( 0.85/0.99] 0.91| 0.79] 0.94| 0.92] 0.99] 0.91] 0.85| 0.92| 0.88] 0.99| 0.91
MLP
ELM 0.6404 0.5 0.62] 0.57(0.88 | 0.64| 0.47] 0.68( 0.57( 0.85[ 0.64] 0.49| 0.64| 0.57 0.86| 0.64

0.5208( 0.46| 0.47| 0.42(10.66 0.5] 0.30] 0.38f 0.49| 0.91| 0.52] 0.37] 0.42| 0.45( 0.77] 0.5

TF-IDF FNN 0.8958( 0.95] 0.95| 0.75[0.99] 0.91( 0.86] 0.98| 0.94] 0.79( 0.89| 0.90( 0.97| 0.84( 0.88| 0.9
MLP
ELM 0.8125( 0.74] 0.83| 0.72(0.94] 0.81| 0.67| 0.87| 0.72] 0.99| 0.81] 0.70] 0.85| 0.72| 0.96| 0.81

0.5395( 0.45] 0.49| 0.46[0.69| 0.52( 0.32] 0.43] 0.48] 0.92 0.54| 0.37 0.46| 0.47( 0.79| 0.52

POS FNN 0.8235( 0.78] 0.82| 0.71| 0.98] 0.82f 0.72] 0.86| 0.73] 0.98 0.82| 0.75 0.84| 0.72( 0.98| 0.82
MLP
ELM 0.5768( 0.54] 0.48] 0.45| 0.79] 0.57| 0.32] 0.61| 0.41| 0.97| 0.58] 0.40] 0.54| 0.43| 0.87| 0.56

0.5362( 0.44] 0.51| 0.44| 0.67| 0.52| 0.30] 0.43| 0.46( 0.96( 0.54] 0.36] 0.47| 0.45( 0.79] 0.52

Toxicity | FNN 0.8772| 0.84| 0.84| 0.84| 0.99] 0.88| 0.79| 0.90[ 0.83] 0.99| 0.88| 0.81| 0.87| 0.84| 0.99| 0.88
;emimem MLP 0.6436| 0.54| 0.60| 0.52| 0.88| 0.64| 0.43| 0.63[ 0.55| 0.97| 0.65| 0.47| 0.61| 0.53| 0.93| 0.64
+Empath T 0.545( 0.48| 0.48| 0.46| 0.68| 0.53| 0.34| 0.38| 0.51| 0.95| 0.55| 0.40| 0.43| 0.48| 0.80| 0.53
TF-IDF + | FNN 0.9627( 0.96 0.97] 0.92] 1] 0.96| 0.90| 0.98 0.97| 1| 0.96| 0.93| 0.98| 0.94] 1| 0.96
Pos MLP 0.7982( 0.72| 0.82| 0.67] 0.97| 0.8| 0.64| 0.84| 0.73| 0.99| 0.8 0.67| 0.83| 0.70| 0.98| 0.8

ELM 0.5351( 0.45| 0.46| 0.45| 0.69] 0.51| 0.33| 0.46( 0.39| 0.95| 0.53| 0.38| 0.46| 0.42| 0.80| 0.52

e Across all five individual feature sets, the FNN model consistently outperformed the other two models,
achieving the highest values for all four performance metrics. The highest accuracy was achieved on the Empath
feature setat 90.9%, followed by 89.58% on the TF-IDF feature set.

e The FNN model achieved the highest precision for classes 0 and 1 using the TF-IDF feature set, class 2 using the
Empath feature set, and class 3 with an equivalent precision of 0.99 using both the Empath and TF-IDF feature sets.

e Forrecall, the FNN performed best on classes 0 and 1 using the TF-IDF feature set and on classes 2 and 3 using
the Empath feature set. Additionally, a close recall value of 0.98 for class 3 was achieved on the Toxicity,
Sentiment, and POS feature sets.

e FNN attained the highest F1-Score values for classes 0, 1, and 2 using the TF-IDF feature set, and a score of 0.99
for class 3 using the Toxicity, Sentiment, and Empath feature sets. While the MLP model also attained 0.99 as an
F1 scoreon class 3 using the TF-IDF feature set, it underperformed across other classes.
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e Boththe MLP and ELM models showed poor performance across most cases, with ELM yielding accuracy values
close to 50%, while the MLP performed slightly better. Both models performed the worst on the Sentiment
feature set and showed their best performance on the TF-IDF feature set.

Additionally, the feature sets were combined, resulting in two new sets: Toxicity + Sentiment + Empath and TF-IDF +
POS. The results for these combined feature sets are also presented in Table 2. Itis evident from the table that:

* On the Toxicity + Sentiment + Empath feature set, the accuracy of the FNN model dropped to 87.72% when
compared to its performance on the standalone Empath feature set. However, MLP and ELM showed slight
improvement on the combined set as compared to the individual sets.

e Therecall and precision, thus the F1-score value of FNN and MLP, slightly dropped on the Toxicity + Sentiment
+ Empath feature set when compared to the standalone Empath feature set. However, ELM showed a slight
improvement on the combined set.

* Onthe TF-IDF +POS feature set, significant improvement is seen in all four performance metrics of the FNN
model, achieving the highest accuracy of 96.27% across all the feature sets. However, all four measures of MLP
and ELM slightly decreased in most of the cases when compared to the individual TF-IDF and POS sets.

Based on the performance of the FNN model across individual and combined feature sets, the highest accuracy was
observed with the Empath feature set and the TF-IDF + POS combination. To further explore potential improvements,
two additional combinations — TF-IDF +POS+Empath and TF-IDF + Empath were evaluated. The accuracy values of
the three NNs over all the feature sets are illustrated in Fig. 5, and the following insights can be drawn:

e A marginal improvement of only 0.2% was observed when using the TF-IDF + POS + Empath feature set
compared to TF-IDF + POS. This small gain does not justify the dataset size, as well as the running time of the
model being increased. Therefore, TF-IDF + POS remains the more efficientand practical choice.

* Adecline in performance by 2.2% was observed for the TF-IDF +Empath feature set compared to TF-IDF +
POS, indicating that POS features contribute more significantly to model performance than Empath features in
this combination.
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Fig. 5: Accuracy of the models on different Feature Sets

In conclusion, the FNN model gives the best overall performance, measured in terms of accuracy, precision, recall, and
F1-score, when using the TF-IDF + POS feature set.

The confusion matrices of the FNN model for all five basic feature sets - Toxicity, Sentiment, Empath, POS, and TF-IDF,
as well as on the best performing combined feature set TF-IDF +POS, are presented in Figure 6. In each matrix, the
bottom-right cell displays the overall classification accuracy (in green) and the misclassification rate (in red).

Additionally, the rightmost column shows the recall for each class, while the bottom row indicates the precision for each
class.
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FNN Per on Toxicity F FNN on Sentil F
redicted| redicted|
Instigator Defender Impartial Irrelevant Recall Instigator Defender Impartial Irrelevant Recall
Actual Actual
228 228
Instigator 67.11% Instigator 63.16%
32.89% 36.84%
228 228
Defender 77.63% Defender 77.19%
22.37% 22.81%
228 228
Impactal 62.28% Impactal 67.11%
37.72% 32.89%
228 228
Irrelevant 98.68% Irrelevant 98.68%
1.32% 1.32%
224 249 206 233 697 /912 209 241 232 230 698 /912
Precision 68.30% 71.08% 68.93% 96.57% 76.43% Precision 68.90% 73.03% 65.95% 97.83% 76.54%
31.70% 28.92% 31.07% 3.43% 23.57% 31.10% 26.97% 34.05% 217% 23.46%
(a) Toxicity(b) Sentiment
FNN Per on F FNN Per on POS Fi
redicted| redicted|
Instigator Defender Impartial Irrelevant Recall Instigator Defender Impartial Irrelevant Recall
Actual Actual
228 228
Instigator 79.39% Instigator 72.37%
20.61% 27.63%
228 228
Defender 93.86% Defender 85.96%
6.14% 14.04%
228 228
Impactal 91.67% Impactal 72.81%
8.33% 27.19%
228 228
Irrelevant 98.68% Irrelevant 98.25%
1.32% 1.75%
199 238 247 228 /912 212 239 233 228 751/912
Precision 90.95% 89.92% 84.62% 98.68% 90.90% Precision 77.83% 82.01% 71.24% 98.25% 82.35%
9.05% 10.08% 15.38% 1.32% 9.10% 2217% 17.99% 28.76% 1.75% 17.65%
(c) Empath (d) POS
FNN Per on TF-IDF F FNN Performance on TF-IDF+POS Features
redicted redicted
Instigator Defender Impartial Irrelevant Recall Instigator Defender Impartial Irrelevant Recall
Actual Actual
228 228
Instigator 86.40% Instigator 89.91%
13.60% 10.09%
228 228
Defender 98.25% Defender 97.81%
1.75% 2.19%
228 228
Impactal 94.30% Impactal 97.37%
5.70% 2.63%
228 228
Irrelevant 79.39% Irrelevant 100.00%
20.61% 0.00%
208 236 286 182 817/912 213 229 242 228 878/912
Precision 94.711% 94.92% 75.17% 99.45% 89.58% Precision 96.24% 97.38% 91.74% 100.00% 96.27%
5.20% 5.08% 24.83% 0.55% 10.42% 3.76% 2.62% 8.26% 0.00% 3.73%

(e) TF-IDF(f) TF-IDF+PO
Fig. 6: Confusion Matrices of FNN on Different Feature Sets
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The confusion matrices reveal the following important observations:

*  Majority of the data points belonging to the Irrelevant category are correctly classified by FNN irrespective of the
type of feature vector set used, with the TF-IDF + POS combination achieving perfect classification of all
samples in this category.

*  Among the individual feature sets, TF-IDF results in the highest number of correctly classified samples for the
Instigator, Defender, and Impartial categories. This is followed by Empath, which ranks second, and POS,
which ranks third in terms of classification performance for these categories.

e Thesamples belonging to the Instigator category turn out to be the most challenging to classify accurately. Even
with the best-performing feature set, TF-IDF + POS, the FNN model fails to correctly classify 23 samples from
this category.

The feature set TF-IDF + POS turns out to be the optimal choice among all, since TF-IDF tells us which words are
important or unique in a tweet. It helps the model understand what the tweet is talking about. Also, POS tags show the
grammatical role of words, which helps the model learn how the message is constructed. It is useful for understanding
the intent and tone of the tweet. Further, both of these individual feature sets provide non-overlapping information and
thus result in a more useful feature set combination. Therefore, the FNN model achieves the highest classification
performance on the Bystander role dataset when using the combined feature set TF-IDF + POS.

5. Conclusion and Future Scope

This paper presents research on extracting various types of features from tweets related to bystanders. We utilized the
dataset CYBY23, which contains tweets from bystanders, and conducted experiments with different combinations of
features. A total of 2,284 features were extracted using various tools and APIs, including sentiment features obtained
from TextBlob, emotion features from Empath, toxicity features via the Perspective API, TF-IDF features, and features
derived from Part of Speech (POS) Tagging. For the

classification task, we employed three types of deep neural network models: a feedforward neural network, a Multilayer

Perceptron (MLP), and an Extreme Learning Machine (ELM). To evaluate the models, we employed metrics such as

accuracy, precision, recall, and F1-score. The experiments showed that choosing the right features (important

characteristics from the text data) is very important for getting good results in a machine learning model. Among all the

feature combinations tested, the best performance was achieved when TF-IDF features were combined with POS

features. Additionally, the feedforward neural network outperformed all other deep learning models.

In the future, we plan to work with a larger dataset. We also aim to explore multimodal data, including emojis,

emoticons, images, and videos. Furthermore, we intend to extend our research to identify bystander roles in tweets that

feature multilingual data, incorporating various low-resource languages.
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ABSTRACT

dolescence is a vulnerable growing phase marked by physical, emotional, psychological, and social changes.

During this phase, adolescents are particularly vulnerable to stress and anxiety — driven by fear of failure,
academic overload, and peer competition —which significantly impacts their psychological well-being. This study
examined how ego resilience, perceived stress, and anxiety predict the psychological well-being of adolescents. A
quantitative, predictive correlational design was employed with 61 adolescents (aged 13-18) from urban private
schools in Delhi, India, selected through disproportionate stratified sampling. The Perceived Stress Scale, Ego
Resilience Scale, Ryff's Psychological Well-Being Scale and State-Trait Anxiety Inventory were administered. Ego
resilience was significantly positively associated with self-acceptance (r = .353, p = .005). State and trait anxiety
demonstrated the strongest negative associations with self-acceptance (r = -.643 and r = -.591, respectively) and
environmental mastery. Perceived stress significantly and negatively predicted environmental mastery (r = -.448)
and self-acceptance (r =-.412). Together, all the predictors explained 16.6% of the variance in psychological well-
being (F (4, 56) =2.78, p=.035, R2=.166). While the overall regression model significantly predicted psychological
well-being, none of the individual predictors reached a statistically significant level independently, suggesting that
ego resilience, perceived stress, and anxiety collectively contribute to psychological well-being rather than any
single factor acting as a dominant predictor. Findings support the need for school-based anxiety management and
resilience-building interventions to promote adolescent psychological well-being.

Keywords: Self-acceptance, Environmental Mastery, Mental Health, Academic Pressure, Developmental
Vulnerability

1. INTRODUCTION

Adolescence refers to a period that usually occurs in the middle of childhood & adulthood, i.e. 12 years old to 18 years
old (Jaworska & MacQueen, 2015). It is a critical & essential developmental phase that leads to the neurobiological
changes in the body, which increase the vulnerability of adolescents towards the stressors present in the environment,
which can also imperil the psychological well-being of the adolescents and heighten the probability for psychopathology
(Chavanneetal., 2023; Wiglesworth etal., 2023).

Ego resilience refers to the individual’s ability to deal with and adapt to stress, anxiety & challenges they face over the
course of life. It basically reflects the inner potential and capacity of the individual to flexibly adapt and recover from the
hurdles and adversities faced by them, and to balance their emotional stability under times of pressure (Block & Kremen,
1996; Tyagi & Khokkar, 2024). Ego resilience develops through a mix of early life experiences, coping styles, personality
traits, and social support. Supportive caregiving in childhood, healthy ways of handling stress, and qualities like
optimism and self-esteem all help individuals become more emotionally strong and adaptable. It has been observed that
positive social relationships during childhood and adolescence play a crucial role in building resilience during the later
years of life (Chen etal., 2021; Tyagi & Khokkar, 2024).

Stress is a widely investigated concept in the domain of developmental and health psychology. According to
Transactional Model of Stress and Coping, stress does not solely emerge as an outcome of environmental events or an
individual’s personal characteristics but are also the result of the ongoing interaction between the individual and their
environment (Lazarus and Folkman’s (1984). Stress occurs when individuals perceive that the demands of a situation
exceed their available coping resources, thereby posing a threat to their well-being. In this view, the experience of stress
depends largely on how a person interprets and evaluates a particular situation rather than on the situation itself. Physical
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form includes insomnia or hypersomnia, fatigue, nausea, and chest pains. Mental forms include problems in memory,
concentration, decision making, and loss of sense of humour. Emotional forms include anxiety, anger, frustration, and
depression (Ciccarelli & White, 2025).

Anxiety can be understood as a mental state in which an individual goes through a state of extreme apprehension, worry
or tension that something adverse is going to happen in the near future. When it becomes excessive and arises without
any clear cause, it leads to maladaptive behaviours and the onset of anxiety disorders (Saviola et al., 2020). It includes
both emotional and physical components, containing the most common symptoms, which are shortness of breath,
tremors and palpitations (Impey et al., 2020). Charles Spielberger introduced a theoretical framework, which is known as
the State- Trait Anxiety theory (Skapinakis, 2014). State anxiety is a temporary emotional reaction that occurs in stressful
situations and is often marked by nervousness, worry, and tension. In contrast, trait anxiety is a more stable personality
characteristic, where individuals are generally more likely to experience anxiety in various situations.

Psychological well-being (PWB) is a multidimensional concept that refers to an individual’s optimal psychological
functioning, personal growth, self-actualisation, and ability to face life’s challenges (Ryff, 1989). This framework
includes the six distinct yet interrelated domains/ keys —autonomy, self-acceptance, positive relations, personal growth,
purpose in life, environmental mastery, and positive functioning (Ryff & Keyes, 1995). The hedonic perspective of well-
being is deeply rooted in the philosophy of Aristippus, who taught the world that all the happiness in the world is present
in hedonic moments and that the main goal or aim of life is to experience the maximum amount of pleasure in life.
Meanwhile, in contrast, the Eudaimonic perspective is based upon Aristotle’s Nicomachean Ethics, which states that all
the human goods that are at the highest are achievable by human action was eudaimonia. It is defined as the activity of
the soul which is followed by virtue- a personal kind of excellence, which helps to achieve the bestin us.

Recent research shows that people with higher ego resilience generally experience better psychological well-being and
are able to gain more from a sense of community and social support (Fino etal., 2025). Studies also suggest that resilience
is a fixed personality traitand a flexible trait that helps to connect healthy habits —such as exercise, good sleep, supportive
friendships, and belongingness — with positive well-being outcomes (LiuB et al., 2025). On the other side, factors like
academic pressure, financial difficulties, and stress caused by events such as the pandemic have been found to negatively
affect psychological well-being, especially among adolescents and students (Allayannis et al., 2022; Ebrahim et al.,
2022).

High anxiety has been found to be linked with lower academic involvement, reduced independence, and poorer
adjustment (Sinval et al., 2025), although individuals with stronger ego resilience reported lower stress levels, less
depression, and greater life satisfaction (Abd el-Halem et al., 2022; Elzohary etal., 2017; Lee & Lee, 2021). Ego resilience
acts as a protective factor against the harmful effects of loneliness on anxiety (Padmanabhanunni & Pretorius, 2025).
Although many studies have explored these variables separately, there is still limited research that examines resilience,
stress, and both state and trait anxiety together, particularly among Indian adolescents. The present study fills this gap by
exploring how these factors jointly influence the six dimensions of psychological well-being proposed by Ryff in an
Indian adolescent population. From a theoretical perspective, this study draws on the idea proposed by Block and
Kremen (1996) that ego resilience functions as a flexible self-regulatory capacity, enabling individuals to adapt
effectively to changing circumstances and cope with challenges. This view aligns with the transactional model of stress
developed by Lazarus and Folkman (1984), which suggests that the impact of stressful situations depends largely on how
individuals interpret and respond to them. Within this framework, ego resilience can be understood as a personal
resource that influences the way stress and anxiety are perceived, regulated, and managed.

The most existing research has focused on Western societies and adult samples. Indian adolescents, however, as grow up
in a socio-cultural environment, they are influenced by strong family interconnectedness, intense academic pressures,
and evolving social and cultural expectations. These contextual factors shape the ways in which resilience operates and
the extent to which it protects young people from the negative effects of stress and anxiety. Such an investigation of these
relationships in an Indian adolescent population projects to offer an opportunity to broaden the relevance of existing
theories as well as assess their applicability within a cultural and developmental context. Such emphasis has received
comparatively limited attention in psychological research.
2. Aimsand Objectives
2.1 Aims
To examine how ego resilience, anxiety and stress predict the psychological well-being of adolescents
2.2 Objectives

e Toanalysetherelationship between ego resilience and psychological well-being in adolescents.

e Toexaminethe association between anxiety and the psychological well-being of adolescents.
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e Toexaminethe association between stress and the psychological well-being of adolescents

* To analyse the predictive roles of ego resilience, anxiety, and stress on psychological well-being among
adolescents.

2.3 Researchquestions
e Does egoresilience significantly predict the psychological well-being of adolescents?
e Doesanxiety significantly predict the psychological well-being of adolescents?
e Does stress significantly predict the psychological well-being of adolescents?
e Doegoresilience, anxiety, and stress together significantly predict the psychological well-being of adolescents?
2.4 Hypotheses
H1: There will be a significant relationship between ego-resilience and the psychological well-being of adolescents
H2: There will be a significant association between anxiety and the psychological well-being of adolescents
H3: There will be a significant association between stress and the psychological well-being of adolescents
H4: Ego-resilience, anxiety and stress will significantly predict the psychological well-being of adolescents
3. Methodology
3.1 Research Design

The current study has a Quantitative, Predictive Correlational Design as it predicts the psychological well-being of
adolescents from ego resilience, anxiety and stress.

3.2 Participants

The study includes early adolescents aged 13-15 years and middle adolescents aged 15-18 years from urban private
schools in Delhi, India. Participants were selected based on the following criteria. Inclusion Criteria: Early adolescents,
13-15 years old, and middle adolescents, 15-18 years old, living with at least one parent or guardian, willing to provide
informed consent, parental consent is mandatory for minors. Exclusion Criteria- Individuals who do not fall into the early
adolescent and middle adolescent age groups, adolescents unwilling or unable to participate or provide consent, living
with neither of the Parents

3.3 Variablesand tools

3.3.1 Variables
Independent Variables: Ego resilience, stress and anxiety
Dependent Variable: Psychological Well-being

3.3.2 Tools

Ryff’s Psychological Well-Being Scales (PWB) (1989)- The internal consistency of the scale was 0.82, and the sub-scales
range between 0.71 and 0.78. Ryff’s Cronbach’s Alpha for each were reported as 0.83, 0.86, 0.85, 0.88,0.88 and 0. 91.

The Perceived Stress Scale (PSS-10) 10-item questionnaire was developed by Cohen et al. (1983). Individuals score
between the range of 0 and 40, with higher scores indicating higher perceived stress. Reliability- The internal consistency
of the scale, indicated by Cronbach’s alpha, ranged from 0.71 to 0.91, while the test-retest reliability has been generally
observed at0.70.

The State Trait Anxiety Inventory is a 40-item questionnaire that is used to measure the state and trait anxiety of the
individual separately. It was developed by Charles D. Spielberger, Richard L. Gorsuch, and Robert E. Lushene in 1964. The
Trait-anxiety scale, the coefficients ranged from .65 to .86, whereas the range for the State-anxiety scale was .16 to .62.

Ego Resilience Scale by Block & Kremen (1996). It shows good internal reliability (Cronbach’s a = 0.76) and strong
construct validity, as confirmed in diverse samples and contexts (Block & Kremen, 1996; Alessandri etal., 2007). Each of
the 14 items is rated on a 4-pointscale.

3.4 Procedure

Participants were recruited through urban private schools in Delhi, India, where the school administration shared the
Google Form link directly with parents via their phone numbers. Parents were briefed about the nature and purpose of the
research, and informed consent was obtained from them through a dedicated consent section within the same Google
Form before their adolescent child proceeded to the questionnaires. As this study was conducted, the research design,
consent procedure, and data collection protocol were reviewed and approved by the Subject Research Committee in
accordance with the ethical guidelines of the Department of Psychology, Keshav Mahavidyalaya, University of Delhi.
Participants were assured of the confidentiality of their results. After that, consent to voluntarily participate was taken,
and each participant completed standardised questionnaires to assess ego resilience, anxiety — state and trait, perceived
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stress and psychological well-being through Google Forms. Data were measured using the Ego Resilience Scale (PWB),
State-Trait Anxiety Inventory, The Perceived Stress Scale (PSS-10) and Ryff's Psychological Well-Being Scales,
respectively. The participant's doubts were clarified through a call. The participant was thanked after completion of all
three scales.
4. Results
The results of a study conducted on 61 adolescents between the ages of 13 and 18 to understand how ego resilience,
perceived stress, and state-trait anxiety are connected to psychological well-being. The analysis included descriptive
statistics, regression analysis and correlation analysis to explore these relationships in detail.
The descriptive statistics were calculated for all the primary variables to characterise the central tendency, variability,
and distributional shape of scores in the sample. This will help to understand where the data of each sample stands on
each construct.

Table 1: Descriptive Statistics for Study Variables

Variables Min Max Range M SD Skewness Kurtosis
ERS 22 50 28 38.75 5.50 -.321 .067
PSS 7 40 33 22.25 5.75 277 .755

STAI-Y1 27 74 47 50.48 9.37 167 -.017

STAI-Y2 28 75 47 52.77 8.86 .335 .759

Autonomy 11 39 28 25.67 4.77 .094 .956
EM 16 33 17 24.57 3.48 -.047 .162
PG 15 42 27 26.98 5.54 473 -.040
PR 13 42 29 25.98 5.05 .621 1.413

Pl 17 41 24 26.36 5.43 .799 .584
SA 10 41 31 24.62 5.23 -.031 1.801

Note: ERS = Ego Resilience Scale; PSS = Perceived Stress Scale; STAIY T = State Anxiety; STAI-Y2 = Trait Anxiety; EM = Environmental
Mastery; PG = Personal Growth; PR = Positive Relations with Others; Pl = Purpose in Life; SA = Self-Acceptance. M = Mean;
SD =Standard Deviation
The results showed that participants generally had moderate to higher levels of ego resilience and moderate levels of
perceived stress (Table 1). Atthe same time, both state and trait anxiety scores were higher than the standard STAI cut-
off, indicating that many adolescents in the sample were experiencing noticeable anxiety during the study period.
Among the six dimensions of psychological well-being, Personal Growth received the highest scores, whereas
Environmental Mastery and Self-Acceptance were the lowest. This suggests that although adolescents may feel they
are developing and learning, they are still working on building confidence, self-worth, and a sense of control over their
environment.

Correlation findings revealed that ego resilience was positively related to Self-Acceptance and showed a slight positive
trend with Positive Relations (but did not reach the significant threshold). However, its relationship with the remaining
well-being dimensions was not significant, providing only partial support for the first hypothesis. In contrast, both state
and trait anxiety were strongly and negatively associated with Self-Acceptance, Environmental Mastery, and Positive
Relations (Table 2). Adolescents with higher anxiety tended to have a poorer self-image and felt less capable of managing
everyday challenges. Perceived stress also showed negative links with Environmental Mastery and Self-Acceptance,
further highlighting the negative association between stress and adolescent well-being.

Before conducting regression analysis, statistical assumptions such as autocorrelation and multicollinearity were
checked and found to be within acceptable limits. The regression model as a whole was statistically significant and
explained around 17% of the variance in overall psychological well-being (Table 3)

Ego resilience showed a positive relationship with total psychological well-being, indicating that higher levels of ego
resilience were associated with better psychological well-being among adolescents. However, this relationship was not
statistically significant, suggesting that ego resilience did not independently contribute to the prediction of psychological
well-being when other variables were included in the model. This may be due to shared variance with other predictors,
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which reduced its unique contribution. Perceived stress also did not independently predict psychological well-being ata
significantlevel (Table 4).

Table 2: Pearson Correlation among the variables (N=61)

Variables ERS PSS STAI-Y1 STAI-Y2 Auto EM PG PR Pl SA
ERS 1 -.09 -.30* -.08 .02 .18 .07 24 -.01 35%*
PSS -.09 - .60** 7 3% .20 - 44%* .06 -.25 -.02 S

STAI-Y1 -.30* .64** - J4** -.02 - 41 -17 - 44x* .01 -.64**

STAI-Y2 -.08 3% T4xE - .01 -.54%* -.09 - 34 .06 -.59%*
Auto .02 .20 -.02 .01 - -.02 14 .16 .04 23
EM .18 - 44%* - 41 - 54%* -.02 - A3 27* A7 N
PG .07 .06 -17 -.09 14 13 - .25*% 58 15
PR .24 -.25 - 44%* - 34 .16 27* .25% - A7 27

Pl -.01 -.02 .005 .06 .04 17 58%* A7 - .08
SA 35 [ -4 -.64%* -.59%* 23 AT 15 27* .08 -

Note: ERS = Ego Resilience Scale; PSS = Perceived Stress Scale; STAIY T = State Anxiety; STAI-Y2 = Trait Anxiety; EM = Environmental
Mastery; PG = Personal Growth; PR = Positive Relations; Pl = Purpose in Life; SA = Self-Acceptance; Auto = Autonomy.
a)*p<.05.b) **p<.01 (alltests two-tailed).

Table 3: Model Fit Summary for Multiple Linear Regression Predicting Total Psychological Well-Being

Model R R? Adjusted R F dft df2 p

1 0.407 0.166 0.106 2.78 4 56 035

Note: R = multiple correlation coefficient; R? = coefficient of determination; Adjusted R? = adjusted coefficient of determination; F =
overall model F-statistic; df1 = regression degrees of freedom; df2 = residual degrees of freedom; p = two-tailed significance of
theoverallmodel.

Table 4: Regression Coefficients for the Prediction of Total Psychological Well-Being

Predictor B SE t p B 9L500‘/;ecrl 93;/:);'
Ego Resilience (ERS) 0.32 0.45 0.70 485 .092 -0.171 0.356
Perceived Stress (PSS) 0.89 0.60 1.47 146 .268 -0.097 0.633
State Anxiety (STAI-Y1) -0.58 0.40 -1.44 155 -.283 -0.678 0.111
Trait Anxiety (STAI-Y2) -0.59 0.47 -1.23 221 -.274 -0.717 0.169

Note: B = unstandardised regression coefficient; SE = standard error of B; t = t-statistic for the individual predictor; p = two-tailed
significance of the individual predictor; = standardisedregression coefficient (beta); 95% Cl = 95% confidenceintervalfor the
unstandardised coefficient.

Although the analysis indicated an unexpected positive relationship between perceived stress and psychological well-
being, this finding may be explained by the strong associations between perceived stress and both state anxiety and trait
anxiety. Due to a substantial amount of variance, the independent effect of perceived stress becomes difficult to
distinguish within the regression model. State anxiety demonstrated a negative relationship with psychological well-
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being, indicating that higher levels of state anxiety were associated with lower psychological well-being. However, this
effect was not statistically significant, suggesting that state anxiety did not independently contribute to the prediction of
psychological well-being. Similar to ego resilience, its unique effect may have been reduced because of overlap with the
other predictors included in the model. Likewise, trait anxiety showed a negative association with psychological well-
being, indicating that increases in trait anxiety were related to decreases in psychological well-being. However, this
relationship was also not statistically significant, suggesting that trait anxiety did not independently predict psychological
well-being. The shared variance between trait anxiety and the other predictors may have limited its unique contribution
to the model.

Though the individual predictors have shown the non-significant effects, the overall regression model has been found to
be statistically significant which suggests that the predictors collectively explained a meaningful proportion of the
variance in adolescent psychological well-being (Table 4.3). Thus, ego resilience, perceived stress, state anxiety, and
trait anxiety jointly contribute to understanding adolescent well-being. These findings collectively suggest that
adolescent psychological well-being is not influenced by any single variable acting in isolation rather is shaped by the
combined influence of several psychological factors.

5. Discussion

The present study aims to predict the psychological well-being of adolescents from their ego resilience, anxiety and
stress. For this purpose, a total of 61 students (31 males, 30 females) were recruited based on their age, ranging from 13
years old to 18 years old. The first hypothesis was that there would be a significant relationship between ego-resilience
and the psychological well-being of adolescents, and it was partially supported, based on the Pearson correlational
analyses. Self-acceptance was the dimension of psychological well-being that had a statistically significant relationship
with ego resilience. The significant positive relationship found between ego resilience and self-acceptance is
theoretically coherent and resonates with the existing research. Fino et al. (2025) found that participants with high ego-
resilience personality profiles scored significantly higher on measures of individual functioning and well-being as
compared to individuals with lower resilience, and community identification positively influenced social support and
well-being, with this relationship being much stronger among highly ego-resilient individuals. These findings are
relevant to the present study, where ego resilience in adolescents was also associated with well-being, though in a more
specific rather than overall manner.

The second hypothesis was that there would be a significant association between anxiety and the psychological well-
being of adolescents, and it was retained, which indicates that both state anxiety (STAI-Y1) and trait anxiety (STAI-Y2)
showed multiple significant negative correlations with psychological well-being dimensions. Research by
Padmanabhanunni and Pretorius (2025) found that ego resilience significantly and negatively predicted trait anxiety, and
moreover, that ego resilience played a moderating role between the relationship of loneliness and anxiety, such that
higher ego resilience attenuated the anxiety-amplifying effects of isolation. In the current study, ego resilience was also
significantly and negatively correlated with state anxiety, which mirrors the findings of Padmanabhanunni and Pretorius
(2025).

The third hypothesis states that there would be a significant association between stress and the psychological well-being
of adolescents, which indicates that perceived stress has significant negative correlations with Environmental Mastery
and Self-Acceptance, but it was unable to reach statistically significant levels in its relationship with Autonomy, Personal
Growth, Positive Relations, or Purpose in Life. Research by Barbayannis et al. (2022) found a significant negative
correlation between academic stress and mental well-being. Adolescents experienced significance of the stress and
psychological well-being relationship is parallel across both studies, strengthening confidence in the robustness of this
finding across different samples and measurement approaches.

The fourth hypothesis states that ego- resilience, anxiety and stress would significantly predict the psychological well-
being of adolescents, and it was retained, which indicates that the psychological well-being of adolescents is determined
by the interplay of ego resilience, anxiety and stress. Research conducted by Sharif Nia et al. (2021) found that resilience
was a significant negative predictor of both state and trait anxiety, and that higher anxiety was associated with poorer
psychological outcomes. This study is relevant to the current study findings as it explains that well-being is influenced by
resilience and anxiety acting as opposing predictive forces.

5.1 Limitationsand Future Suggestions

This study offers valuable insights into adolescent well-being, but it has some limitations. The sample size was small,
which limits the ability to generalise findings or identify cause-and-effect relationships. Relying only on self-report
measures may have affected the accuracy of responses. In addition, as this is a correlational study, causal inferences
cannot be drawn from the findings; the observed associations may be influenced by unmeasured third variables, and
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directionality cannot be established. Future research should use larger samples, follow adolescents over time, and
explore factors like social support that may influence the relationship between resilience, stress, anxiety, and well-being.

6. Conclusion

The present study examined ego resilience, perceived stress, and state-trait anxiety and their relationship to the
psychological well-being of adolescents. The findings suggested that adolescents with higher ego resilience tend to have
better self-acceptance. However, statistically non-significant trend observed for positive relations with others. In
contrast, higher levels of stress and anxiety were linked with lower well-being, particularly in areas such as self-
confidence, environmental mastery, and positive relations with others. Further, psychological well-being is not
influenced by any particular individual factors but is a composite outcome of resilience, stress, and anxiety working
together. In addition, the results suggested that different dimensions of well-being are affected differently, emphasising
the need of understanding adolescent mental health in a multidimensional way.
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ABSTRACT

Distributed Feedback (DFB) laser diodes that operate at 1550 nm are key components in modern optical
communication systems. Their spectral purity and wavelength stability make them ideal for high-capacity
Fiber-optic links.The main goal of this study is to identify an optimized laser structure that maintains reliable single-
mode operation under realistic conditions while achieving a lower threshold current.The optical analysis of the
proposed DFB laser structure used Lumerical MODE and FDTD simulation tools. The optical results showed strong
mode selectivity with lasing centred at the desired 1550 nm wavelength indicating effective single-mode
performance. The electrical performance was studied with Lumerical CHARGE, focusing on carrier transport and
recombination in the multilayer semiconductor structure. The analysis included current-voltage (I-V) characteristics
and threshold current density estimation. Thermal characteristics of the device were evaluated using Lumerical
HEAT simulations. The results emphasize the importance of thermal management in ensuring stable optical output
and long-term device reliability. Overall, the optimized DFB laser design shows stable single-longitudinal-mode
operation at 1550 nm, with a significantly reduced threshold current and better spectral purity than traditional
structures. The integration of efficient carrier confinement and regulated thermal dissipation supports consistent
device performance across a wide range of operating conditions. This work highlights the effectiveness of
Lumerical’s integrated multiphysics simulation framework for the organized design and improvement of DFB laser
diodes. The proposed design approach and analytical method offer valuable insights for developing high-
performance 1550 nm DFB lasers aimed at Dense Wavelength Division Multiplexing (DWDM) systems and next-
generation optical communication networks.

Keywords: Ansys Lumerical; Bragg grating; single-mode semiconductor lasers; 1550 nm wavelength.

1. Introduction

Optical communication systems are crucial for transmitting data globally. The Distributed Feedback laser diode stands
out because it works well with fibers. The 1550 nm wavelength is particularly suitable for long-distance and high-speed
optical communication systems. It has the least distortion and is safe. A distributed-feedback laser (DFB laser) has its
entire resonator designed as a periodic structure within the laser gain medium that acts as a distributed Bragg reflector at
the laser wavelength. DFB lasers are a significant improvement over traditional Fabry—Perot lasers. In DFB lasers, a
periodic Bragg grating runs along the active region or waveguide. This grating offers distributed optical feedback by
reflecting light that meets the Bragg condition, enforcing a single longitudinal mode of operation[5][7]

A DFB laser diode primarily serves as the optical signal in long-distance, high-capacity optical communications. It finds
use in various applications, including fiber sensors, 3D sensors, gas sensors, and disease diagnosis like respiratory and
vascular monitoring. For gas sensing, it can function as a light source to detect methane leaks around factory pipes. The
grating reduces unwanted side modes and significantly narrows the spectral linewidth. DFB lasers show high side mode
suppression ratios, excellent wavelength stability, and low chirp. These features make them ideal for high-speed
modulation and long-distance optical transmission[3][2]

However, quarter-wave-shifted DFB lasers face several performance challenges. These include high threshold current,
temperature sensitivity, mode instability, and carrier recombination losses. Addressing these issues requires careful
design that considers optical, electrical, and thermal effects together[1]
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Despite their benefits, a number of limitations affect the performance of DFB lasers:

1. Largethreshold current.

2. Temperature dependence.

3. Mode instability.

4. Carrier recombination losses.
It is important to realize that all these issues must be taken into account and optimised simultaneously within optical,
electrical and thermal domains.
The DFB grating is characterized by a grating period A= 240-245 nm , designed to satisfy the Bragg condition for
emission at the target wavelength. The coupling coefficient (k) is 80-150 cm™, representing the index modulation
strength of the periodic grating.
2. Materials
The InGaAs/InP material system was chosen for the proposed DFB laser due to its established suitability for 1550nm
emission, good lattice matched growth on an InP substrate which provides low loss growth, and the availability of mature
material parameter databases. InP has a direct band gap of 1.35 eV (~920nm). The lattice matched InGaAs alloy system
can be used to produce bandgap energies from 0.75 eV (the lattice matched In0.53Ga0.47As alloy) to 1.35 eV (InP,
where the emission wavelength is ~920nm), that is to say, the band gap wavelengths can be from ~920nm to 1650nm.
The material for the quantum wells in the active region and targeting 1550nm emission was chosen to be compressively
strained InGaAs with ~1% compressive strain. The use of compressive strain in quantum wells is to increase the

differential gain through valence band engineering, where the heavier hole and lighter hole split apart, increasing the
threshold carrier density and improving TO characteristic temperature [9].

The cladding layers are made up of InP. This layer both provides optical confinement due to its low refractive index when
compared with the SCH/active layers and also contains the p-n junction layers which carry the current. The cladding
layer for carriers,de consists of P-doped InP (1.5%10cm3 zinc doping) whereas the cladding layer for the n-side consists of
n-doped InP (silicon doping at approximately 1.5%10cm3). The p InGaAs contact layer (doped 1.5*%10cm3 give good
low resistance ohmic contact to the metal electrode) is used to establish electrical connection to the p-contact layer of InP
viathe electrode.

3. Methodology

Simulation Platform Lumerical Multiphysics : All of the simulations were run within Lumerical Device Suite (2020 R2).
The Device Suite is one interface to the optical, electrical and thermal solvers that exist within the system and these

53



JIAMR Volume 6 Issue 12026

solvers use a specific language within Lumerical to solve. The 4 main solvers that were used are: MODE Solutions, FDTD
Solutions, CHARGE and HEAT. These solvers were all designed to solve for a specific domain of physics, but could be
linked to all of the other solvers, receiving values from them and passing values to them. Within Lumerical data can be
transferred between the optical, electrical and thermal simulators either through common material databases and/or by
scripted parameter passing. [4][6]

A SiO-based optical waveguide is a structure that guides light by using a low-loss dielectric material (silicon oxide family)
where lightis confined due to a refractive index contrast between the core and surrounding cladding. [17]

e Core:SiO/SiO2 (ordopedsilica)

e Cladding: lower-index oxide or air

e Guiding mechanism: total internal reflection
4. Observations and Results

The optical performance of the laser structure were simulated with the MODE and FDTD solver and the electrical
performance were simulated with the CHARGE solver and the thermal performance were simulated with the HEAT
solver. The wavelength was selected to be 1550 nm as this point experiences minimum loss and dispersion in the fiber
optical cables.

Table 1: Device Structure and Parameters Table 2: Doping Parameters

Layer Material Thickness Layer Doping Type Concentration
Substrate InP 2.0 pm Substrate n-type 1 x 101877273
n-Cladding InP 1.5 pm n-Cladding n-type 1 x 101877273
Active Region InGaAs 0.2 pm Active Region lightly doped 1 x 1087773
p-Cladding InP 1.5 pm p-Cladding p-type 1x 101877273
Contact Layer InGaAs 0.1 ym Contact Layer p-type 5 x 10187773

Overall height of the device: 5.3
Overall width of device:3um

Table 3: Material Properties

Material Bandgap Thermal Conductivity
InP 1.34 eV (68, W/mK)
InGaAs 0.75-0.8 eV (5-10, W/mK)

The active region was modeled with a doping concentration of 1x10™ ¢cm’ to maintain numerical stability and represent
the simulated device configuration. While practical DFB laser active regions are commonly intrinsic or unintentionally
doped, the selected doping level was adopted within the simulation framework and does not alter the qualitative
performance trends presented in this study.

Fig. 2 The material used for the substrate and the cladding layer was InP due to their higher bandgap energy, high stability
and good lattice match to InGaAs. The overall electrical simulation was carried out under forward bias.

5. Conclusion

To conclude, electro-optical-thermal analysis, MODE, FDTD, CHARGE, and HEAT solvers are used to simulate
thoroughly 1550 nm InP/InGaAs semiconductor laser and Si-based optical waveguide structure. The combined optical,
electrical, electromagnetic and thermal simulation is a facile way to study the characteristic of the design photonic
structure. [7]]8]

The overall simulation result indicates the designed InP/InGaAs photonic structure exhibits favorable optical,
electrical, electromagnetic, and thermal performance for the 1550nm application. In addition, it verifies the
validity of chosen materials, geometric dimensions, doping concentration, Bragg grating Properties and thermal
boundary conditions and therefore is favorable to the efficient laser device fabrication and it can be used for
photonicintegrated circuit [10][8].
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This structure can be employed to the following applications easily.

1.

2
3.
4.
5

6.

It lays foundation for the design of efficient and stable integrated photonics devices.

Optical fiber communication systems
Photonic integrated circuits
Distributed feedback laser systems
Optical filtering devices

Silicon photonics platforms

High speed optical interconnect
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ABSTRACT

Cooling of heated fluids is one of the critical aspects of the heat transfer and find extensive applications in
engineering, science, and everyday life. Newton's Law of Cooling is the mathematical relation governing the
cooling process where the heated body cools down upon being immersed into a cooler environment. The present
study concerns itself with the mathematical modelling and experimental study of cooling rate of a hot fluid in
different containers. In this experiment, hot water is the fluid used and it is placed in containers made from different
types of material like ceramic, glass, and steel. This experiment was carried out in the humidity chamber so that the
temperature and relative humidity of the surroundings could be kept constant. Fluid temperature was measured at
various intervals of time and cooling curves were drawn for different types of containers to determine the cooling
characteristics. Data obtained from experiments were evaluated graphically and using log functions to obtain values
of cooling constant for various material containers used in the experiment. The graphs revealed that there is almost
linear relationship in log form, hence supporting the nature of exponential cooling as predicted by the mathematical
function. The cooling constant value (k) for each container was found to vary slightly based on the material used. This
study shows the practical application of mathematical modeling to explain physical cooling process and highlights
the significance of validation through experimentation for applied mathematics and thermal analysis.

Keywords: Thermal Conductivity, Humidity Controlled, Differential Equations, Temperature, Thermal Analysis

1 Introduction

Heat transfer is the process where heat flows naturally at the rate that it is transferred from a hot object to a cold object.
Whenever a hot object is placed in a cold environment, heat will be lost until both are at the same temperature level,
which is known as thermal equilibrium [4]. This transfer of heat takes place through three main modes, i.e. Conduction,
Convection and Radiation. Understanding these three modes is very important for studying cooling processes and forms
the basis of Newton's Law of Cooling, which used in this research [3]. Conduction is described as the process by which
heat is transferred in a substance without any movement of that substance itself. Conduction mainly occurs in solids.
When heat is applied to one part of a solid, atoms start vibrating rapidly to pass on their energy to the adjacent atoms [21].
The procedure keeps on going through the atoms until heat travels through the material. If you heat one end of a metallic
rod, eventually, the other end will become warm. Conduction happens at different rates for different materials. Steel and
metals have fast conductivity while ceramics are slow in this process. Mathematically, Using Fourier's law it can be

expressed as:

ar (M

= —k—7
< dz

where k refers the thermal conductivity of material. The value of & is higher its means heat transfer process will be faster
[10]. Convection refers to heat transfer taking place due to fluid motion. In this case, the hot fluid moves up while the cold
fluid moves down, thus creating a current of fluids referred to as convection currents. When water is boiled in a pot, the
hotter water tends to rise while the cooler water sinks for heating. This process helps in distributing heat throughout the
fluid. Convection can be of two types: natural convection (due to temperature differences) and forced convection (due to
external forces like fans). In cooling processes, convection is the mostimportant mode because heat from the hot object is
carries away by surrounding air. Mathematically, This process is represented by:

dT )
—=—k(T - T,
dt ( )
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which shows that cooling rate depends on difference between body and surroundings temperatures [1]1. The process of
heat transmission through electromagnetic waves is known as radiation. It does not need any medium to take place.
Thus, heat can travel even when there is no medium between source and destination. The heat that we get from the Sun is
transmitted to us through radiation. All bodies radiate heat and hot bodies radiate more heat than the cooler ones [26].
The loss of heat through radiation is calculated using the Stefan-Boltzmann Law:

Q=0eA(T*-T), (3)

where (o) is a constant and (€) depends on the surface of the object. Although radiation always occurs, its effect is usually
smaller compared to conduction and convection in everyday cooling situations [17]. However, in real-life applications,
all the above methods of heat transfer coexist. As an illustration, when cooling a hot fluid inside a container, the heat is
initially conducted from the liquid to the walls of the container and then conveyed to the atmosphere by convection, with
some loss of energy in the form of radiation. This process will depend on certain variables including the material of the
container used, its surface area, temperature gradient, and ambient conditions such as air movement and moisture. From
a mathematical point of view, heat transfer processes are classic examples of dynamic systems that can be described
within the framework of differential equations. Among the earliest models for the process of heat transfer during cooling
were those developed by Sir Isaac Newton in the early eighteenth century. According to the law of cooling enunciated by
Newton, there is a relation between the change in temperature of an object with time and the temperature difference
between the object and its surrounding medium. The process of cooling of hot fluids like water is quite common in our
day-to-day life. Apart from that, in calculating the rate at which cooling takes place, there are some other physical factors
apart from temperature that need to be taken into consideration. Some of them include the kind of material used for
making the container in which the fluid is placed, the kind of contact surfaces it touches, and the nature of the fluid itself.
Understanding this behavior is important in applications like food cooling, thermal management and industrial heat
transfer systems.

2 Review of Literature

The discovery of Newton's Law of Cooling is known to be one of the very early and significant examples of applying
mathematics in the field of natural science. This law was discovered by Sir Isaac Newton in 1701 and explains how the
rate of cooling of a heated body depends on the temperature difference between the body and the surroundings
Although quite simply formulated, it marked the beginning of the shift from purely qualitative analysis of nature to its
quantitative modelling with mathematical tools [8]. In fact, by representing the temperature decrease of a heated object
as its rate being proportional to temperature difference, Newton essentially created the basis of the differential equation
as a tool for studying processes evolving in time [30]. Moreover, in addition to serving as a classical example of a
differential equation, it represented the phenomenon of exponential decay. Interestingly enough, the equation remained
unchanged and relevant even as scientists learned more about nature and physics in general and started distinguishing
between three ways of heat transfer. During the development of thermodynamics and heat transfer theory in the 19th
century [14]. The historical background and applications of Newton's Law of Cooling emphasize its importance in both
theoretical and practical aspects of science. Since the development of the law by Newton and until now when the law is
applied for practical purposes as well as theoretical modelling, it has been important to consider the basic ideas related to
it and apply this knowledge effectively. Several researchers have studied cooling processes using theoretical and
experimental approaches. Ferreira[9] investigated the impact of the surface exposure to heat and materials on cooling
process. Wei et al.[28] managed to extend the use of cooling law to data migration processes in computing systems.
Peker et al.[20] suggested new techniques for solving cooling equations analytically and presented their findings on new
analytical techniques that help solve cooling equations efficiently. Jain[15] examined the situations in which law of
cooling does not hold and the restrictions of this law under certain circumstances. Agayev et al.[1] used sensors to carry
out cooling experiments accurately and found out new information about cooling process.Ambethkar and Basumatary
[2] described the process of heat transfer in Newtonian fluid. Pandey et al.[19] examined the effect of coolant on the
cooling process in engine oil by measuring the temperature with the help of an Arduino-based temperature sensor. It was
realized that the presence of coolant results in faster cooling than natural cooling. This is important in showing how
cooling systems play a role in cars and how useful it is to use Arduino in temperature sensing. Newton's Law of Cooling
and its use for explaining how heat is lost from a body based on the temperature difference is explained by Winterton
[29]. Arduino's application in physics experiments involving temperature dependency of resistance was illustrated by
Sari and Kirindi [23], demonstrating its efficacy as an affordable and interactive educational device. Heat transfer with
the help of electric fields and additive fluids is discussed by Saha et al.[22]. The use of Arduino in the design of the
automatic temperature control system by Khaing et al. [16] shows how sensors and microcontrollers can be implemented
to effectively monitor and regulate temperature. Measurement of convective heat transfer coefficient experimentally by
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Conti et al.[7], allows one to quantify heat lost through body and surroundings, giving insight into convection heat
transfer mechanisms. Silva etal.[25] utilize a smartphone for measuring cooling curves and recording data on heat loss in
thermal experiments through the use of sensors available in smartphones. Schouten et al.[24] offer practical classroom
experiments related to studying and minimizing evaporation and, thus, offer alternative means to study and analyze heat
and mass transfer mechanisms. O'Schouten et al.[18] gives an insight into cooling law as well as the limitations of using it
to describe the cooling of the object. Newton's Law of Cooling will be investigated experimentally using the Arduino tool
provided by Galeriu [12], giving practical examples on how the data can be gathered to support the cooling
phenomenon. The problematics surrounding uses Newton's Law of Cooling in teaching physics in today's environment
are discussed by M.Vollmer[27], in this paper analyses Newton's Law in the light of history and relates it to other heat
models.

In the course of developing scientific knowledge, Cooling law was discovered not only as an abstract theory, but also as
an empirical relation describing the dominating influences of convective heat transfer under experimental settings. Even
though Newton's cooling law uses a constant proportionality constant, also called cooling constant, it was proved that
this constant depended on other parameters related to physics such as the properties of the fluid around the body, the
properties of the body itself, and the environment ([5], [21]). It was from this point on that further investigations led to
more complicated models where the cooling constant became a function of time, thus creating nonlinearity in the
model [11].

Although these improvements have been achieved, the Newtonian model is still largely applied due to its relatively
simple analysis process and the ability to yield precise approximations under conditions with not too much variation in
temperature [30].

Cooling law has a key application in modern sciences and engineering in a variety of different areas. The first major area
of application is engineering where the law is commonly used for designing and analyzing cooling systems, including
heat exchangers, thermal management in electronics, and industrial cooling, in which fast calculation of cooling is
essential [6]. Environmental sciences use the law for modeling temperature change in natural systems, while biology and
medicine use it for studying body temperature change and estimating time of death from a dead body's temperature [14].

3 Methods

Collection of data in this experiment started when all the set up parameters and environmental settings had been
determined. The main reason why data was collected at this stage was that preliminary data of the variation of
temperature with time in cooling of hot water using steel, glass and ceramic was needed. This was because of different
thermal properties possessed by these substances. In this respect, each kind of material for the containers was examined
three times. It is important to note that the equal amount of fluid at equal starting temperature was put into every tested
container. The experiment was conducted at an ambient temperature of 20°C and a relative humidity of 50%. The
container was placed in a humidity chamber where these conditions were maintained constant throughout the
experiment. Temperature values were taken at specific time intervals until the fluid temperature reached the value of
ambient temperature. The average of the three trials for each container was later used for analysis to minimize random
experimental errors.

I Experiment I
N2

| Data Collection |

I |

I |

N
Linearization
Vv
Linear Regression
N
( Cooling Constant (k) and R’ )
N
( Error Analysis )

3.1 Materials and Apparatus
Following apparatus and materials were required for performing the experiment:
e Distilled water
e Symmetrical cylindrical containers made of different material including stainless steel, glass, and ceramic
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e (Calibrated laboratory thermometer

* Measuring cylinder to measure volumes

e Stopwatch or timer

e Humidity-controlled chamber

e Laboratory stand and holder

e Heating material like electric heating or gas burner

Before experimentation, each apparatus was examined to confirm its functionality and measurement precision. Hot
water served as working fluid.

3.2 Experimental Process

Heat distilled fluid to an initial temperature

I |
N

[ Transfer fluid into the selected container ]
¥

[ Place container in humidity chamber ]
V¥

[ Record temperature at equal intervals ]
¥

[ Continue until temperature ~ ambient ]
V¥

I Repeat for different containers I

3.2.1 Mathematical Modelling

The process of cooling the fluid can be explained using Cooling law, which states that the rate at which the temperature
changes with respect to the body is directly proportional to the temperature difference between the body and its
surroundings. Mathematically, Newton's Law of Cooling is given as:

dT
— = —k(T- 4)
% kT -T,),

where T refers to the temperature of the body at any time ¢, 7, refers to ambient temperature of the surrounding, and k
refers to cooling constant.

This equation is a first order linear differential equation which will be the base of our mathematical model. Using the
separation of variable, we will solve this equation, and the solution will be as follows:

T(t) =Ta+(To—Ta)e ™, (5)

where T, refers to the initial temperature of the body at #=0.

This solution represents an exponential decay, which implies a rapid cooling process when the temperature difference is
high and slow as equilibrium is achieved. This mathematical relationship has been validated through experiments in
several research studies.

By taking the natural log of the equation above, we obtain the following linear relationship:
In(T' —T,) =In(To —T,) — kt. (6)
This linear equation helps in finding the cooling constant through regression[13].

3.2.2 Data Collection and Analysis

Temperatures were recorded at intervals and presented in the form of tables for each container separately. Data obtained
was studied in terms of their reliability and consistency. Verification of the mathematical model involved the
presentation of data related to temperatures on a logarithmic scale. Graphs showing In(T —T,) versus time were
constructed. The regression equation was constructed using linear regression analysis.

Slope of the regression line equals the cooling constant multiplied by minus one (-k), while the coefficient of
determination (R°) determined its validity.
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3.2.3 Error Minimization and Assumptions
For improving the accuracy of results attained through testing, the following was done:
e Conducting the experiment in controlled humidity conditions;
e Measuring the temperature atregular intervals;
e Conductingthe experiment several times and averaging the data;
e Minimizing external factors like air currents.
Assumptions made included:
e Ambienttemperature was constant;
*  Fluidtemperature was constant;
e Conformity of heat dissipation with the Cooling law.
4 Resultand Discussion

Results obtained through this experiment are derived through observing the process of cooling in a heated liquid placed
in ceramic, glass, and steel containers. Experimental data is gathered through temperature readings after particular
intervals of time, and mathematical calculations are done using this information. Through these results, we can clearly
see that our theory based on Cooling law works and prove the differences in cooling rates of the chosen materials.

4.1 Readings

The main data that have been recorded during experiments includes temperatures that have been recorded in various
containers at fixed periods of time. The starting temperature of fluid was maintained approx the same for all three cases
to ensure consistency and comparability of results. The ambient temperature was also recorded and kept nearly
constantthroughout the experiment. Table 1 represent the pilot data taken during the preliminary stage of experiment.
Thetables give an idea of the nature and consistency of the collected data. The temperature of the fluid was observed to
decrease gradually with time in all three containers. During the initial stage of the experiment, the gap between the
temperature of the liquid and the surrounding temperature was big and this showed by the sharp decline in
temperature. With the passing of time, the temperature started falling less rapidly and gradually reached an asymptotic
temperature level.

Although the overalltrend was similar for all containers, noticeable differences were observed in the rate of cooling. The

steel container showed a faster decrease in temperature compared to glass and ceramic, while the ceramic container
retained heat for a longer duration. The behavior of the glass container was found to be intermediate.

4.2 Cooling Curves

In Figure 1 Cooling curves were plotted for each containers made of steel, glass, and ceramic, using the temperature-time
data from Table 1 that shows how the temperature of a hot fluid decreases with time. In each case, the temperature is
represented on the y-axis, and the time is represented on the x-axis. This makes the cooling process very easy to
understand visually and can assist in verifying the Cooling law. The graph used to plot cooling is not linear but
exponential in nature and decreasing. In the initial stages of cooling, when the hot fluid temperature is much greater than
the surrounding, the rate of cooling is very high. But as the temperature difference reduces, the rate of cooling also
reduces, and curve flattens out asymptotically towards ambient temperature.

The cooling curves indicate a steady fall in temperature over time. This indicates an exponential trend and confirms the
Cooling law. There was differences in the slope of curves, which indicated that cooling rate depends on the material of
container.lt means the rate of cooling in a steel container was much faster than in glass, whereas comparatively a ceramic
container has shown slow cooling behaviour.

Key Features of the Cooling Curves are:

Initial Steep Region

At the start, the curve is steep because temperature difference (T T,) is maximum. According to Cooling law, the rate of
cooling depends on the difference in temperature, and thus the initial cooling process will be faster.

Gradual Slope Decrease

The fluid will become cooler with time, meaning that the temperature difference becomes smaller, resulting in the
slowing of the cooling process.

Final Flattening Region

At the latter stage, fluid temperature is closer to the surrounding temperature. It cools down very slowly, and the graph
begins to flatten.
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Table 1: Average temperature changes of fluid over time in different types of containers

Time (in min) Ceramic (in °C) Steel (in °C) Glass (in °C)
0 (initial) 90.0 (initial) 90.0 (initial) 90.0 (initial)
2 81.0 79.0 81.0
4 72.5 70.0 72.0
6 66.5 63.0 65.0
8 61.0 58.0 59.0
10 57.5 53.5 56.0
12 54.5 49.5 53.0
14 51.5 46.0 50.0
16 49.0 44.0 48.0
18 47.0 42.0 46.0
20 45.0 40.5 44.5
22 43.0 38.0 43.0
24 41.5 37.0 41.0
26 40.0 36.0 39.0
28 38.5 35.0 37.0
30 37.0 33.5 36.0
32 35.5 32.0 35.0
34 34.0 31.5 33.5
36 33.0 31.0 32.0
38 32,5 30.0 31.5
40 32.0 29.5 31.0
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Fig. 1: Cooling curves for ceramic, glass, and steel containers.
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Asymptotic Nature

The graph tends towards the ambient temperature line but does not touch it at any point of time in finite time interval. This
is called asymptotic behavior.

Interpretation of Cooling Curves for Different types of Containers

The graphs for cooling rates with respect to the materials used for the containers (ceramic, glass, and steel) differ in the
following way:

Steel Container: This graph is steep since it denotes rapid cooling due to high thermal conductivity.
Glass Container: The graph shows moderate steepness because of moderate cooling.

Ceramic Container: This graph is not so steep since it depicts slower cooling rates.

Thus, comparing cooling curves helps in understanding how material properties affect heat transfer.
4.3 Logarithmic Transformation of Data

The data for temperature and time is converted to a logarithmic scale and shown in Figure 2. The cooling process
described in terms of the temperature versus time plot takes on an exponential nature, but one cannot easily find the
cooling rate in the exponential cooling graph. This is why we use a logarithmic scale to obtain a linear relation.

Starting from the mathematical model:
T(t) = Ta+ (To ~Ta)e ™, (7)

we arrange it as:
T-T,=(To—T,)e .

8
Taking natural logarithm on both sides: v
In(T —Ty) = In(To — Ta) — kt, )

This equation represents a straight line of the form:
y=mz+c, (10)

wherey=In(T—T,), x=t, slope m = —kand interceptc =(T,—T,).

Therefore, the log graph plot is produced by plotting In(7—T7,) along the vertical axis versus time t along the horizontal
axis. In the case where the experimental data satisfies Cooling law, the plotted points follow a nearly straight line of
negative slope. This shows that the relationship between the temperature and the time has a linear relationship.

However, in practical experiments, the plotted points do not lie exactly on a straight line due to small experimental errors
such as fluctuations in ambient conditions, limitations of measuring instruments, and observational inaccuracies. In
order to resolve this issue and obtain a more accurate approximation of the graphs trend, the best-fit line is drawn through

4.0 & 1—
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—=— Steel

—— Glass
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25—

| | I
0 10 20 30 40
Time (minutes)

Fig. 2: Log-linear plots of different types of contaniners
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the data points. Best fit line refers to a line that gives the overall description of the general trend of the data points, so that
the total sum of all differences between the points and the line is the smallest possible. The simplest way of constructing
the best fit line is the least squares approach that seeks to minimize the sum of the squares of errors or differences between
the points and the line. The importance of using the best fit line is that we can estimate the value of k based on the slope of
the graph as follows:

k = —(slope of best fit line). (11)

The bigger the negative slope, the larger &, and the faster cooling we have, conversely if the negative slope is smaller, it
means a slower rate of cooling. The y-intercept stands for In(T, —T,). In this study, individual graphs of logarithms are
generated for ceramic, glass, and steel containers. The graphs that have been fitted perfectly to the data sets for each type
of container possess varying gradients because of the variation in their cooling rates. The container made of steel has the
steepest gradient, followed by that of glass and finally, ceramic which has the least gradient. The combination of the
logarithmic plot and best fit line makes a very good approach to the analysis of cooling. The reason for this is that while
the log plot guarantees linear treatment of an exponential relationship, the bestfit line helps in reducing the experimental
errors associated with the experiment. In essence, this approach is critical to confirming the predictions made
theoretically and determining the value of exact k.

—e— Ceramic

~m— Steel

—— Glass

In(T - Ta)

0 10 20 30 40
Time (minutes)

Fig. 3: Best fit plot of different types of contaniners

4.4 Comparative Analysis

Comparative study of cooling properties of various container materials is conducted by logarithmic graph n(T — T,)
versus time with the help of calculated cooling constant value. Such comparative study is based on the principles of
Cooling law and implies a linear relationship between in(T — T,) and time with & as the measure for comparison. From the
experiment, the k of three materials were determined as:

Table 2: Cooling Constant

Container Material [Cooling Constant (k)| Container Material [Cooling Constant (k)| Container Material | Cooling Constant (k)

Ceramic 0.0427781 Steel 0.0479248 Glass 0.0442795

This means that the cooling rate depends greatly on the type of material from which the container is made. From the graph
plotted on log scales, we observe that all the three data sets make nearly straight lines with negative slopes, thereby
validating the application of Cooling law to our experiment. Nevertheless, lines have varying slopes because the cooling
constants are not the same. From this graph, we notice that the value of —k determines the steepness of the slope, whichin
turn influences the cooling process. Of the three containers, the steel container has the highest slope on the log graph and
hence the highest cooling constant. The cooling rate in this case is the highest because heat is transferred from the liquid
in the container more rapidly than in the other two containers. This is due to the high thermal conductivity of steel. The
glass material exhibits an intermediate slope, thus having a cooling constant between those of the other materials
considered. This gives glass cools slower as compared to steel but faster than ceramic. Glass has a thermal conductivity
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rate lower than that of steel but greater than ceramic. The container that is made of ceramic material has the least slope
value, implying that it has the lowest cooling constant and hence the slowest cooling rate. Ceramics are good insulators,
meaning that they limit heat transfer, and hence the fluid in them takes more time to lose heat.

The fact that the data points lie on the straight lines in the graph also indicates that the error in the experiment is low and
the assumptions made for the mathematical model are quite valid. The deviations observed in the straight lines could
possibly be due to environmental changes.

It can be clearly seen from the comparison that the fastest cooling occurs in steel, then in glass, and the slowest cooling
occurs in ceramic. The determined series relates to the thermal conductivity of the material, which is theoretically
correct. The selection of the logarithmic relationship and the best fit line not only prove that the cooling occurs
exponentially but also assist in finding out cooling rate.

0.0479248

0.048

0048 0.0442795

0.044 0.0427781

0.042

Cooling Constant (k)
0.040
Ceramic Steel Glass

Fig. 4: Cooling Constant for different types of contaniners

4.5 Coefficient of Determination (®*) and Error Calculation

In every experimental study that incorporates mathematical modeling, it becomes important not only to obtain the results
but also to confirm their accuracy and reliability. The current study has used the principles laid out by Cooling law for
describing the cooling of a heated fluid. This principle, once written mathematically and represented in the form of a
logarithm, gives rise to a linear relationship between the variables in(T — T,) and time. This enables us to apply certain
statistical methods to verify the validity of our model as well as establish the accuracy of the results obtained
experimentally. The most important of these methods include the coefficient of determination R and error analysis.

The coefficient of determination, represented by R’, is a mathematical statistic that assesses how accurately the
regression or best-fit line reflects the actual observations. The coefficient of determination serves to mathematically
quantify the percentage of variance between variables that can be attributed to one another. In layman’s terms, the
coefficient of determination reflects the accuracy of the experimental points relative to the theoretical straight-line
model. Mathematically, itis defined as:

B2 Wi~ ya)? (12)

> (yi—9)?

where y, is the observed values, y;, is the values predicted by the regression line and y is mean the observed values. The

numerator in the above expression is the unexplained variance, while the denominator is the total variation. This means
that R basically tells you what percentage of the total variation has been explained by your model.

The R value ranges from O to 1, and it is not complicated to understand. If R* = 1, it means the model fits perfectly, all the
data points fall precisely on the regression line. On the other hand, a value close to zero indicates that the model does not
adequately explain the data. In practical experimental situations, R’ values above 0.95 are usually taken as an indication
of a very good fit. For the three materials tested in this experiment, the R’ values obtained are 0.989871 for the ceramic
container, 0.978997 for the steel container, and 0.988545 for the glass container. The R’ values obtained are very close to
one, showingthatthere is a good linear correlation between the two parameterswhen putin log scale.

Table 3: Coefficient of determination (R’)

Container Material

R? value

Container Material

R? value

Container Material

R? value

Ceramic

0.989871

Steel

0.978997

Glass

0.988545
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A careful analysis of these values will show that R* of the ceramic container is higher than that of the glass container. It
should also be noted that the steel container has the lowest R*. Even though this difference is small, it can be justified by
the characteristics of the material in question. Steel has higher thermal conductivity. As a result, the changes in the
temperature happen so quickly that even tiny deviations from the ideal measurements can lead to errors, and, thus,
higher deviation from the linear regression curve. On the other hand, ceramics do not conduct heat well. Therefore, the
substance inside cools slowly, leading to better readings. The same trend applies to glass. However, the thermal
conductivity of glass is intermediate, and thus its cooling speed lies somewhere in between the two materials mentioned
before. Nevertheless, all of the three materials have R’ values that prove how well the theory matches the data.

While the coefficient of determination examine the goodness of fit, it does not provide information about the accuracy of
the estimated parameters, such as the cooling constant k. For this purpose, error analysis is carried out. In any
experimental setup, it is impossible to eliminate all sources of error, and therefore it becomes necessary to quantify the
uncertainty associated with the measured values. The £ is obtained from slope the best fit line in the log plot which is
subject to uncertainty due to various factors such as instrumental limitations, environmental conditions, and human
observation.

The uncertainty in k is represented by Ak, which indicates the possible deviation of the measured value from the true
value. To express this uncertainty in a meaningful way, the percentage error is calculated by:

Ak
Percentage Error = (T) x 100. (13)

This provides a relative measure of the accuracy of the experimental resultin Table 4 and Table 5.

Table 4: Uncertainty in the k (Ak)

Container Material (AK) Container Material (Ak) Container Material (Ak)

Ceramic 0.000992757 Steel 0.00161039 Glass 0.0010935

Table 5: Percentage error

Container Material | Percentage Error | Container Material | Percentage Error | Container Material | Percentage Error

Ceramic 2.32071 Steel 3.36025 Glass 2.46955

In this study, the percentage errors for the three materials are small, ranging from around 2.3% to 3.6%. Small percentage
errors show that the experiment was performed accurately, and also that the method adopted to determine the cooling
constant is accurate. As seen before, the higher percentage error recorded for steel is due to the quick cooling of steel,
making it difficult to record temperatures in the exact intervals. Ceramic takes time to cool down, hence recording of
temperatures becomes more accurate, leading to smaller percentage errors.

3.36025

35
3 2.32071

25 2

2.46955

1.5

—

G5 Percentage Error

Ceramic Steel Glass

Fig. 5: Percentage error for different types of contaniners

Error sources in the experiment can be categorized into instrumental, observational, and environmental types.
Instrumental error sources include errors that originate from the lack of accuracy of the thermometer employed in

66



[JIAMR Volume 6 Issue 12026

determining temperature. If the thermometer least countis 1°C, all the readings will have uncertainties of +0.5°C. Human
error sources include errors that are caused by human incapability, such as delay in observing readings of the
thermometer and time. Environmental error sources include errors that may arise due to changes in external conditions
like ambient temperature, airflow, and moisture levels. Such environmental factors may influence the process of cooling
and hence lead to deviations from the expected results.

In spite of all the above possible sources of error, the general reliability of this experiment is quite high, which can be seen
from the percentage errors being very small and high R values. The process of using logarithmic transformation along with
fitting a best fit line will reduce the influence of random errors and thus make a better estimation of the cooling constant.
Moreover, conducting the experiment under controlled conditions, where the ambient temperature is kept constant and
other disturbances are minimal, means that the difference in observation comes from the material properties.

The analysis of the coefficient of determination and percentage error gives an overall assessment of the experiment. High
values of R show that the data is indeed following a linear trend after applying the logarithm operation to it. As a result, a
relatively small percentage error shows that the experimentally determined constants of cooling are accurate enough. In
conclusion, our study demonstrated high agreement between the theoretical prediction and experiment results, which
shows the effectiveness of the chosen mathematical model.

5 Conclusion

Purpose of this study is to examine the cooling of a heated substance and prove the Newton's law of cooling through both
calculations and practical experiments. Experiment involved observing the relationship between the rate of cooling and
time for heated liquids in containers made of substances such as ceramic, glass, and metal. The results were analyzed
using graphs and statistical tools. It became very evident through the experiments that the temperature of the liquid
decreases constantly with respect to time, following an exponential trend. The phenomenon is completely in line with
the mathematical theory which states that the rate of cooling depends upon the difference of temperature between the
liquid and its surroundings.

The graphs obtained with respect to the relationship between temperature and time followed the conventional trend
where temperature decreases rapidly initially and then slowly approaches the temperature of the surroundings. The
logarithmic analysis of the data that was gathered became significant in confirming the theoretical model. Graphs plotted
between natural log of (T- T,) versus time produced graphs with linear characteristics on all three containers tested. This
confirmed that the rate of cooling is indeed exponential. The gradients of the graphs produced the cooling constants. It
should also be seen from the above results that the highest cooling constant was achieved for the steel container and the
second highest was achieved for the glass container, whereas the lowest cooling constant was achieved for the ceramic
container. This means that the maximum heat loss was obtained from the steel container, whereas the least heat loss was
obtained from the ceramic container. This happens due to high thermal conductivity of steel and poor heat conductivity
of ceramics. The comparative analysis clearly demonstrates the influence of material properties on the rate of heat
transfer. The validity and reliability of the data that were acquired during the experiment were confirmed by the high
values of the coefficient of determination (R?), which was almost equal to 1 in all cases. This means that the experimental
data were highly consistent with the theoretical model.

Furthermore, there were small errors in the calculation of the cooling constant that indicates the precision of the
experimental process. Although there were some minor variations observed in the results, these could be attributed to
various limitations in conducting the experiment, including measurement inaccuracies, changes in the environment,
and human response time when recording data. However, these errors were within acceptable levels and had minimal
impact on the findings. Finally, the experiment verifies the applicability and accuracy of Cooling law and showing its real
world applications. It shows that there is an observable correlation between mathematical principles and physical
observations, thus, emphasizing the significance of differential equations in describing heat transfer processes. It further
proves the significance of material property in cooling process. Indeed, this is relevant in many fields including
engineering and thermal management among others. Overall, this experiment shows that there is much truth in using
mathematical models in predicting physical events in the real world.
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ABSTRACT

Traffic management in cities has become extremely complex due to rapid urbanization, higher number of vehi-
cles, and increased network of roads. Traditional methods that control traffic using fixed algorithms and
scheduling models fail to adapt to changes in traffic. Although neural networks can predict and take decisions within
intelligent traffic management systems, their unpredictability makes it difficult for them to be employed in situations
when safety plays a critical role. This paper proposes the mathematical model for modeling neural networks based
on quivers, where layers would be the vertices while connections would be the directed edges of the quiver, with a
weight. This mathematical model provides a clear picture regarding how information flows through neural net-
works. The current research demonstrates the application of our method for classification of data and its stability. The
reason for this is that in order to prove it, this research uses a feature contribution analysis of the inputs to the output as
well as the stability analysis using the spectral norm to find out whether the model reacts to any perturbation in the
input and parameters. The proposed method provides the researchers with a mathematical representation of the
functioning of neural networks. The proposed framework is evaluated on the German Traffic Sign Recognition
Benchmark (GTSRB). In the future, it is planned to generalize our framework for other network structures and
learning algorithms.

Keywords: Stability Analysis, Feature Contribution Analysis, Linear Transformations, Vector Spaces

1 Introduction

The efficient traffic management of the increasing number of vehicles and ever-changing nature of road situations has
emerged as a major issue nowadays owing to the exponential rise in the number of vehicles and increasing rate of
urbanization and growth in population. The increasing demand for transport services in cities causes traffic congestion,
longer travelling time, high amount of fuel consumption, and a greater likelihood of causing road accidents. Apart from
these, traffic congestion is also harmful to the environment because it results in increased air pollution and carbon
emission, thus damaging both public health and environment.

Traffic behavior depends upon various variables including time of day, weather conditions, road constructions,
accidents, and other unexpected situations; hence, managing traffic according to the pre-fixed set of criteria and rules is
quite difficult in reality. The existing traffic management systems depend on fixed timings for signaling and programmed
methods for regulating traffic and do not have the capacity to adapt to dynamic conditions of traffic. Since these systems
lack the ability to adapt, they cannot play their role of controlling traffic. The development of intelligent systems through
the use of machine learning techniques such as neural networks has been extensively examined to increase the efficiency
of traffic control mechanisms. Neural networks have shown effectiveness in many applications including the
identification of traffic signs, vehicle detection, and prediction of traffic flow. Learning from large amounts of data can be
done by neural networks, making them a suitable technology for use in traffic control. Studies conducted by Rumelhart et
al. (1986) marked the beginning of research related to neural networks with the introduction of the backpropagation
method for training multi-layered networks through data learning. Subsequently, Hornik (1991) demonstrated that feed-
forward neural networks could approximate all continuous functions.

The use of neural networks to analyze learning systems mathematically was further explored by Wood and Shawe-Taylor
(1996) with the help of representation theory. This was followed up by the development of the representation theory of
associative algebras, which was done by Assem et al. (2006). As computational power improved and larger data sets
could be utilized, neural networks started to show good performance on practical problems. Convolutional neural
networks were used to recognize traffic signs by Sermanetand LeCun (2011),
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whereas deep neural networks were proven efficient atimage classification by Ciresan et al. (2012). At around the same
time, Stallkamp etal. (2012) developed the German Traffic Sign Recognition Benchmark dataset.

Further advances in the field were made by Bengio et al. (2013), who detailed how deep learning algorithms learn
hierarchical representations of features, and Zeiler & Fergus (2014), who offered visualization techniques for
understanding convolutional networks. Deep learning was also defined as layered representation learning by LeCun et
al. (2015). Notable performance gains have been demonstrated by He et al. (2016), who developed residual networks
capable of training very deep architectures. The period also saw Goodfellow et al. (2016) provide an extensive review of
deep learning techniques. Li et al. (2016) revealed that convolutional neural networks work well on real-life traffic sign
recognition tasks, while Redmon et al. (2016) presented the YOLO system for fast real-time object detection.

With increased complexity of neural networks, there is a need to understand the basis for decisions made by the network.
Zeiler and Fergus (2014), as well as Selvaraju et al. (2017), developed techniques of visualization such as Grad-CAM that
allow highlighting the regions of an image that affect the prediction of the network. These approaches provide the ability
to comprehend the operations performed by convolutional neural networks on visual data. Rudin (2019) argued that
black-box models should not be used when making critical decisions because they lack interpretability. Recently,
Armenta and Jodoin (2021) studied neural networks through algebraic and representation approaches.

Despite the achievements mentioned above, neural networks do not have sufficient interpretability when used in safety-
critical domains like traffic systems. In a mathematical sense, neural networks can be considered as directed graphs
where neurons serve as nodes and edges represent the information flows. Thus, quiver representation theory can also be
applied to neural networks, where nodes represent vector spaces and edges are linear transformations between these
spaces. However, it has not been used effectively enough to investigate how neural networks handle information in
traffic-related tasks.

To overcome these problems more efficiently, a new approach using quivers to model neural networks for traffic sign
recognition tasks has been suggested. It aims at gaining insight into how inputs, such as images of traffic signs, affect
outputs in a traffic recognition application. In other words, modeling of neural networks by using quivers makes it
possible to analyze features, classification process, and system stability. All these aspects are significant when working
with intelligent traffic systems.

2 Prelimanries

Definition 1 (Assem et al., 2006) The quiver can be mathematically defined as an ordered pair of sets together with two
maps that define a source and target for each arrow . More precisely, itis written as

Q = (QO/ Q1/ 5/ t)/

where Q, denotes the set of vertices, Q, the set of arrows, and the maps s, t: Q, = Q, specify where each arrow originates
and where it terminates.

Definition 2 (Assem et al., 2006) In a quiver representation, each vertex v € V gets assigned a vector space W,. Each
arrowe € Eisgivenalinearmap W,: W, = W,,.
Definition 3 (Armenta and Jodoin, 2021) The activation at node v with respectto a(W, f) (x) is given as:

a(W, fo(z) = fo (Z W, - a(W, f)s(&)(:,;)> (1)

ack,

Definition 4 (Armenta and Jodoin, 2021) A neural network may be considered as a function (f:R"— RY) thatis expressed
as a sequence of functions associated with layers. Normally, each layer implements a linear mapping followed by the
application of an activation function. For a given input ( x ), each layer computes

h =o(Wx + b),
where (W) and (b) are a weight matrix and bias vector, respectively, while ( o ) is an activation function.
3 Quiver Representation of Neural Networks

The proposed framework combines neural networks with quiver representations to model traffic sign recognition
mathematically. It aims to show how info moves through the network and shapes classification decisions.

Inputs, shown as feature vectors x € R’, pass through a neural network that outputs y. This includes different layers that
have weights, biases, and activation functions.

In order to provide a more mathematical structure to the neural network, we will consider the neural network to be a
quiver Q = (V, E). In the quiver, nodes will be considered as layers and edges will represent information flow. Each node
has a vector space and the mapping between two nodes will be a linear map.
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Hence, we will consider the neural network to be vector spaces with linear transformations between them.
3.1 Neural Network Architecture

A neural network is basically a series of affine transformations along with nonlinear activation functions. For traffic sign
recognition, ittakes images, analyzes key features, and matches them to a list of known traffic signs.
As illustrated in Fig. 1, the neural network consist of three layers, namely input, hidden, and output layer. Let
V,=R’", V,=R", and V, = R" be the input, hidden, and output spaces. These spaces show how data moves through the
network. Each layer, thus, does a specific kind of data transformation.
" Input Layer : The input layer uses V, = R", where each vector x € R" comes from traffic sign images and shows
details like color, shape, and text.

Next up is an affine map that shifts the data into V,:
T,0=W"x+b", (2)
with W" € R™"and b"” € R".
" Hidden Layer : The hidden layer works in the space V, = R” and helps the network figure out patterns in the input

data. To make the model more flexible, a nonlinear activation function o: V, =V, is used, applied individually to
each component.

Here, the ReLU function, short for Rectified Linear Unit, is choosen for this role. ReLU is defined as
o(z) =max(0, z2).

So, the hidden representation is calculated as h = o(W "x + b"). This does a great work at bringing forward key
features from the input while reducing noise and other unimportant stuff.

" Output Layer : The output layer is represented by the space V, = R, which stands for the different traffic sign
classes. Ittransforms the learned hidden representations into final classification results.
This transformation is shown by
Tz : V1 - sz Tz(h) = W(Z)h + bu) (3)
where
w® € R b? € R
The output vector is
y="T.h), (4)
with each part of y telling us how well the input matches a certain traffic sign class.
In the end, this work produces a vector that gives scores for each class, which is what the model uses right before making
its final decision.
3.2 Quiver Representation of the Model
The quiver can be mathematically defined as an ordered pair as defined in defination (Definition 1), illustrated in Fig. 2.
Although the quiver is not meant to reflect the actual traffic in reality, it acts as an abstraction of what happens in the flow
of information. The transformation associated with each arrow is responsible for the changes to the incoming information
and thus fulfills a function equivalent to that of weight values in neural networks. The information transformation aspect is
thereby easily incorporated into the quiver representation.
According to the defination (Definition 2) in a quiver representation, each vertex v € V gets assigned a vector space W,.
According to Armenta and Jodoin (2021), as defined in the defination 3.
The following describes the notation employed in the equation 1. a(W, f),(x) corresponds to the activation (output
representation) for the vertex v, whereas a(W, f),,(x) is the activation for the source vertex of edge a. By W, it means the
learned linear map that takes the information from s(a) to t(a). The tuple (W, f) stands for the definition of a neural
network that operates over the quiver Q. it also have f = (f)), o, standing for the nonlinear activation functions for
vertices. The notation x € R" means the vectorized input. Finally, E, corresponds to the set of all edges whose target
vertexisv.
The non-linearity within this particular model comes into existence because of the activation function f, that has been

designed by using the ReLU function. The ReLU function converts all negative values into zeroes but keeps the positive
values the same. This is very important for the model to be able to learn complex mappings.
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Input Layer
Hidden Layer

Output Layer

Fig. 1: Neural network architecture with RelLU activation

Rel.U Activation

H,'(J ) ) /)(J) 7 o
— #(2) {2
— W2

Fig. 2: Quiver-based representation of the neural network model

3.3 Integration with Traffic Management System

This proposed system combines traffic sign recognition with traffic flow control to simplify decision-making in smart
traffic setups. It begins with feature representations x € V,, where V, holds the traffic sign features.

Then, a neural network transforms these features into distinct categories using the mapping f: V, = V,.

Alongthe way, a hidden layer h € V, appears to help the learning process from the initial inputs.

[t's called a simple layered structure:

i T
| = N

At the end, the system gives y € V,, which offers scores for various traffic signs such as STOP, speed limit, yield, and
directional signs. The vehicle uses the information provided here in determining what the expected actions should be
from the vehicle. For example, in case of seeing a STOP sign, the vehicle will stop atan intersection. A yield sign can help
determine which vehicle will pass through the intersection first. The sight of a speed limit sign slows down the vehicle,
while directional signs make turns and changes in lanes easier. Here, we use the quiver representation to model the traffic
structure. Here, the nodes represent the traffic states or locations, while edges denote movement between these
locations. These nodes have feature representations extracted using a neural network.

In this work, vector spaces and linear transformations are used to describe how information flows in a system. Each traffic
sign updates its vertex, showing changes in the graph. This represents data moving through the structure, influencing
different parts as it goes.

3.4 Mathematical Framework For Classification

This work uses a neural network structure to classify traffic signs using images and explains how information from inputs
is processed to get the output classification result.
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Avector x € R"is given to the network. This input is based on the important characteristics of traffic signs, such as shapes
and colors, extracted from their images. For us to make computations on this input, it needs to be quantified, meaning all
the traffic signs are represented as points in the feature space consisting of n dimensions.
There are multiple transformations performed on the data by the neural network during its computation. Thefirstoneis a
transformation performed by the weight matrix W' € R™”, and the bias vector b"" € R”, which produce an intermediate
result of:

ZH): W(1)X+ b(l) (5)
The relationship between the inputs begins to be learned by the network as a result of the linear transformation and the
blending of the input features in an appropriate proportion. The set of feature detectors is embedded in the weight matrix
W™, and every feature detector in it is capable of responding to a particular pattern within the input data. The use of the
bias term b" allows the detector to operate independent of the input data.

In addition to the sequence of linear mappings, in this work, a nonlinear activation function is used on each intermediate
result, one entry ata time. For that purpose, the most widely used activation function is the so-called Rectified Linear Unit
or ReLU given by:

RelLU(z) = max(0, z)
which leaves positive numbers intact and maps negative numbers into zeros.

The reason for the introduction of such nonlinearity lies in the fact that without it, multiple layers would simply combine
into one linear mapping. By introducing nonlinearity, the model gets an opportunity to construct complex hierarchical
decision surfaces that will allow it to effectively differentiate between the various types of traffic signs. As a consequence
of ReLU application, the hidden representation becomes:

h =RelLU(z") = ReLUW "x + b")

Then, the result is feed to the next layer, where another linear map takes place by applying matrix W followed by adding
the bias b”:

T(x)=W?ReLUW " x+b") + b” o
This equation characterizes the full mapping procedure performed by our two-layer network starting from input R” vector

x until reaching its output in R®, where k stands for the number of traffic sign classes.Observe that the mapping is an affine
function and behaves similar to the linear map

T(x)=W"%h (7)
in terms of classification, feature analysis & stability.
Thus, the resultant is a vector,
TX) = Vo - Vi
In this vector, the component y,indicates the score of class i . The higher the value, the more related is the input data to this

class. Hence, each value in the result vector corresponds to the score of a connection between the input and one specific
traffic sign class.

[tis possible to focus on individual classes through projecting the result vector:
P(T (X)) =y,

In this case, each projection will be considered individually. In order to fairly compare the predicted scores, the absolute
values are taken into account:

I1P(T (@) = |l
Absolute values allow us to compare different scores in equal conditions and choose the highest value among all k
classes.
As aresult, the predicted class is the following:

Class(z) = arg max |y;|
2

At this stage, the network computes the output values for all classes simultaneously and takes the class with the highest
absolute value as an answer.This neural network architecture stands out in its ability to demonstrate the synergy between
linear and nonlinear transformations, which results in discriminative feature learning that is finally reduced to a single
class label.
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4  Analysis and Interpretation

To understand the behavior of the entire framework, the final perspective on the quiver model need to be consider.
Modeling the network via the use of the quiver allows us to analyze how certain elements are connected within this
structure, and how information is exchanged among components.

Under such conditions, many important characteristics become evident. Furthermore, understanding the effects of a
certain component on the entire output becomes relatively easy. The major benefit of the proposed approach is that the
model becomes more open. Each transformation within the system becomes more transparent both independently and in
the context of the entire framework.

4.1 Feature Contribution Analysis

Here, the analysis focuses on the importance of individual input characteristics for the overall classification procedure.
This is particularly important as all features have unequal influence on the prediction process, since some input features
contribute significantly to the resulting prediction, whereas other features are relatively insignificant. Therefore, the
understanding of those differences plays a crucial role in the interpretation of how the model functions and what level of
significance each particular input feature possesses.

Each arrow in the quiver is associated with a matrix that governs the way linear transformation of the input is performed
along the edge, hence signaling about the relevance of various characteristics as they flow along the layers of the model.
In a mathematical sense, the arrow represents a linear mapping:

W,:R"—R"

thatshows how a vector x in R" results in a vector inR".
To determine how much of an influence each input element has on the output, this work connect each feature to its

respective standard basis vector e, € R", Specifically, e, refers to the vector consisting of zeroes with one located at
positionj. Then, by multiplying W, with the above vector, this work obtain:

W.e,

The latter equals the j-th column of the W,. In other words, it describes the extent of influence that the j-th feature has on
the transformed output. If a feature, acting separately from others, can strongly move the output within the space, then it is
considered significantbecause it leads to a certain shift in the generated representation to the next node.

To measure this significance numerically, the following norm of the obtained vector is computed:
Contribution(j) = ||Wae,|| (8)

Thus, this work obtain a concise quantitative representation of the feature's influence on the transformation performed by
the node. The higher the value of the norm, the greater the impact of the feature on the output. In contrast, a lower value
indicates that the feature exerts a minor influence.

This approach allows one to analyze the influence of all input features quantitatively to get insight into their impact on the
resulting output of the classifier framework. In particular, by evaluating a contribution of every j € {1, 2, ..., n}itis
possible to produce a comprehensive picture of the feature importance within the whole feature space. Those features
that have significant contributions will be considered highly discriminative for the task under consideration, whereas
features with low contribution values might not carry useful information at all and can even be redundant. Hence, one
can easily identify features of an input image of a traffic sign that influence classification results to the highest degree.

4.2 Stability Analysis

The stability aspect entails how slight changes in input affect the behavior of a particular framework. In case the framework
exhibits stability, slight changes in input cause proportional changes in its output while in case of instability, slight changes
in input will lead to huge changes in output. Stability plays a very vital role in classifying a certain framework since it helps us
determine whether the framework produces reliable output when there are slight changes in input, which in our case would
mean slight differences in lighting conditions, angles at which the camera takes photos, among others.

The following shows an illustration of the arrows and their associated linear transformations in the quiver framework:

R™ T R/‘
The input vector belongs to the input space:
x € R’
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and after the transformation is applied, the outputis given by:
T(x) €R
Every such linear transformation can be expressed in matrix form as:
T(x)=Ax, A €R™ 9)

Here, A is the matrix of the linear mapping T. In other words, the entire information about the transformation behavior is
encoded in A, and analyzing the matrix A allows one to obtain valuable information on the behavior of the corresponding
arrow in the quiverand, in particular, to judge its stability.

To study the stability, one needs to consider the matrix norm ll4l, which indicates the maximum possible stretching effect
of the transformation. The value ll4ll is critical to determine whether the transformation remains stable or becomes
amplifying.
The stability condition of the transformation is determined by ll4ll For:

lAll <1 = Stable transformation

This transformation either retains the magnitude or decreases it. Here, it will either decrease or limit the magnitude of the
input such that an input with slight change will produce an output with slight change. Therefore, the system works in a
controlled manner and can be trusted in classification even where the input may be slightly noisy.

Conversely, when:
IA] >1 = Unstable transformation

This property would definitely cause an increase in the amount of data used as input. The slightest change that is
introduced to the input data would definitely have a large effect on the output that is produced. In terms of classification,
this particular property can be viewed as quite undesirable because any small change in the input image would produce
completely different output.

5 Resultand Discussion

This section presents the experimental results for the model's performance, including stability, feature extraction, and
classification. The model checks off several categories, including STOP, speed limit, yield, and directional signs, when
tested on a common traffic sign recognition dataset. These results center on classification accuracy, feature
representation learning performance, and input variation stability.

5.1 Case Study: Traffic Sign Recognition

The primary objective of this case study is to apply the proposed framework to the traffic sign identification problem. The
objective is to categorize different types of traffic signs using real-world image data and evaluate how well the model
performs in real-world situations.

5.1.1 Dataset

The proposed model is estimated using the German Traffic Sign Recognition Benchmark (GTSRB), which is a benchmark
dataset for traffic sign classification. As shown in Fig. 3, the dataset consists of various traffic sign categories. This dataset
includes real-world images of traffic signs taken in various conditions like changes in lighting, viewing angles, scale, and
background complication.

Every image comes with structured information including details about the traffic sign region, including the image
width and height, and the coordinates of the region of interest (ROI). The ROI coordinates tell us where exactly the
traffic sign is located in the image. This helps focus on the important bits of the image and makes feature extraction
more efficient.

In addition to the labeling, each image also has the type of sign labeled, whether a speed limit, warning, or regulatory
sign. For input into the model, the image are represented in terms of features x € V,. Here, V, is known as the input feature
space, containing visual information such as shape, color, edges, and structure.

All this structure makes the GTSRB great for testing how well multi-class classification models can mark different types of
traffic signs. With its multiple set of images, it gives us a good way to measure how the proposed model handles real-life
variations in traffic sign appearances.

The dataset is obtained from the Kaggle platform: https://www.kaggle.com/datasets/meowmeowmeowmeowmeow
gtsrb-german-traffic-sign
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Width Height Roi.X1 Roi.Y1 Roi.X2 Roi.Y2 Classld Path

0 27 26 5 5 22 20 20 Train/20/00020_00000_00000.png
1 28 27 5 6 23 22 20 Train/20/00020_00000_00001.png
2 29 26 6 5 24 21 20 Train/20/00020_00000_00002.png
3 28 27 5 6 23 22 20 Train/20/00020_00000_00003.png
4 28 26 5 5 23 21 20 Train/20/00020_00000_00004.png
5 31 27 6 5 26 22 20 Train/20/00020_00000_00005.png
6 31 28 6 6 26 23 20 Train/20/00020_00000_00006.png
7 31 28 6 6 26 23 20 Train/20/00020_00000_00007.png
8 31 29 5 6 26 24 20 Train/20/00020_00000_00008.png
9 34 32 6 6 29 26 20 Train/20/00020_00000_00009.png
10 36 33 S 6 31 28 20 Train/20/00020_00000_00010.png
1" 37 34 5 6 32 29 20 Train/20/00020_00000_00011.png
12 38 34 5 6 32 29 20 Train/20/00020_00000_00012.png
13 40 34 6 6 34 29 20 Train/20/00020_00000_00013.png
14 39 34 5 5 34 29 20 Train/20/00020_00000_00014.png

Fig. 3: Sample numerical data from the GTSRB (German Traffic Sign Recognition Benchmark) dataset

5.1.2 Model Implementation and Results

This model uses vectors to represent information from traffic signs, where each characteristic is represented numerically.
This makes it possible for us to work on the data in an organized manner.

Each traffic sign will have its features categorized into two groups depending on the nature of the features.

Thefirstgroup is made up of basic image properties such as width and height, which may be represented as:

{Width
1 =

2
Height} &k
The second contains the ROl coordinates indicating the exact location of the traffic sign within the image.

Roi.X1
Roi.Y1
Roi1.X2
Roi.Y2

e R*

Lo =

These two vectors are combined into a single input vector:

x{m}eR?@R4R6
)

This vector entirely represents a traffic sign example containing the sign's size and position within the image.To
understand the way the data is being processed by the model, it is useful to consider various vector spaces:

V,=R, V,=R" V,=R" V,=R"
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Inthis case, V, and V, are the input feature spaces, V, is the feature space that contains both vectors, and V, represents the
output feature space. The elements of V, are related to traffic sign classes.
Using a vector space representation, a neural network can be modeled with a quiver. As shown in Fig. 4, this shows how
different vector spaces relate through linear transformations. The mappings between them are described by:

W, :R*— R, W, :R' =R
Since the two paths produce outputs belonging to R®, it means that they are able to mix information about different feature
sets. Their sum, processed by a nonlinear activation function (ReLU) is used as the hidden representation:

v,=ReLUW,x, + W_x,) €R® (10)
In this way, the hidden vector makes the processing more effective by combining the information about the object's size
and position, thus improving its representation.
Finally, the hidden representation is converted to the output space by another transformation:

W,.: R°— R¥

The resulting output belongs to R*, having each dimension correspond to some traffic sign classes. The maximal value

will correspond to the predicted class. The quiver diagram will help visualize the process with transformations depicted
by arrows and model layers by nodes.

Fig. 4: Quiver representation of neural network showing feature flow across vector spaces

In this arrangement, the inputs pass through their respective layers and combine at the hidden layer to give rise to the
ultimate decision. Any slight change in the value of the inputs or weight matrices will not result in a significant difference
in output and will not affect the predicted class either. This is an indicator of the stability of the model.

This neural network first takes the input features through a series of operations until it generates the output vectors within
R". In other words, the classifier generates 43 numbers for an input data sample where each number represents the
relationship between the input and one of the 43 classes of traffic sign images. Rather than reducing the inputs directly
into a label, it calculates a value representing its association with each of the 43 classes simultaneously. This means that
during classification, the algorithm considers the relationships with all possible competing classes simultaneously since
the classes of traffic sign have very much resemblance to each other.

These generated values represent their contribution scores, meaning higher absolute values suggest stronger
relationships. For example, the classification depends on how the 43 output values compare to each other, and the rule
assigns the input to whichever class has the highest score despite how large or small each value is in absolute terms. The
transformation from inputto output is represented as:

T(x) € R

[t will be the class whose corresponding element in the vector is of the highest magnitude. That means this work select the
index of the largest projection out of the 43 classes.

Class(z) = arg max | P;(T'(z))|| (11)
Toillustrate this, consider the output vector returned by the neural network when fed with an input:

[...,-000019,0 000003 ,0 000155,0 000516, .. .]
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Despite being insignificant, the slight variations among them become meaningful when making a selection. The fourth
element, 0.000516, clearly represents the highest value from the entire 43 elements, thus forming the basis of the
classification decision. It is not essential for the framework to generate large absolute figures; rather, the need is for a
single element to have a significant value compared to others. The margin between the highest value 0.000516 and the
second-highest 0.000155 may seem small in absolute figures, but it provides enough information for making a definite
decision. This will give us the index at which the highest number is present in the output vector. Here, each element in the
output vector indicates the score for the class. This score decides what class is assigned by the classifier. Here, the
element with the index 21 has the highest number in comparison to all other elements; Thus, the predicted class
becomes:
Class(x) = 21
This proves that the framework works independent of the magnitude of the output values. Regardless of the fact that the
43 elements lie close to zero in absolute terms, the hierarchy among them remains unaltered, and it predicts the right
class without fail. Such an ability is significant in traffic sign classification, since different classes resemble one another
and consequently the output elements cluster around each other. However, in such scenarios, the framework chooses
the class which stands out among the remaining 43 as having a slightly greater element than the others. For instance, the
output elements are differentiated from each other by as little as 0.000516 - 0.000155=0.000361
The model uses two feature vectors that describe different parts of a traffic sign. The first one, x,, contains data on the
object size and consists of the dimensions — width and height of the sign. The second, x,, contains information related to
location —the Region of Interest's coordinates. These feature sets go through separate weight matrices before meeting up
in the hidden layer. This lets the model handle and weigh both the size and position information effectively, so it works
better overall.
Regarding the feature contribution, the results are as follows:
[0.0191, 0.0187]
[t can be seen that there is no substantial difference between width and height—each of them provides a similar amount of
importance to the input layer of the hidden layer. Thus, the combined contribution from these two features is relatively
smallin comparison with the ROl features, implying that this type of information is rather supplementary than decisive for
the classification.
On the other hand, the coordinates of the ROl affect the same hidden neuron v, in the following way:
[0.0197, 0.0224, 0.0248, 0.0307]
While still below the contributions of the size features, the contributions increase progressively from one coordinate to
the next. While 0.0197 is already on equal footing with the size features in terms of importance, 0.0307 is by far the
highest contribution (the contribution of ROL.Y2) and triggers the most dramatic change compared to any other input
variable. From this increasing progression from 0.0197 to 0.0307 within the ROI coordinates, this work can deduce that
vertical information is more discriminative than horizontal information.
In terms of the head-to-head comparison between the two sets of inputs, the prioritization scheme is obvious and
consistent throughout the framework. When compared against the features related to the size, the ROI features have a
tendency to provide higher contributions to the output at all four positions. In terms of the variations, the width and height
of a road sign could change greatly depending on the distance between the observer and the road sign and the
perspective from which the observer observes the road sign. However, the location of the road sign within the predefined
region of interest could be considered as more reliable and consistent cues about the structure of the road sign and the
class to which the road sign belongs.
After passing through the hidden layer, the hidden neurons themselves create the contributions to the output neuron v,.
The contribution generated by each hidden neuron will be:
[0.0551, 0.0636, 0.0704, 0.0539, 0.0668, 0.0784]
These six hidden neurons do not contribute equally towards the final classification output. They contribute anywhere
from 0.0539 to 0.0784, which shows significant variations as far as their contribution is concerned. It means that while
Neuron 6 has the highest contribution of 0.0784, contributing the maximum push for final output in the output layer,
Neuron 4 has the minimum contribution of 0.0539. However, despite the minimum value of its contribution, its input
cannot be considered insignificant either. The other four neurons have values of 0.0551, 0.0636,0.0704, and 0.0668
respectively, forming a gradient in between.
The difference between the maximum contribution (Neuron 6) and the minimum contribution (Neuron 4) is just 0.0245.
It means a difference of 45% between these two neurons. Although the exact numerical difference may not appear very
significant, it shows a definite difference between the two neurons.
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In fact, such an analysis reveals a very logical pattern that includes the presence of the same priority criterion at each
level of the hierarchical model under consideration. Specifically, the positional attributes play a more important role
than size attributes in the process of processing input data; the ROI.Y2 attribute with its value of 0.0307 is the one that
plays the biggest role in terms of inputs. In case of the hidden layer, it is hidden node 6 with its weight 0.0784 that has
the greatest influence on the output data. This shows a certain hierarchical nature of specialization in the weight
matrices.

One could say that a neural network is essentially an organized linear transformation pipeline, going from one vector
space to the other. In the context of quiver algebra, each linear transformation becomes the arrow representing a clear
process through which information passes from the input layer all the way to the output.
All the input data collected in advance forms a 6-dimensional space, and further linear transformations take the data into
43 dimensions —each dimension for each of the traffic sign classes:
T:R —R"

Thus, the input to the function above is the 6-dimensional vector, consisting of the sizes of both traffic sign and ROI,
described above. As for the output of the linear transformation T, this is a 43-dimensional vector, corresponding to each
of the traffic sign classes. This expansion from the input space to a substantially greater output
space is determined by the nature of the problem itself: a small amount of information needs to be represented as a large
vector, describing the strength of association with any of 43 categories.
In order to simplify the process, all the mappings in the network are combined into a single composite mapping matrix.
This input mapping matrix is first constructed by putting together the weight matrices from the two input features in
parallel:

W, =W, W,
This figure depicts the combination of the two input vectors as one input vector x consisting of size features x1 and ROI
coordinates x,. Input-to-hidden interactions can be represented by the matrix W,, thus combining all input-to-hidden
mappings to one linear operator. It will make our analysis more simple because now it has one term instead of several
arrows coming from the input.
The complete input-to-output mapping can be found by multiplying W, by W,.:

A=W, W, AER™ (12)
where A belongs to the real numbers set of dimension 43 x 6. Thus, A is a matrix of dimension 43 x 6 that transforms any
point from 6-dimensional input to 43-dimensional output without any intermediate steps. By reducing the two
transformations to one, it can simplify the stability analysis and treat it for one linear operator
instead of several arrows.

To verify whether the structure satisfies the condition of stability, the spectral norm of A will be examined:

[All = 1/ Amax (AT A) (13)

If the system works with the traffic signs data, the result obtained:

| Al = 0.0026
This is an extremely low value. Stating differently, a spectral norm of 0.0026 is equal to A contracting all vectors no more
than 0.26%. All in all, the condition of stability is satisfied not only by a small amount but by a rather large one because
the magnitude of the output will always be much smaller than the magnitude of the input.

As

Al = 0.0026 < 1

it is clear that the system is definitely stable. That is, any change of an input value cannot influence the output in any
significant way.

In other words, the effect of a slight disturbance in the input on the output is insignificant; the transformation process
reduces the variation before reaching the output layer. This makes the neural network extremely suitable for
classification, because the output vector remains almost unchanged even with some disturbance or noise in the input.
The stability margin, which is calculated based on the distance between the value of 14l and the critical point 1, amounts
to 0.9974 — a truly impressive value. Also, the stability of the framework proves the continuity of the transformation
described in the weight matrices, as the spectral norm is considerably lower than 1, meaning that the transformation from
input to output does not have any discontinuous jumps.
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6 Limitations

This research is mostly theoretical and gives a mathematical model for the description of data flow with the help of quiver

representations and affine transformations. This model is verified by testing on the German Traffic Sign Recognition

Benchmark, but this study is still primarily concerned with the mathematical model rather than experimentation and

comparison of results with other benchmark models.

The testing is done using only one dataset; therefore, the applicability of this algorithm on other traffic sign datasets or in

other conditions is not addressed. Moreover, in the practical scenario, traffic signs may be affected by some noise and blur.

7 Conclusion

In this paper, neural networks have been analyzed as directed graphs for gaining better insights. Using the concepts of

quiver representation theory, the nodes have been regarded as vector spaces and edges as linear transformations. This

made it possible to give a detailed mathematical insight into the working of a neural network. For practical use, this

approach has been used in traffic sign recognition along with an evaluation of feature contributions and stability. In

conclusion, combining mathematical concept with neural networks is beneficial for better insights and analysis. In this

study the theoretical concepts and real-world applications are combined effectively and can be applied to solve more

complicated problems in the future.
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ABSTRACT

Visual digital communication is advancing substantially, with emoji-rich text, making it quite challenging for the
analysis of sentiments from such text. In the paper, a comprehensive overview is provided for the methodologies
for sentiment analysis in emoji-rich text. In this study, the landscape of available datasets curated for this text is
reviewed. Their relevance, limitations, and linguistic diversity is also studied. Furthermore, a comprehensive review
of the preprocessing techniques and the machine learning models utilized is also presented. A detailed study is
conducted to highlight the specialized processing techniques used for the interpretation and handling of emojis,
such as emoji embeddings and ranking systems. Further, research gaps are highlighted, including a multilingual and
multimodal approach, and non-availability of high quality datasets. The paper concludes with a discussion on future
work advocating for context-sensitive models and the use of generative Al for the development of emoji-aware pre-
trained models. This work will serve as a comprehensive reference point for researchers planning to advance
sentimentanalysis of the emoji-driven digital world.

Keywords : Emoji-rich, Sentiment Analysis, Emoji Embedding, Context-sensitive

1 Introduction

Sentiment analysis is a field that blends Machine Learning (ML) and Natural Language Processing (NLP), enabling
computers to understand and interpret the emotions expressed behind written text. The sentiment behind the text could
be classified as positive, negative, or neutral Ayvaz and Shiha (2017); Yoo and Rayz (2021). With the advent of
technology, a huge amount of data is generated on a daily basis through social networks, online reviews, discussion
forums, and news articles. Manual analysis and interpretation of this amount of data is practically impossible Alfreihat et
al. (2024). The process of sentiment analysis can help in such scenarios by extracting valuable insights from huge
volumes of data, which in turn aids in detecting feelings, opinions, or attitudes of the author toward a specific topic,
product, or event. It also helps to monitor public sentiment in real time, allowing companies, governments, and
researchers to respond quickly to emerging trends, issues, or concerns Khan etal. (2025). In a nutshell, sentiment analysis
imparts stakeholders a clearer understanding of how their audiences feel, helping them in thoughtfully addressing their
feedback and concerns.

Sentiment analysis is not only confined with the written text, but it also takes into account emojis and emoticons, which
play a crucial role in the present digital communication eraHakami et al. (2022); Yuan et al. (2022). An emojis is a tiny
graphical symbol or icon that represents ideas, objects or emotions Holthoff (2020); Kralj Novak et al. (2015). On the
other hand, an emoticon is a combination of letters and punctuation marks arranged to make a facial expression
Hogenboom et al. (2013); Kralj Novak et al. (2015); Srisankar and Lochanambal (2021); Ullah et al. (2020). Emoticons
were used even before emojis came. Emojis and emoticons add an extra layer of special emotional meaning to the plain
text messages Karthikeya et al. (2023). In day-to-day offline communications, we rely more on body language,
intonations, and facial expressions to understand how the other person feels. But in digital communication, these non-
verbal cues are missing. That's where, both emojis and emoticons come into the picture and aids in a better
understanding of the intent of the communication; thereby reducing the chances of being misunderstood Hogenboom et
al. (2013); Santos etal. (2023).
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Because of this, both emojis and emoticons play a key role in sentiment analysis by giving direct clues about how
someone feels. These symbols provide extra emotional context that helps computers better understand the realsentiment
of amessage. Without these symbols, it can be easy to misinterpret the tone of the messageAyvaz and Shiha (2017); Lou et
al. (2020).

In this paper, a comprehensive literature review is conducted for the work done in the area of sentiment analysis on
emoji-rich text. The research objectives of this paper are mentioned below:

Research Objectives

1. RQT1: What are the characteristics of existing datasets, like size, scope, annotations used, web-scrapped or
downloaded etc?

2. RQ2: What are the preprocessing, feature extraction and machine learning techniques used to handle text
containing emojis?
3. RQ3:Whatare the specialized methods for handling emojis?
4. RQ4:Whatare the key challenges and research gaps in sentiment analysis of emoji-rich text?
Organization of the Paper

The paper is divided into eleven sections. Section 2 outlines the systematic survey methodology. Section 3 explores various
datasets used by researchers. Machine learning pipeline including the preprocessing and feature engineering is discussed
in sections 4, 5 and 6. Sections 7 and 8 highlights the analysis done on the research trends on quantitative and qualitative
basis. Section 9 discusses various challenges of handling emojis. Section 10 highlights the research gaps and synthesis of
our research questions RQs. Finally, section 11 concludes our study and emphasizes on the future work in this domain.

2. Survey Methodology
The following section describes the methodology used in this review paper:

Databases and Sources: Literature was sourced from major academic repositories like IEEE Xplore, ACM Digital
Library and ScienceDirect to ensure high-quality peer-reviewed content.

Search Strings: The search string used is: (“sentiment analysis” OR “emotion recognition”) AND (“emoji” OR
“emoticons”) AND (“ma-chine learning” OR “deep learning” OR “"NLP” OR ”“Natural Langugae Processing”)

Selection Criteria: Papers were included based on their direct relevance to the research objectives (RQ1-RQ4).
Specifically, we prioritized studies that introduced unique emoji-rich datasets, novel preprocessing pipelines, or
specialized emoji embedding and modeling architectures. Studies that treated emojis merely as noise to be
removed without specialized interpretation were generally excluded to focus on emoji-aware methodologies.

Time Window: The reviewed literature spans from the period of 2010 to 2025; showcasing the evolution from
initial emoticon based analysis to modern Al generative approaches.

Study Selection Counts: A total of 28 primary research papers were selected for in-depth analysis and
comparative benchmarking (Note: While 28 papers were included for analysis, approximately 150 papers were
initially screened based on titles and abstracts to reach this final selection).

This survey establishes emojis as the primary carriers of sentiments due to their contextual role assignments and
multidimensional emotional design. Existing reviews lacks the systematic rigor and linguistic diversity of this review,
which is conducted in 19 languages and 32 countries. This review also attempts to synthesize empirical performance
benchmarks and evaluates the application of multimodal generative Al for zero-shot cross-lingual analysis.

3. Characteristics of the Datasets

As with all attempts at natural language processing, the success of sentiment analysis that incorporates emojis depends
upon the use of an appropriate dataset. As such, the characteristics of the available datasets for sentiment analysis that
incorporate emojis were reviewed in this stage of the survey to determine their relevant features. Such features include
the origin of the dataset, the size of the dataset, the linguistic diversity of the dataset, and the diversity of emojis included
within those datasets. These dataset characteristics directly determine the robustness, accuracy, and generalizability.

This section compares and contrasts these dataset characteristics with respect to several influential papers in depth for
further understanding. The comparison framework focuses on: the nature of the data source, the dataset's scale, its
acquisition method (ready-made download vs. researcher-scraped), the extent of emoji inclusion for modelling and
linguistic diversity of the datasets used.

3.1 Dataset Sources

The analysis of existing research reveals a distinct predominance of social media platforms as the primary source for
datasets used in emoji and emoticon sentiment analysis. Twitter emerges as the overwhelmingly dominant platform,
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explicitly cited in majority of the listed studies Ayvaz and Shiha (2017); et al. (2020); Godard and Holtzman (2022);
Jagadishwari et al. (2021); Jona et al. (2022); Karthikeya et al. (2023); Kralj Novak et al. (2015); Mona M. Abd Elsalam
(2022); Ullah et al. (2020); Vashisht and Jailia (2020); Yoo and Rayz (2021); Yuan etal. (2022). Its prevalence is attributed
to its public nature, high volume of emoji usage, and accessible APIs (e.g., Twitter Stream API, Twitter Stream Grab
project) facilitating data collection, whether through direct downloads or web scraping. Several Twitter datasets focus on
specific events or timeframes, such as COVID 19, New Years Eve , Istanbul Attack , or US Airline sentimentKhan et al.
(2025); Ullah etal. (2020). Kaggle Mona M. Abd Elsalam (2022); Yoo and Rayz (2021) and GitHub are other curated data
repositories which are readily used by the researchers.

3.2 Size and Scope of Datasets

The scale and extent of the datasets used for emoji sentiment analysis differ greatly. While, on the one hand, there are
narrowly scoped datasets like the few images Alfreihat et al. (2024), there also exist massive ones such as the Twitter
dataset including millions of tweets Yin et al. (2023); Ullah et al. (2020). This can be seen from the fact that the amount of
data is even reflected in the Twitter Stream Grab dataset amounting to 3.8 TB of storage space Tang et al. (2024). In
regards to scope, most of the datasets are targeted at a very particular context or even, for example the COVID 19 dataset
Zhao et al. (2024), terrorism Vashisht and Jailia (2020), or airline sentiment Santos et al. (2023); Wang and Castanon
(2019). Although many of the datasets are generated from only one platform, namely Twitter Mona M. Abd Elsalam
(2022); Yin et al. (2023); Wang and Castanon (2019); Ullah et al. (2020); Toet et al. (2018), the remaining ones try to
provide a broad scope using data from various sources, such as -various social media platforms Hakami et al. (2022);
Khanetal. (2025)-, Facebook or gaming forums.

In any case, the high degree of variability presents an ongoing problem, since researchers have to consider the trade-off
between the possibilities presented by big data, narrow-scoped studies and the feasibility and effectiveness of the
approach to emoji sentiment analysis.

3.3 Downloaded vs. Web Scraped Data

The method used for the collection of the dataset is often categorized as downloaded datasets or scrapped datasets. For
example, many datasets are downloaded from their platforms. These downloaded datasets can include anything from the
initial release of the sentiment analysis dataset, to datasets that were collected using the social media platforms APIs, and
from the various research data sharing platforms. Furthermore, many sentiment analysis datasets are also scraped from
social media platforms. As with downloaded datasets, scraped datasets can also include data from various social media
platforms, such as Twitter, Facebook, gaming forums, or social media platforms in general. Finally, as with downloaded
datasets, the data that is scraped can also be targeted towards specific topics of interest. For instance, sentiment analysis
research has used scraped data to focus upon social media discussions of topics such as the COVID 19 pandemic or the
[stanbul attack.

The studies Alfreihat et al. (2024); Hakami et al. (2022); Jagadishwari et al. (2021); Khan et al. (2025); Mona M. Abd
Elsalam (2022); Santos et al. (2023); Tang et al. (2024); Toet et al. (2018); Yin et al. (2023); Yoo and Rayz (2021) used
downloaded datasets while the studies Alawneh et al. (2024); Ayvaz and Shiha (2017); et al. (2020); Godard and
Holtzman (2022); Hogenboom et al. (2013); Holthoff (2020); Jona et al. (2022); Karthikeya et al. (2023); Kralj Novak et al.
(2015); Lou et al. (2020); Srisankar and Lochanambal (2021); Ullah et al. (2020); Vashisht and Jailia (2020); Wang and
Castanon (2019); Yoo and Rayz (2021); Yuan et al. (2022); Zhao et al. (2024) used web scraped datasets. The study Yoo
and Rayz (2021) used a mix of both approaches for datasets, three of its datasets are downloaded, and one is web scraped.

3.4 Emoji Coverage

Once researchers have their data (whether downloaded or scraped), they face a critical hurdle, i.e., deciding on which
emojis shall be included in their study (coverage). These choices profoundly shape the understanding and usefulness of
the model. Most studies report coverage between 3 and 21 percent, while several omitting exact figures. The studies
reported that emoji coverage ranges from 2.8 percent in the dataset (Istanbul Attack tweets, 2017) of Kralj Novak et al.
(2015) to 100 percentin Tangetal. (2024); Srisankar and Lochanambal (2021).

3.5 Linguistic Diversity

Research on emoji sentiment analysis uses datasets that span several major languages in the world, reflecting the global
nature of digital communication. English is the most consistently represented language, appearing in dedicated studies or
alongside other languages in multilingual datasets. It is explicitly covered in studies analyzing Portuguese and English
tweets (e.g., elections and World Cup data) , Dutch and English social media messages , and Chinese and English
microblogs. Arabic has emerged as a major focus in contemporary research, with multiple dedicated studies leveraging
large Arabic datasets Alawneh et al. (2024); Alfreihat et al. (2024); Hakami et al. (2022). Portuguese features in targeted
bilingual research alongside English . Chinese is prominently represented, particularly through large-scale collections of
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Sina Weibo microblogs Lou et al. (2020); Zhao et al. (2024). The broadest linguistic scope comes from a large-scale
multilingual study encompassing 13 distinct languages, analyzing tweets from diverse linguistic backgrounds. Dutch is
also included, specifically analyzed in conjunction with English social media data.Table T summarizes the findings.

Table 1: Comparison of Emoji-Rich Studies

Ref | Year [ Language Platform/Source Size Label Set| Method Stgz;:t]ilcs Authentic Access Link
(11 | 2024| Arabic Kaggle 56,000 3-way | Scraped 912 Mgpped https://www.kagg]e.com/glatasets/mksaad/arablc—
Emojis sentiment-twitter-corpus
2] | 2024|Arabic GitHub 58,000 | 3-way |Downld.| 3.82% h“psz//g'th“Sb'c‘?m/ma”ar?'fre‘haUEmOJ"
entiment-Lexicon
. . http://www.independent.co.uk/news/world/europe
_ 0,
[31 | 2017]English Twitter 101k/73k | 3-way | Scraped 19.38% /istanbul-nightclub-attack-shooting-turkey
[4] | 2020]English Twitter ngetd 3-way | Scraped | Not stated Twitter (Surikov et al.)
- - } 21 Emoji https://www.frontiersin.org/articles/10.3389/fpsyg.
[5] |2022]English Twitter API 3,000,000 | 3-way | Scraped Symbols 2022.921388/full
[6] |2022|Arabic Twitter 144,196 3-way [ Downld.| Not stated https://archive.org/details/twitterstream
[7] 12013 |Dutch/Eng Google/Twitter 2,080 3-way | Scraped 100% Twitter / Google Discussion Groups
[8] [2020]|English Various SM stEtC)etd 3-way | Scraped | Not stated Various Social Media Platforms
[9]1 [2021|English Kaggle 3,000,000 | 3-way | Downld.| Notstated | https://www.kaggle.com/youben/twitter-sentiment
[101]2022|English Twitter/Forum sgtoetd 3-way | Scraped | Not stated Twitter / Gaming Forums
[111]2023|English Twitter API sgg(d 3-way | Scraped | Not stated Twitter Stream API
[12]]2025]English Kaggle 14,640 3-way | Downld. 6 Emoji https://www.kag'gl.e.com/c'rowdf]ower/tW|tter—
Symbols airline-sentiment
[131]2015|English Twitter 1,600,000 | 3-way | Scraped 18)?[]5?()0]2 Twitter (Kralj Novak et al.)
[14][2020|Chinese/Eng Sina Weibo 10,042 3-way | Scraped | Not stated Sina Weibo Platform
[15]|2022|English Kaggle 10,000 3-way |Downld.| Not stated https://www.kaggl.e.com/lmranzaman5292/starter—
code-covid-19-sentiment-analysis
[161]2017[Multiling. Facebook/Tw. 460 KW |25 Emot. | Scraped Not stated Facebook / Twitter
(171]2023|Port./Eng Kaggle 84,115 | 3-way [Downld.| Notstated h“pS://WWW'kagg'e'c"”;/tdataset“ad"mar/tw'“er‘
[181]12024 nge- Zenodo 20,000 Multi- Downld.| Not stated https://zenodo.org/record/3974927
mixed label
[191]202113 Lan Twitter 1,600,000 | 3-way | Scraped | & EMO Twitter (Srisankar et al.)
angs e ,600, -way | Scrape Symbols e sankar et al.
[201] 2024 English Multi-Twitter MBIS“— 3-way [ Downld.| Not stated Twitter (Tang et al.)
[21]2018|N/A FRIDa 60 Images | Emotion | Downld. 100% FRIDa Image Database
[221]12020(English Twitter/Reviews | 14,460 3-way | Scraped 5.06% Twitter / Airline Reviews
[231]2020(English Various SM st[:toetd 3-way | Scraped | Not stated Various Social Media Sources
. . 50 Emoji https://uvaauas.figshare.com/articles/dataset/
[24]]12019|English Twitter API 13,000,000 3-way | Scraped Symbols TwemojiDataset/5822100
[25]]12023|English Twitter Grab | 184,485,91| 93-way | Downld.| Not stated https://archive.org/details/twitterstream
[26]]2021|English Kaggle/GitHub | 1,800,000 | 3-way | Downld.| Not stated Kaggle / GitHub / Twitter API
[271]12022|English Twitter st[:toetd 3-way | Scraped Not stated Twitter (Yuan et al.)
[28]]2024|Chinese Sina Weibo 6,100,000 | 3-way | Scraped > SS)?mEEocijsi Sina Weibo API

3.6 Ethical Considerations in Data Acquisition

Data acquisition through web-scraping or downloading from repositories has some serious ethical concerns. Firstly, the
terms of service must be respected for the public platforms like Twitter, Kaggle, and Facebook, which are the prime
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sources of data collection. Next, the privacy of personal information must be protected by de-identifyingtext, such as
removing personal details like usernames or geographic coordinates, so that no single person can be traced back through
their unique use of emojis. Further, sharing of the data must be done with caution, by utilizing research licenses on
platforms like Kaggle or sharing only post IDs rather than raw text. Lastly, fairness and representation must be addressed
by addressing potential biases, which helps minimize the confounding effects of gender or culture in the results.

3.7 The Emoji-Aware Sentiment Analysis Pipeline

The main steps that are often taken to process emoji-rich text are generally divided into three main stages. This ensures
thatthe raw symbols are translated into sentiment signals that can be interpreted by the machine.

3.8 Stage 1: Emoji Preprocessing and Normalization

The first step in this emoji-enabled process involves processing of raw symbols in preparation for modeling, identifying
emojis that often affect sentiments through emphasis, clarification and reversing. Categorical filtering is an important part
of this process, wherein researchers filter the emojis using categorical filters such that only facial expressions and gestures
are selected, and other non-relevant information is stripped off, thus avoiding any form of cultural and gender bias during
the analysis process. Substitution and encoding strategies are used to translate emojis into descriptive text to maintain
consistency across diversified platforms. Furthermore, similar emojis are grouped using normalization techniques to
minimize feature sparsity.

3.9 Stage 2: Feature Representation and Vectorization

The second stage in sentiment analysis that incorporates emojis is feature representation and vectorization of the emojis.
More specifically, emojis are often represented via the use of either static sentiment values or dynamic emoji embeddings
to represent each emoji within a text to be analyzed. Lexicon-based mapping is one of the static mapping techniques
readily used, where in dictionaries like EmojiNet or Emoji Sentiment Lexicon (ESL) is used to map emojis with a polarity
score. This score is calculated by finding the difference between the positive and negative polarity of the emoji.
Furthermore, dynamic embeddings include the use of Emoji2Vec, DeepMoji, or EmoGraph2vec. These map each emoji
to a dynamic high-dimensional vector that represents the emoji's sentiment towards text.

3.10 Stage 3: Classification Architectures

The final and last main stage for sentiment analysis that incorporates emojis is the use of various classification models
(Machine Learning or Deep Learning) to classify the text and determine the sentiment of that text.

4. Preprocessing of Features

Data cleaning and preprocessing, a crucial step in text mining, removes noise from data, reduces the vocabulary size,
and prepares raw data for modeling. A clean and standardized input to machine learning models makes them efficient
and more accurate. Some of the commonly used data cleaning and preprocessing techniques are mentioned in Table 2.
Lowercase, usually the first step, standardizes the text by converting all the characters to lowercase, tokenization
Alawneh et al. (2024); Alfreihat et al. (2024); Ayvaz and Shiha (2017); Hogenboom et al. (2013); Jagadishwari et al.
(2021); Karthikeya et al. (2023); Khan et al. (2025); Kralj Novak et al. (2015); Lou et al. (2020); Mona M. Abd Elsalam
(2022); Rahman et al. (2017); Singh et al. (2024); Srisankar and Lochanambal (2021); Tang et al. (2024); Ullah et al.
(2020); Vashisht and Jailia (2020); Yin et al. (2023); Yoo and Rayz (2021); Zhao et al. (2024) splits the text into smaller
units which can be words, sentences, paragraphs, documents, etc. Non-informative symbols like punctuation marks and
special characters are handled mostly by removing them. Stop words, Alfreihat et al. (2024); Ayvaz and Shiha (2017);
Jagadishwari et al. (2021); Jona etal. (2022); Khan et al. (2025); Kralj Novak et al. (2015); Lou et al. (2020); Rahman et al.
(2017); Tang et al. (2024); Ullah et al. (2020) more commonly used words such as 'the', 'is', 'and', 'or' are removed to
reduce the impact of less important words. Stemming Alawneh et al. (2024); Alfreihat et al. (2024); Ayvaz and Shiha
(2017); Khanetal. (2025); Kralj Novak etal. (2015); Tang et al. (2024) reduces words to their stem by removing the suffix,
and lemmatization Jona et al. (2022); Khan et al. (2025) uses grammar rules to reduce the words to their base form. Both
the processes reduces the redundancy. Spell correction is an obvious process for cleaning the text. Slangs are removed
and informal spellings are handled using the process of normalization.

Part of speech tagging, Hogenboom et al. (2013); Lou et al. (2020) an advanced preprocessing technique, tags the text
into grammatical roles such as nouns, pronouns, adjectives and so on. Named Entity recognition, often known as NER
identifies the real world entities.

Emojis are either removed from the text or handled in a special manner by converting them to a descriptive token, often
sentimental. Different ways of handling the emojis are elaborated in the next section.

4.1 Special Processing Techniques of Emojis

Emojis play a vital role in digital communication, significantly influencing the interpretation of sentiments. Re-search
reveals that a single emoji can be associated with multiple functionalities, i.e. it may emphasize existing sentiment,

85



JIAMR

Volume 6 Issue 1 2026

Table 2: Preprocessing Techniques

Preprocessing step

Reference

Stopword removal

Alfreihat et al. (2024); Ayvaz and Shiha (2017); Jag adishwari et al. (2021); Jona et al. (2022); Khan et al.
(2025); Kralj Novak et al. (2015); Lou et al. (2020); Rahman et al. (2017); Tang et al. (2024); Ullah et al.
(2020)

Stemming

Alawneh et al. (2024); Alfreihat et al. (2024); Ayvaz and Shiha (2017); Khan et al. (2025); Kralj Novak et
al. (2015); Tang et al. (2024)

Lemmatization

Jona et al. (2022); Khan et al. (2025)

Part-of-speech (POS)

Hogenboom et al. (2013); Lou et al. (2020)

Tokenization Alawneh et al. (2024); Alfreihat et al. (2024); Ayvaz and Shiha (2017); Hogenboom et al. (2013);
Jagadishwari et al. (2021); Karthikeya et al. (2023); Khan et al. (2025); Kralj Novak et al. (2015); Lou et al.
(2020); Mona M. Abd Elsalam (2022); Rahman et al. (2017); Singh et al. (2024); Srisankar and
Lochanambal (2021); Tang et al. (2024); Ullah et al. (2020); Vashisht and Jailia (2020); Yin et al. (2023);

Yoo and Rayz (2021); Zhao et al. (2024)

Normalization Alfreihat et al. (2024)

introduce new sentiment, mitigate harshness, reverse the polarity of a message, trigger positive or negative reactions, or
remain neutral. For instance, the same emoji might intensify positivity in one context (e.g., -Perfect! :)-) but can convey
negativity in some other context (e.g., -Not great :)-). Apart from modifying the meaning of the sentences, a single emoji
can often convey the meaning of the entire sentence. These techniques can be further categorized into the following
distinct approaches. (ref Fig. 1)

Emoji Sentiment Lexicons are predefined dictionaries that often assign fixed sentiment scores (e.g., -1 to +1) or polarity
labels (positive/ negative/ neutral) to emojis based on human annotations. For instance, a smiley emoji can be assigned a
high positive score of +0.97 while a strong negative score of -0.97 can be assigned to a sad face emoji. The emojis are
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Fig. 1: Techniques used for emoji processing.
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then replaced by their assigned scores or labels, thereby allowing incorporation of these emojis with the traditional
classifiers. The studies Alfreihat et al. (2024); Ayvaz and Shiha (2017); Godard and Holtzman (2022); Hakami et al.
(2022); Hogenboom et al. (2013); Holthoff (2020); Karthikeya et al. (2023); Khan et al. (2025); Santos et al. (2023); Singh
etal. (2024); Srisankar and Lochanambal (2021); Toet et al. (2018); Vashisht and Jailia (2020); Yoo and Rayz (2021) use
this technique for handling the emoji rich text.

Emoji Embedding techniques convert emojis into dense vector representations by using algorithms such as Word2Vec,
FastText, or contextual models (BERT). These embeddings capture semantic similarities, grouping related emojis (e.g.,
heart emoji and face with hearts in eyes emoji cluster together due to shared emotional connotations). This method also
encodes multidimensionality (e.g., fire emoji simultaneously conveys threat, hype, or cultural relevance). The studies
Ayvaz and Shiha (2017); etal. (2020); Karthikeya et al. (2023); Mona M. Abd Elsalam (2022); Singh et al. (2024); Srisankar
and Lochanambal (2021); Wang and Castanon (2019); Yoo and Rayz (2021); Yuan et al. (2022); Zhao et al. (2024)
demonstrated the use of this technique for processing of emojis.

Emoji Substitution can convert emojis into machine-processable tokens by replacing emojis with text equivalents. For
instance, explicit labels (e.g., “[happy face]” are used for happy face emoji) or contextual keywords (e.g., ”cele-bration
item” for its corresponding emoji). This substitution allows the application of traditional NLP techniques for processing of
this emojis. Alawneh et al. (2024); Jagadishwari et al. (2021); Karthikeya et al. (2023); Khan et al. (2025); Rahman et al.
(2017); Yoo and Rayz (2021)

Emoji Clustering groups semantically or sentimentally similar emojis using unsupervised algorithms like K-means or
hierarchical clustering, typically applied to pre-trained emoji embeddings. For example, clustering might group laughing
emojis into a “joy’/humor” cluster, while all anger related emojis form an “anger” cluster. These clusters serve as
categorical features in sentiment models, reducing dimensionality and generalizing across visually diverse but
functionally equivalent emojis. This technique simplifies analysis by treating emoji variants (e.g., skin tones) as a single
semantic unit. Alfreihatetal. (2024); Hakami etal. (2022); Wang and Castanon (2019); Yuan etal. (2022)

Transformer-Based Fine-Tuning for Emojis This approach fine-tunes pretrained transformer models (e.g., BERT,
RoBERTa) on domain specific, emoji rich datasets, treating emojis as first-class tokens during training. The model learns
context-dependent representations by analyzing emojis alongside surrounding text e.g., distinguishing positive
sentiment in ”Aced the exam! party popper emoji” from negative connotations in “Bankrupt party popper emoji.” Unlike
static lexicons or embeddings, transformers capture sarcasm, irony, and cultural nuances by weighing emojis within full-
sentence contexts. etal. (2020); Khanetal. (2025); Singh etal. (2024); Tangetal. (2024); Zhao etal. (2024)

Multimodal Emoji Modeling jointly analyzes the visual properties of emojis (e.g., color, shape) and their textual context
using architectures like ViLBERT or CLIP. These models fuse image features (extracted via CNNs) with text embeddings to
interpret emojis holistically e.g., recognizing that ”leaf emoji” might signify nature (green leaves) or marijuana (cultural
symbolism) based on combined visual-textual signals. This is critical for emojis where meaning derives from imagery
(e.g., spark emoji as "explosion” or “impact”). Applications include sentiment analysis in platforms where emojis
substitute words (e.g., messaging apps). Jagadishwari etal. (2021); Lou etal. (2020); Zhao et al. (2024)

4.2 Advanced Social Media Preprocessing

Social media text is often unstructured and informal. This makes it difficult to interpret the sentiment correctly. This issue
can be addressed by using the following preprocessing techniques.

Unicode Normalization and Standardization: Since emoticons and emojis can be represented differently
across the different social media platforms, Unicode Normalization is often used to convert them into
astandard format Kralj Novak et al. (2015). In some studies, emojis are converted into their standard form
before tokenization. This leads to the preservation of their emotional menaing Kralj Novak et al. (2015).

Handling Code-Mixed Text: Maany rich emojis messages contain code-mixed text, where two or more
langauges are used within the same message. This is commonly used in the Sentimix dataset; which is
specifically designed for multi-lingual texts Yuan et al. (2022). Specialized embedding techniques are used for
processing such datasets.

Hashtag and Keyword Parsing: Social media data is often collected using hashtags and keywords Singh et al.
(2024). During preprocessing, these hashtags are separated from the main text and handled individually Singh et
al. (2024). Since, hashtags can contain multiple words (e.g., #NewYearsEve), they are split into individual words
VashishtandJailia (2020).

Normalization of Informal Language: Digital text often contains informal words, slangs and abbreviations. Text
Normalization is used for converting these into their standard meanings. This in turn preserves their sentiments
Zhaoetal. (2024); Toetetal. (2018); Kralj Novaketal. (2015).
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Miscellaneous In addition to the methods described above, there are other approaches to preprocessing social media
texts that incorporate some form of emoji recognition and analysis. These hybrid approaches leverage complementary
strengths to overcome limitations of single-method implementations. The study Santos et al. (2023) proposes an
EmojiMapper function for its preprocessing filters to map emojis to textual meanings, after which a lexicon was used to
determine sentiments of the messages. The study Ullah et al. (2020) took a phased methodology: first using 732 hand-
classified emoticons (positive/negative/neutral) as lexicon features alongside text representations, then removing them
entirely to measure performance impact. This strategy prioritizes interpretability while mitigating context-blindness
through comparative analysis. The study Jona et al. (2022) uses the blend of the embeddings and modeling synergy
leveraging deep learning to capture contextual dynamics through the use of DeepMoji SE. Emojis were retained as
contextual signals during transformer-based fine-tuning on GitHub data, generating emotion-rich embeddings that fed
into their SEntiMoji classifier. In later work, they introduced EmoGraph2vec, creating graph-based emoji embeddings
fused with text via hybrid attention mechanisms before classification through TextCNN architectures. These approaches
treat emojis as semantic anchors, using their distributional properties to bootstrap contextual understanding rather than
relying on fixed dictionaries.

5. Feature Extraction Techniques

Text having emojis is converted into features that can be used further for classification in various machine learn-ing models
(refer Table 3. Approaches like Bag of words Ayvaz and Shiha (2017); Jagadishwari et al. (2021); Karthikeya et al. (2023);
Mona M. Abd Elsalam (2022); Srisankar and Lochanambal (2021); Wang and Castanon (2019), TF-IDF Ayvaz and Shiha
(2017); etal. (2020); Jona et al. (2022); Karthikeya et al. (2023); Khan et al. (2025); Rahman et al. (2017); Santos et al. (2023);
Singh et al. (2024); Toet et al. (2018); Wang and Castanon (2019), ngram Toet et al. (2018); Vashisht and Jailia (2020) have
been used to extract tokens from the text. However, several approaches like emoji sentiment ranking Godard and Holtzman
(2022); Hakami et al. (2022); Hogenboom et al. (2013); Kralj Novak et al. (2015); Toet et al. (2018); Ullah et al. (2020) and
AFINN are used for extraction of tokens from emojis. A lexicon based approach, emoji sentiment ranking provides sentimet
scores for indi-vidual emojis. A large dataset of 1.6 million tweets having emojis was used, and each emoji in the dataset was
assigned a polarity value depending on the occurrence of the same in tweets. Sentiment score was calculated using the
formula Sentiment Score = Positive Probability - Negative Probability. Another lexicon based approach, AFINN asssigns
predefined sentiment scores to English words, ranging from -5 (very negative) to +5 (very positive).

Word embeddings like Word2Vec Alfreihat et al. (2024); Khan et al. (2025); Yoo and Rayz (2021); Yuan et al. (2022),
GloVe Karthikeya et al. (2023); Wang and Castanon (2019), Emoji2Vec Godard and Holtzman (2022); Holthoff (2020),
deep-moji Godard and Holtzman (2022) are deep learning-based approaches that capture semantic relationships.
Several Emoji-aware embeddings, Emoji2Vec Godard and Holtzman (2022); Holthoff (2020), FastText have been used
by researchers that combine pre-trained word embeddings with emoji embeddings.

6. Classification Techniques

Several machine learning (ML) and deep learning techniques are used for sentiment classification using Emojis,
mentioned in Table 3. Some of the traditional machine learning methods include multinomial Naive Bayes Alfreihatet al.
(2024); et al. (2020); Jagadishwari et al. (2021); Mona M. Abd Elsalam (2022); Santos et al. (2023); Toet et al. (2018);
Ullah et al. (2020); Vashisht and Jailia (2020), SVM Alfreihat et al. (2024); Ayvaz and Shiha (2017); et al. (2020); Hakami
etal. (2022); Jagadishwari etal. (2021); Karthikeya et al. (2023); Lou et al. (2020); Mona M. Abd Elsalam (2022); Santos et
al. (2023); Toet et al. (2018); Ullah et al. (2020); Vashisht and Jailia (2020), Random Forest et al. (2020); Mona M. Abd
Elsalam (2022); Ullah et al. (2020), K-Nearest Neighbors Hakami et al. (2022); Mona M. Abd Elsalam (2022); Ullah et al.
(2020), and Logistic Regression Alfreihat et al. (2024); Jagadishwari et al. (2021); Mona M. Abd Elsalam (2022). Most of
these methods use features like word frequency, TF-IDF, emojis sentiment score, sentiment lexicons, part of speech tags.

Deep learning techniques automatically extract features from text data that include emojis. Some of the commonly used
techniques are Convolutional Neural Networks (CNNs) Alawneh et al. (2024); Hakami et al. (2022); Karthikeya et al.
(2023); Lou et al. (2020), Recurrent Neural Networks (RNNs), LSTM (Long Short-Term Memory) Alawneh et al. (2024);
Hakami etal. (2022); Karthikeya et al. (2023); Lou et al. (2020); Tang etal. (2024), GRU (Gated Recurrent Units) Alfreihat
etal. (2024), BiLSTM + Attention Yuan etal. (2022), Emoji2Vec/Word2Vec + LSTM. While CNNs works on local n-gram
features, RNNs work on sequential information in text. LSTM, a type of RNN, remembers long-term dependencies and
handles varying input lengths, making it suitable for texts having emojis. GRU, a faster implementation of LSTM, is
effective in handling sequential data like text. BiLSTM and Attention mechanisms focus on the relevance part of the text.

Further, advancements in transformer-based models have enhanced the capabilities to understand the context of text.
Bidirectional Encoder Representations from Transformers (BERT) model Khan et al. (2025) handles the context-
dependent emoji usage in the text. ROBERTa, DistilBERT, XLNet are the lighter varients of BERT. Emoji-BERT is specially
pre-trained on emoji dataset.
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6.1 Evaluation Techniques

Most of the researchers have used accuracy as the evaluation metric for traditional datasets and , precision, recall and F1
score for imbalanced datasets. Ayvaz and Shiha (2017); et al. (2020); Hogenboom et al. (2013); Holthoff (2020);
Jagadishwari et al. (2021); Karthikeya et al. (2023); Khan et al. (2025); Lou et al. (2020); Mona M. Abd Elsalam (2022);
Singh et al. (2024); Tang et al. (2024); Ullah et al. (2020); Vashisht and Jailia (2020); Yin et al. (2023); Yuan et al. (2022)
However, other evaluation metrics are also used like Jaccard index for Emoji ranking Singh et al. (2024) and overlap
analysis, hamming loss for Multi-label emoji tagging Singh et al. (2024), Top k-accuracy for Emoji
recommendation/prediction.

Table 3: Feature Extraction and ML/DL Techniques

Ref [Task / Language

Dataset Size

Feature Extraction

ML/DL Methods

Best Performance

Acc (91.85%),

[11 |Arabic SA 56,000 Word Embedding (Emoji Encoding) CNN-LSTM F1(0.92)

[2] |Arabic SA 58,000 Word2Vec, Emoji Feature Vectors Bi-GRU, SVM, NB, LR Acc (89%), F1(0.89)

[3] [English SA 175,181 |BoW, TF-IDF, Word Embeddings SVM, Neural Networks Acc (81%), F1(0.80)

[4] |English SA NES TF-IDF, Word Embedding SVM, Naive Bayes, RF Acc (82.10%), F1(0.82)
[5] |English Emotion 3,000,000 |NRC Lexicon, Emoji2Vec, Deep-moji [Deep CNN, MobileNet ?ﬁ%.;gj%)’

[6] |Arabic SA 144,196 |ASAD, CAMEL, MAZAJAK, Lexicon SVM, KNN, CNN, LSTM Acc (85.3%), F1(0.85)
[7] |Dutch, English SA 2,080 Emoji Sentiment Lexicon Lexicon-based Acc (74.2%), F1(0.75)
[8] [English SA NES Emoji2Vec Unsupervised Lexicon SA Acc (81.43%), F1(0.81)
[9] [English SA 3,000,000 |BoW Multinomial NB, SVM, Regr. [Acc (86.4%), F1(0.86)
[10] |English Prediction NES  [TF-IDF EEE BI-LSTM, Softmax, 1, (3204, F1 (0.82)
[11] |English SA NES BoW, TF-IDF, GloVe SVM, CNN, LSTM Acc (87%), F1(0.87)
[12] |English SA (Airlines) 14,640 TF-IDF, Word2 Vec, BERT BERT, SVM, RF, NB, LR Acc (88%), F1(0.88)
[13] |English SA 1,600,000 [Lexicon Matching, Rule Weighting Custom Rule-based Acc (76.8%), F1(0.76)
[14] |Chinese/English SA 10,042 Word Embedding CNN, LSTM, SVM Acc (96.91%), F1(0.92)
[15] |English SA (COVID) 10,000 BoW SVM, RF, GB, KNN, GNB |Acc (79.6%), F1(0.79)
[16] |Multiling. Emotion 460 KW |TF-IDF KNN, Rule-based, PMI Acc (88%), F1 (0.82)
[17] |Portuguese, EngSA 84,115 TF-IDF, Word Embeddings SVM, Naive Bayes Acc (95%), F1 (0.91)
[18] |Code-mixed SA 20,000 Char/Elmo Embeddings, TF-IDF Multi-task, Transformer Acc (86%), F1 (0.84)
[19] |13 Languages SA 1,600,000 [BoW CNN, NB, SVM, Max Ent Acc (80%), F1 (0.82)
[20] |English SA Multi-DS  [Word Embeddings, Topic Model LSTM, Bi-LSTM Acc (91%), F1 (0.93)
[21] |Food Emotion 60 Images [TF-IDF, N-grams, Emoji Lexicon NB, SVM, Decision Tree Acc (73.4%), F1(0.76)
[22] [English SA (Airline) 14,460 Emoji/NRC Lexicons, NileUlex SVM, NB, KNN, RF Acc (87%), F1 (0.86)
[23] |English SA NES N-grams (Unigrams, Bi-grams) SVM, Max Ent, NB Acc (83.6%), F1(0.81)
[24] |English Prediction 13,000,000 [BoW, TF-IDF, GloVe CNN, MNB, SVM, RNN Acc (84%), F1(0.82)
[25] |English SA 184,485,919 | Distant Supervision CNN, Transfer Learning Acc (78%), F1 (0.8)
[26] |English SA 1,800,000 [Word2Vec (CBOW/Skip-Gram) CNN Acc (72%), F1 (0.82)
[27] |English SA NES Word2Vec Bi-LSTM, Hybrid Attention Acc (89%), F1 (0.9)
[28] |Chinese SA 6,100,000 [Manual Interpretation (EmojiGrid) TaneNet with Attention Acc (81.43%), F1(82)

PMI-based classification refers to a sentiment or text classification approach that uses Pointwise Mutual Information
(PMI) to measure the association between words (or phrases) and categories like positive, negative, or specific topics. PMI
is often used to calculate how strongly a word is associated with positive or negative sentiment.

Emoji vectors and Word2Vec can overlap, but only if emojis are included in the training corpus and treated astokens.
Otherwise, they are generated separately.

7. Quantitative Analysis of Research Trends

Based on a systematic review of the literature, several broad claims regarding the current state of sentiment analysis in
emoji-rich text are supported by specific counts and trends identified among the 28 primary research papers analyzed.
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Dominance of Social Media and Twitter: Majority of the emoji-rich datasets are often curated from the social
media. Among them, Twitter is the most commonly used platform; utilised by 12 studies Mona M. Abd Elsalam
(2022); Ayvaz and Shiha (2017); Hakami et al. (2022); Wang and Castanon (2019); Jagadishwari et al. (2021);
Louetal. (2020); Tangetal. (2024); Vashisht and Jailia (2020); Alfreihat et al. (2024); Zhao etal. (2024); Rahman
et al. (2017); Hogenboom et al. (2013). A smaller subset of the studies utilizes data from Facebook, Gaming
forums and Sina Weibo Godard and Holtzman (2022); et al. (2020); Zhao etal. (2024); Alawneh etal. (2024).

Variability in Dataset Scale and Acquisition: There is a considerable variation both in the size of the datasets and
methods used for data collection. Size of the dataset ranges from FRIDa database containing only 60 images to a
large scale dataset comprising of 184 million tweets Kralj Novak et al. (2015); Ullah et al. (2020). Among the
reviewed studies, 17 collected data using web-scraping, while 11 used pre-compiled datasets Singh et al.
(2024).

Linguistic Diversity and Trends: English remains the most widely used language in the existing studies. However,
gradually research is expanding and becoming more diversified. Holthoff (2020) uses 13 languages. Chinese is
also widely studied through the microblogs collection from San Weibo et al. (2020); Alawneh et al. (2024).

Similarly, Arabic has also gained significant attention and used in Yoo and Rayz (2021); Santos et al. (2023); Yin
etal.(2023).

Standardization of Preprocessing pipelines: Tokenization is the most widely used technique reported in 19
studies. Stopword Removal is the next commonly utilized technique used in 10 studies Ullah etal. (2020).
Evaluation Metric: Accuracy is the standard metric often used for balanced datasets. Other metrics like Recall,
F1-score and Precision are also used in 15 of the existing studies.

Prevalance of Machine Learning Architectures: Support Vector Machine is the most commonly used traditional

classifier used in 12 of the existing studies. Multinomial Naive Bayes is the next commonly used classifer
reported in 8 studies, More advanced architectures like CNNs and LSTMs are also utilized.

8. Qualitative Analysis of Research Trends

Performance vs Computational Trade-offs: Transformer-based models often achieve more accuracy as
compared to the traditional classifiers. But they require more computational resources and training time.

Scalability and Dataset Biases: Traditional ML models are trained using static and handcrafted features; which
can easily be mimicked by the adversarial entities. Also, using Generative Al introduces latency; enforcing a
limit on the scalability.

Precision-Recall Tradeoffs: Using complex models like LLMs often lead to the increase in recall but causes
precision to drop. This is mainly because the model becomes more hyper-sensitive to multilingual cues.
Linguistic Evaluation: Stemming often leads to sparsity in complex languages like Arabic. This gap is addressed
by translation of emojis into textual descriptions. This is turn allows the deep learning layers to make use of their
pretraining vocabulary.

9. Challenges in Handling of Emojis

Emojis have high expressive power, yet they are treated as noise by many. Most researchers ignore emoji handling while
dealing with the text due to the following challenges:

Language and Regional Variability: Different regions, cultures have different ways of expressing the emotions.
Emojis also fall in that category. Emojis do not always carry fixed meanings. Same emoji may be expressing
different emotions in different regions and languages Khan et al. (2025); Mona M. Abd Elsalam (2022) . This
leads to ambiguity and bias in the models. Most of the research work in this area is related to English language
Santos et al. (2023). The same tools or techniques may not give accurate results for other languages. There is a
strong need to have language specific emoji interpretations and cultural variability Yin etal. (2023).

Context dependence: The emotion of an emoji is dependent on the context Khan et al. (2025); Mona M. Abd
Elsalam (2022) . An emoji can have multiple meanings, known as Polysemy, e.g. the "Red Heart” emoji can
convey anger, hurt, rage, or madness and a keyword can be represented by multiple emojis, known as
Synonymy Singh etal. (2024). Such emojis are difficultto interpret.

Lack of Standard Representation: Often, emojis lack a proper way of vectorization. Most of the existing
dictionaries ignore emojis. There is no universal dictionary, hence it is difficult to assign consistent sentiment
scores. There is a need to have a robust emojis dictionary and proper mechanism for conversion of emojis to
numeric forms, which can be further used in machine learning algorithms Mona M. Abd Elsalam (2022); Khan et
al. (2025) . Further, use of joint emojis have increased with time but mechanism to understand the meaning of
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joint emojis is missing in practice Santos et al. (2023). Emoticons and emojis are sometimes used sarcastically
and lead to the creation of noisy labels in distant supervision Yin et al. (2023). There is no standard emojis
lexicons e.g. Santos et al. (2023) uses one of more of a 100 emojis defined in their model.

Short Text Issues: Recently, people have started using short texts having more emojis and emoticons to
communicate. Such texts are casual and noisy and lack semantic expressions, leading to ambiguous
interpretations Tang et al. (2024). Conversion of such texts leads to sparse features, making it difficult for NLP
techniques to interpret the emotions or expressions from the same. Further, being small texts, emojis used in
these texts should have more weightage than the emojis used in longer documents Khan etal. (2025).

Model Integration of Text and Emoji: Text and emoji have different characteristics and need to be handled
differently. However, current models combine both of them in the same model, making it ineffective for
sentiment classification. Often, current models either ignore or misinterpret emojis when they are dealt with text
Mona M. Abd Elsalam (2022).

Generative Al Approach: Some of the pretrained language models (PLM) are not trained on emojis Tang et al.
(2024) and the models trained on emojis are computationally expensive. They perform on emoji-aware input
buttraining and fine tuning such models require heavy resources Khan et al. (2025).

10. Research Gaps and Synthesis

Despite significant advances in this research field, several research gaps still remain unresolved. Existing models can not
recognize the change in the semantics of the emojis based on its intent or surrounding text. This issue is further worsened
by the linguistic and the cultural bias present in the existing studies. Furthermore, non-availability of well labeled, large
and multilingual datasets is another issue. Also, majority of the existing studies treat emojis as text and ignore their visual
appearance. They also pay little attention to repeated or grouped emojis. In addition, different analysis methodologies
often produce varied results; making it difficult to compare results. This also highlights the need for a standard
techniques. Future studies shall involve multimodal approaches; thereby integrating user behavior, text and emojis to
have a better understanding of digital communication.

10.1 RQ1: Characteristics of Existing Datasets

According to the analysis drawn from the literature, social media emerges as the primary source of emoji centric data.
Twitter stands out to be the most promising one with the highest number of citations. This is mainly due to its open access
and robust APIs Yoo and Rayz (2021).

" Size and Scope: The size of the datasets are extremely inconsistent in size, spanning from small focused
collections of 60 images to massive datasets such as the 3.8 TB Twitter Stream Grab containing millions of
entries Santos etal. (2023); Mona M. Abd Elsalam (2022).

Acquisition: Researchers have typically accessed these datasets either by direct downloads (11 studies) or by
web-scraping (17 studies). Scraping is often preferred for its capability to capture the niche data with respect to
specific events such as airline customer service or Covid-19 pandemic Ayvaz and Shiha (2017); Hakami et al.
(2022).

Linguistic Diversity: Although English is the baseline, research is expanding to Arabic, Chinese (Sina Weibo)
and Portuguese, with a study covering 13 distinct languages Yin etal. (2023).

10.2 RQ2: Preprocessing, Feature Extraction, and Machine Learning Techniques

The processing pipeline for emoji-integrated text adheres to a structured sequence of data cleaning and vectorization.

" Preprocessing: Tokenization emerges as a most foundational processing step, reported in 19 studies, followed by
stopword removal in 10 studies Srisankar and Lochanambal (2021). Additional techniques include stemming,
lemmatization, and normalization Srisankar and Lochanambal (2021); Godard and Holtzman (2022).
Feature Extraction: Conventional studies often utilize techniques like Bag-of-Words (BoW) and TF-IDF Wang
and Castanon (2019). Conversely, more advanced studies exhibit the usage of word and emoji embeddings
including Word2Vec, GloVe, and specialized vectors like Emoji2Vec Jagadishwari etal. (2021).
ML/DL Models: Classic machine learning algorithms like SVM and Naive Bayes remain popular due to their
consistency Jagadishwari et al. (2021). However, Deep Learning models (CNNs, LSTMs, and GRUs) are
preferred for modeling temporal dependencies, while Transformers techniques like BERT, Emoji-BERT are
utilize to better capture the contextual nuances in the text Lou et al. (2020); Singh et al. (2024).
10.3 RQ3: Specialized Methods for Handling Emojis
Four primary specialized strategies are employed to integrate emojis into sentiment analysis Tang etal. (2024):

1. Preprocessing: Emojis are either substituted with descriptive text tokens or converted into standardized Unicode

equivalents Tangetal. (2024); etal. (2020).
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2. Lexicon-Based Mapping: Assigning fixed polarity scores from dictionaries like the Emoji Sentiment Lexicon
(ESL) or EmojiNet Vashisht and Jailia (2020); Karthikeya etal. (2023).

3. Embedding Representations: Capturing semantic relationships through dense vector spaces (static or
contextual) that allow the emoji's meaning to adapt to its sentence contextJona et al. (2022).

4. Modeling Architectures: Utilizing specialized neural designs like BiLSTMs with attention or TaneNet to
dynamically weightemoji influence Yuan etal. (2022); Holthoff (2020).

10.4 RQ4:Key Challenges and Research Gaps
Despite recent progress, research on emoji analysis continues to encounter several formidable challenges:

" Challenges: Emojis are highly context-dependent (polysemy) and subject to regional/cultural variability,
leading to ambiguity and bias Khan et al. (2025). There is also a distinct lack of standard representation and
universal dictionaries Khan etal. (2025).

Research Gaps: Future work is needed in context-aware interpretation beyond static mapping Ullah et al.
(2020). Most studies only explore three-way polarity (positive, negative, neutral), leaving granular emotions like
irony and sarcasm underexplored Ullah et al. (2020). Furthermore, there is a lack of multimodal approaches that
integrate emojis with images, video, and audio Ullah etal. (2020); Alfreihatetal. (2024).

11. Conclusion and Future Work

In this paper, authors have discussed about various methods of handling text with emojis and emoticons. The study has
been divided into sections related to datasets available, feature engineering methods, machine leaning models. Various
Challenges and research gaps in this area of research are discussed. The area has lots of scope in future. A roadmap for
researchers in the area of emoji handling will be to create a strong and elaborate dictionary for emojis, which can handle
polysemy and Synonymy. Context dependence of emoji interpretation and linguistic variablity should be handled in a
robust manner. Dependence of culture and language needs to be handled. Use of emojis depend on the age, gender and
location, Such factors should be considered while converting emojis to numeric forms. The model needs to be developed
to take care of the aspect of emojis evolution with time. Rise of new emojis and changing usage pattern should be handled
by the models based on continual learning. Specific eventse.g. elections, pandemic, give rise to certain sentiments. Such
kind of longitudinal event analysis needs to be done. With the advancements in generative Al approaches, emoji-aware
pretrained language models should be developed. Based on the nature of the data, more weightage may be give to the
importance of emojis and develop the machine learning models to handle such implementations. Integration of text,
emojis, images, audio, video, and other media is the need of the hour.
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ABSTRACT

fficient transportation planning requires balancing economic performance, operational efficiency, and

environmental responsibility. In real-life transportation systems, transportation planner frequently need to
include more than one conflicting factors like minimizing transportation cost, minimizing transportation time, and
environmental impact. Traditional single-objective models are not sufficient to handle these complex requirements.
Therefore the need for efficient multi-objective optimization techniques has become increasingly significant. The
proposed study focuses to solve a “Multi-Objective Transportation Problem (MOTP)” by different optimization
techniques namely, Weighted Sum Method and Goal Programming Method. For each method, the mathematical
models have been formulated and solved using secondary data in similar scenarios for fair comparison of methods.
For each method, the solutions vary based on the prioritization of objectives. The results shows that the Weighted
Sum Method gives different results when the weights vary, which means it is sensitive to weight selection. Goal
Programming proves to be more flexible and consistent by assigning prioritization and targets. A comparative
analysis has been performed by focusing on the ability to find compromise solution, effectiveness of each method,
efficiency in getting optimal results and practical applicability of the methods. As seen from the analysis, the
multiobjective optimization offers more realistic solution as compared to single-objective optimization techniques.
This could help decision makers in transportation and logistic planning.

Keywords: Optimization, Multi-Objective Transportation, Weighted Sum, Goal Programming, Optimal Solution.

1 Introduction

The mode of transportation is an important element in the movement of goods from one point to another point.
Transportation problem forms an integral part of the distribution network, logistics, supply chain management and affect
the level of efficiency in the entire process of transportation. In most instances, all traditional transportation planning
models seek to optimize a single criterion, mainly transportation cost. But in the real-world situations, decision makers
must balance several objectives simultaneously, including minimizing cost, reducing delivery time, and reducing
negative environmental impact. The Multi-Objective Transportation Problem (MOTP) is an useful method in such
situations because it facilitates optimization among several criteria while offering insight into possible trade- offs. Recent
developments in research show that studies have evolved from single objective models to multi-objective models.

The development of practical and effective solutions for multi-objective transportation challenges has received more
attention in recent years. Researchers have proposed several approaches to deal with the complexity of handling
multiple objectives simultaneously. These approaches aim to provide balanced solutions by considering different
aspects of the problem. Different optimization techniques can produce different solutions depending on how they
handle trade-offs among objectives. Thus, there is a need to analyze and compare appropriate methods that will give
reliable and realistic results. In this research, two methods, Weighted Sum Method and Goal Programming Method,
which are widely accepted methods for dealing with multiple objective problems, have been selected and their
performance analyzed while solving Multi-Objective Transportation Problem. Both methods have different approaches
and can result in different answers based on the priorities and preferences of the decision maker. the objective of
analyzing them is to find out which one performs better under the same conditions.

Even though the Weighted Sum Method and Goal Programming Method have been extensively applied to solve the
multi-objective optimization problem, there is very limited literature regarding the comparative study of both the
methods in solving multi-objective transportation problem with respect to economic, operational, and environmental
goals simultaneously. This paper seeks to solve this problem by testing and comparing two optimization methods
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namely, “Weighted Sum Method” and “Goal Programming”. The research will help in understanding how the various
weights and targets affect the solution of the problem and what compromises are possible between different objectives.
At the same time, the inclusion of such objective as carbon emissions helps in introducing the aspect of sustainability in
the decision making process.

The main contribution of this research is to analyze the ability of these methods to deal with conflicting objectives of
transportation cost, delivery time, and carbon emission. Furthermore, the study gives information on how to make
tradeoffs between economic efficiency, transportation time, and the environment. By taking into account carbon dioxide
emissions along with conventional transportation criteria, the research ensures that decisions will be made in a
sustainable manner. Such information will be helpful for logistics managers, transportation planners, and other supply
chain decision makers while making choices regarding optimization techniques.

2 Review of Literature

The existing literature regarding transportation problems highlights an increased emphasis on the ability to handle more
than one objective simultaneously. Various techniques have been examined by researchers in order to find balance
solution in complex situations.

Bazaraa, Sherali, and Shetty [1] elaborate on the concept of optimization as well as elaborate the concept of Non-Linear
Programming when the interrelationship variables is difficult to understand. The book covers several techniques used in
complicated optimization instances. In addition, there is the mention of practical issues which are not always simple and
thus require non-linear methods for their solution. Marler and Arora [4] provided a comprehensive review of multi-
objective optimization techniques and reviewed the theoretical concepts involved in formulating multiple objectives
into one function. The authors pointed out that while this technique is simple and very popular, it has limitations that it
might not always be able to determine all possible optimal solutions, specially when there are complicated trade-offs
between multiple objectives.

Nomani et al. [5] proposes new "Weighted Goal Programming” technique for solving MOTP. It emphasizes the need for
attaining an equal solution that remains close to the optimal value for all objectives. This technique has proven efficient
whether or not the criteria weights were explicitly identified. Findings have shown that the use of this method yielded
better results than the existing ones. Jagtap and Kawale [3] studied multi-dimensional multi-objective transportation
problems using ”Goal Programming Method”. Their approach focused on setting priority levels for different goals and
minimizing deviations from these targets. The study demonstrated that goal programming is effective in handling
multiple conflicting objectives and provides satisfactory solutions based on decision-maker preferences. Jain et. al [2]
used used ”Lexicographic Goal Programming” for solving the MOTP through ordering of the objectives according to
their priority. This technique tries to minimize both cost and time one at a time without changing the output of higher
priority objective. Deviation variable was also used to show the proximity of the solutions obtained to the required goal.
By checking different priority orders, the findings of this approach indicated that this approach is able to produce
satisfactory results.

Shrivastava and Rajput [7] used the Weighted Sum Method, where weights are assigned to different objectives. Their
results indicated that this method is useful for balancing cost, time, and risk, but the final solution depends heavily on the
choice of weights. In another study, Shrivastava and Rajput [8] applied the ”Lexicographic Method” to solve multi-
objective transportation problems. The findings of their study indicate that the above technique insures that the most
important objective is prioritized, thus ensuring reduced cost, time while minimizing carbon emission. The problem is
that the method heavily depends on the hierarchy of objectives. Shrivastava and Dwivedi [6] discussed the conversion of
multi-objective transportation problem into single objective problem by using the "Weighted Sum Method” and revised
simplex method is used to solve the problem. The study emphasized the computational efficiency of this methodology,
but it did mention that the resulting solution depends on the weight assigned to objectives. Shrivastava and Rajput [9]
provides a novel approach to deal with multi-objective transportation problems by using statistical methods. By
combining cost, time and emissions of carbon into one figure, “Arithmetic, Geometric, and Harmonic Means” were
used. Different outcomes have been achieved from each mean which indicates clear contradiction between time, fuel
consumption and costs. Itis a flexible, effective, and straightforward approach.

From the above literature, it is obvious that a number of approaches have been applied to the problem of dealing with
transportation problems that involve multiple objectives. The type of result depends upon the approach adopted,
whereby, some approaches tend to be basic while others complex.

3 Motivation and Objectives

This study is inspired by the necessity of finding effective method that would assist in solving practical cases of multi-
objective transportation problems. In transportation management, decision-makers are expected to take into
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consideration several conflicting objectives, like reduction of cost, time, and adverse effects on the environment. Such
considerations cannot be accommodated using conventional single-objective optimization techniques because of their
limitation in dealing with real-life conditions. Thus, it is necessary to resort to other methodologies in solving such
problems. This study focuses on the Weighted Sum Method and Goal Programming to evaluate their effectiveness in
managing multiple objectives and generating practical solutions. The aim of this study is to support improved and
informed decision-making in transportation planning by identifying suitable optimization approaches.

* To evaluate the role of each method of solving Multi-Objective Transportation Problem in minimizing trans-
portation cost while simultaneously reducing time and carbon emission.

e Toanalyzetheefficiency and effectiveness of these methods.
*  Todeterminethesignificant difference in the Optimal solution obtained by these methods.
e Toanalyzetrade-offs between conflicting objectives.

e To provide practical insights and recommendations that can support decision-makers in logistics, supplychain
management, and transportation planning.

4 Dataand Variables

This study follows a comparative optimization approach to assess the efficiency of approaches used in solving the “multi
objective transportation problem.” This analysis involves the Weighted Sum Method, and Goal Programming Method,
which are chosen in order to understand how these approaches address several conflicting objectives within
transportation management, including cost, delivery time, and environmental impacts, among others. The process starts
with data collection and mathematical model formulation that represents all objectives and constraints in an organized
and systematic way.

This study is based on secondary data which will be the main dataset to conduct the analysis. Data have been sourced
from a previously published paper by Shrivastava and Rajput [8], that is dealing with transportation planning in
agriculture sector in Madhya Pradesh. The chosen dataset depicts a real transportation scenario wherein there is
transportation of agriculture products from farms to the processing units. The chosen dataset can be considered an
agro-based transportation network, consisting of four agriculture farms situated in different cities of Madhya Pradesh
namely, Indore, Bhopal, Jabalpur, and Gwalior and three processing plants located in Ujjain, Sagar, Rewa. The four
farms are the supply nodes as agriculture products are available here. On the other hand, the three processing plants
represents the demand nodes since the products need to be transported to these plants. The dataset has important
factors such as transportation cost, which represents the cost involved in moving one unit of the product from every
farm to every plant, transportation time shows the time needed to move products from each farm to each plant and
carbon emission represent the environmental impact of transporting one unit of product between source to
destination, during the transportation process. Hence, this dataset is well suited for the current analysis, as all factors
are captured. So the use of this dataset supports a fair comparison of optimization techniques in real-world
transportation scenario.

Table 1: Sources and Destinations

Sources Destination
Farm City Supply Plant City Demand
A Indore 40 X Ujjain 60
B Bhopal 50 Y Sagar 50
C Jabalpur 60 Z Rewa 70
D Gwalior 30
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Table 2: Objective Matrix of Transportation Problem

Source— Cost Time Carbon Emissions

Destination (Rs Per Ton) (Hours) (Kg CO2 Per ton)
(Z1) (Z2) (Z3)

Farm A —Plant X 500 5 20

Farm A —Plant Y 700 7 30

Farm A —Plant Z 600 6 25

Farm B —Plant X 550 6 22

Farm B —Plant Y 650 5 28

Farm B —Plant Z 750 8 35

Farm C —Plant X 800 9 40

Farm C —PlantY 600 6 25

Farm C —Plant Z 500 5 20

Farm D — Plant X 700 8 30

Farm D —PlantY 900 10 45

Farm D —PlantZ 650 7 28

5 Mathematical Formulation of Multi-Objective Transportation Problem

The “Multi-Objective Transportation Problem (MOTP)” handles the optimal allocations of products that transfers from
several source to several destination while simultaneously optimizing several conflicting objectives.

Notation:
i=1,2,....,m (index for farms)
j=1,2,..., n (index for plants)
k=1,2,...., K (index for objectives)
Parameters:
* g denotesupply available atfarm i
e b denote demandrequired atplant;
e ¢ denote unittransported from farm i to plant for objective &

Decision Variables: The amount of goods that is delivered from supply center to demand points. It indicates how much
quantity should be shipped along each possible route to meet demand efficiently. Let x, is the quantity transported from
farmito plant;

Objective Functions: The objective function will be the minimizing multiple objective functions:

Zijy = ii(‘fﬂu o =152 3 s JC

i=1j=1
So the way to express the problem as:
Minimize (Z,,Z,, Z....., Z,)
e CostObjective

m n

Minimize Z, = ZZ(‘,J.I',_,

i=1 j=1
Here C;is per unit cost of products transported from farm i to plant ;.
Minimize Z, = 500x,, + 700x,, + 600x,, + 550x,, + 650x,, + 750x,, + 800x,,
+600x,, + 500x,, + 700x,, + 900x,, + 650x,,
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e Time Objective

m n

Minimize Z, = ZZTQ’"’U

i=1 j=1
Here T} is delivery time from farm i to plant;.
Minimize Z, = 5x,, + 7x,, + 6x,, + 6x,, + 5x,, + 8x,, + 9x,
+ 6x., + 5x., + 8x,, + 10x,, + 7x,,
e Carbon Emission Objective S
Minimize Z3 = Z ZEij.Tfij
i=1 j=1
Here Eij is Carbon emission from farm i to plant;.
Minimize Z, = 20x,, + 30x,, + 25x,, + 22x,, + 28x,, + 35x,, + 40x_,
+ 25x., + 20x, + 30x,,+ 45x,,+ 28x,,

Constraints: Constraints represents the requirements that the model’s solution must meet. Supply constraints, demand
constraints, and non-negativity constraints, are used in transportation problems which ensure that the solution is feasible,
practical, and consistent with real-world requirements.

Supply Constraints: Each farm cannot supply more than its capacity

xAX + xAY + xA[ S 40
Xy + Xpy + X, < 50
x(f)(+ xCY + x(,'Z S 60
Xpy + Xpy + Xp, < 30

Demand Constraints: Each plant must receive its required demand

Xt Xgy + Xy + Xpy = 60
X+ Xgyt Xy + Xy = 50
Xz + Xgz T Xz T Xpy = 70

Non-Negativity Constraints: The quantity of goods transported cannot be negative
x;20,Vij

xAX’ xAY’ xAZ‘ xBX’ xBY’ xBZ‘ x(,')(’ x(,'Y’ xCZ’ xDX’ xl)Y’ xDZ 2 O
[tis essential to note that before attempting to solve a Multi Objective Transportation Problem MOTP it is important to
test whether the problem is either balanced or unbalanced A transportation problem is said to be balanced when the total
supplyisequaltothetotal demand Thisisimportantbecauseitensuresthatafeasible solutionisachieved Inthisstudy the
total supply in all sources is 180 units and the total demand in all destinations is also 180 Because these two values are
equal Sothetransportationproblemisbalance
6 Weighted Sum Method

”In the Weighted Sum Method, single objective function is formulated by giving a weight to each objective” according to
theirimportance [6].

e Each objective is first normalized so that differences in measurement units do not affect the results.
e Suitable weights are assigned to each objective based on their importance.

e Then single combined objective function is created by multiplying each normalized objective by its
corresponding weight.

e Combined objective function is minimized while meeting all supply and demand requirements.
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e The procedure is repeated with different sets of weights to study how changes in priorities affect the final
solution.

6.1 Mathematical Formulation
Normalization is essential to bring all objectives to a common, dimensionless scale using min-max normalization.
Znnrm _ ZI\’ _ Z}t‘nzn
k - Z}:nax . Zi"m
Combined Objective Function:

Minimize Z =w,Z, + w,Z, + w,Z,

Minimize Z = w; Zm: i Cijzij + wo Xm: i Tz + w3 i i Eijx;j

i=1 j=1 i=1 j=1 i=1 j=1
Testmultiple weight combinations (w,, w,, w,)to analyze Trade-offs.
e Case 1: CostPriority

Higher weight is assigned to transportation cost:

m n m n m n
Minimize Z=0.6> > Cyzi; +0.2) > Tymi; +0.2) > By
i=1 j=1 i=1 j=1 i=1 j=1
e Case2: Time Priority

Higher weight is assigned to transportation time:

Minimize Z =02 Y Cijzy +0.6> > Tymi +0.2) > By
i=1 j=1 i=1 j=1 i=1 j=1
e Case 3: Carbon Emission Priority
Higher weight is assigned to carbon emissions:

m n m n m n
Minimize Z = 0.2 Z Z Cijl'ij + 0.2 Z Z Tijxij + 0.6 Z Z Eijil'ij
i=1 j=1 i=1 j=1 i=1 j=1
7  Goal Programming Method

Goal programming is used when specific target values are desired for each objective rather than simply minimizing
or maximizing them [3].

* Target values (goals) are first defined for each objective.

* For each goal, deviation variables are introduced to measure how much the actual result deviates from the
target.

»  Priority is assigned to each deviation based on the importance of the corresponding goal.
*  The model’s objective function will be minimizing these deviations, especially unwanted deviations.
*  Then solved the model to find the result that best satisfies all objectives simultaneously.

7.1 Mathematical Formulation

Set target value for cost, time, and carbon emission (G, G, G,). Define deviation variable, For each goal, two
deviation variables are introduced:

*  One for overachievement
e One for underachievement
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Deviation Variables: Deviation variable represent how much achieved value is deviated from the target value of
each objective.

« df,d; — Cost Deviation
« df,d; — Time Deviation
« dy,d; — Carbon Emission Deviation

Goal Equations: Goal equations represent the desired target levels of each objective. They are formed by equating
the objective function to a specified target value and include deviation variables to measure underachievement or
overachievement of the goals.

m n

M Gy +dy —df =G,

i=1 j=1

m n

i=1 j=1

m n

ZZE"-"“"‘ +d3 — (I:T =G}

i=1 j=1
Objective Function:
MinZ = [P(d}), Po(dF), Ps(d}))
e Case 1: Cost Priority
First rank is given to transportation cost:
Minimize 41
« Case 2: Time Priority

First rank is given to transportation time:

o ot .
Minimize 3 keeping 41 at its optimal value
e Case 3: Carbon Emission Priority
First rank is given to carbon emission:

I, ; : .
Minimize @3 keeping d{ and d3 at its optimal value

8 Results

In this study, the computational analysis was done using “Excel Solver and Python” software. Excel solver was applied in
creating and solving the optimization models within a well structured environment. On the other hand, python software
was applied via the “pulp” library, which is commonly used for “Linear Programming” models. This allowed efficient
implementation and computation of mathematical models. The advantages of the "pulp” library was that it facilitated
comparative analysis of different methods.

8.1 Results of Weighted Sum Method

e Casel:w,=0.6,w,=0.2,w,=0.2
x,=40 x,,=20 x,=30 x,,=20 x,,=40 x,=30

Total Cost Time Carbon Emission

102000 Rs. 34 Hours 4220 Kg CO2

e Case2:w,=0.2,w,=0.6,w,=0.2
x,=40 x,=0 x,,=50 x,,=60 x,,=20 x,,=10

Total Cost Time Carbon Emission

103000 Rs. 30 Hours 4280 Kg CO2
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Case3:w,=0.2,w,=0.2,w,=0.6
x,,=40 x,,=20 x,=30x,,=20 x,,=40 x,,=30

Total Cost Time Carbon Emission

102000 Rs. 34 Hours 4220 Kg CO2

8.2 Results of Goal Programming Method
Cost target = 105000 Rs., Time target = 35 Hours, Carbon emission target = 4500 kg CO,

Case 1: Firstrank — Cost
x,=10 x,,=30 x,,=50 x,,=20 x,,=40 x,,=30

Total Cost Time Carbon Emission

105000 Rs. 37 Hours 4340 Kg CO2

Case 2: Firstrank — Time
x,=40x,=0 x,,=50 x,,=60 x,,=20 x,,=10

Total Cost Time Carbon Emission

103000 Rs. 30 Hours 4280 Kg CO2

Case 3: Firstrank — Carbon Emission
x,=40 x,=50 x,=10 x,,=57.5 x, =10 x,=12.5

Total Cost Time Carbon Emission

105375 Rs. 39 Hours 4350 Kg CO2

9 Comparative Analysis

A comparative analysis has been conducted to determine the strengths and limitations of the Weighted Sum Method and
Goal Programming Method to solve the "Multi-Objective Transportation Problem”. Comparison has been made
considering crucial parameters like dealing with trade-offs, stability of solution, effectiveness of each method, efficiency
in achieving desirable results, and variability of optimal solutions. Through such comparisons, it is possible to identify the
way in which each approach reacts to changes in weights and targets, and how well they deal with multiple conflicting
objectives. A comparative analysis offers an idea about the advantages and disadvantages associated with each
approach, helps in selecting appropriate approaches for practical transportation problems.

Trade-off Between Objectives: Regarding the issue of handling the trade-offs, the Weighted Sum Method makes
provision for a trade-off between cost, time and carbon emission based on weights. it has been noted that where
time takes higher weight, total time decreases to 30 hours whereas there is an increase in cost and carbon
emission. However, In other cases, such results are also found, signifying that there is not much of a trade-off. On
the other hand, Goal Programming Method takes care of trade-offs based on the order of priorities.

Stability of the Solution: In terms of stability of the solution, the Weighted Sum Method appears to have fairly
consistent results since in two cases out of the three yields the same results as cost = 102000 Rs., time = 34 hours,
carbon emission = 4220 kg CO,. The slight variations in the results do not seem to alter the solutions much. In
contrast, the Goal Programming Method has varying results due to changing priorities in different cases. This
gives different results in all three cases, thus the Goal Programming method is not stable like Weighted Sum
Method. However, this variation shows that goal programming is more flexible and practical.

Effectiveness of Each Method: In regards of effectiveness, the Weighted Sum Method is effective for all
objectives that need to be consider simultaneously and used to find a balance solution. This enables a decision-
maker to determine compromise solution between all objectives. However, Goal Programming Method is more
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suitable for dealing with realistic conditions, wherein achieving specific objectives is necessary. Goal
programming aims to reduce the gap between the expected and the actual values.

e Efficiency in Achieving Desired Results: In terms of efficiency in achieving desired results, the Weighted Sum
Method considers all objectives simultaneously. It gives the optimum result in the balancing of various
objectives but cannot give optimum results to individual objectives. On the other hand, Goal Programming
Method is more efficient in the realization of desirable results. This is because this approach takes into
consideration specific targets that have been predetermined.

* Significant Differences in Optimal Solutions: In terms of optimal solution, the results show that the Weighted
Sum Method yields almost the same solution in Case 1 and Case 3, showing very small variation in the optimal
results. In contrast, Goal Programming Method gives different solution based on the priority or the objectives in
all three cases.

10 Conclusion

In this research, the main goal was to solve the "Multi-Objective Transportation Problem” and comparing using the
Weighted Sum Method and Goal Programming Method, based on three objectives namely transportation cost,
transportation time and carbon emissions. From the results obtained through the comparison of these methods, one can
draw the conclusion that both methods are able to solve a multi-objective problem but in a different manner.

The solutions obtained with the use of the Weighted Sum Method are stable consistent in Case 1 and Case 3. At the same
time, they vary slightly when changing the Weight coefficients. The use of this method does not allow taking into
consideration changes in the priority order of objectives by a decision-maker. Solutions provided with Goal
Programming depend upon priority levels of goods assigned to particular objectives. This method is more flexible and
more suitable for cases where certain objectives have to be accomplished. It makes it possible to handle tradeoffs better
and come up with solutions that better suit the decision maker.

As seen from the comparative analysis, Goal Programming is much better as reaching the desired target as well as trade-
offs in a practical way, provided clear priorities are known. While the Weighted Sum Method becomes effective in
situations when all objective functions need to viewed as being of equal importance. From the results, the research
reveals that the selection of a certain optimization technique depends on the specific needs of the decision maker and on
the kind of problem they addressing. If all the objectives are equally important, then the use of the Weighted Sum Method
may help find a balance between them. But where in real life some objectives prevail over others in the problem under
consideration, the Goal Programming approach works much better.

The outcomes of this research provide valuable insight into the performance of these techniques under various scenarios.
The information may assist decision-makers in selecting the appropriate optimization technique according to their
needs. Consequently, better transportation planning will be achieved.

11 Limitations and Future Scope of Research

e This research is based on secondary data that is collected from existing source. Future study can be included
real-time data set to solve transportation problem and to improve transportation planning.

* In this research work, a limited dataset containing a limited number of supply points and demand points has
been used. In the future research, the proposed model can be developed further by considering more supply
points and more demand points.

e Inthis research, Weighted Sum and Goal Programming methods are used for comparative analysis. In the future
advanced optimization algorithms such as “Genetic Algorithm, Fuzzy Algorithm, Evolutionary Algorithm ” can
be used.

e This research work being done includes cost, time and carbon emission as its key objective. In the future, more
objectives may be considered. These might include issues such as quality of service, risk, reliability, and
customer satisfaction.

e In real-life transportation systems, several parameters are uncertain and subject to change with time, which
include fluctuation of demand, changes in the cost, and the influence of traffic or weather conditions on delivery
time. these uncertainties can be incorporated into future work.

e Infuture, the proposed model will be tested on additional benchmark data sets. This will provide more evidence
concerning the efficiency of the model and increase the credibility of the results.
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ABSTRACT

Manual recording of student attendance in rural schools is a time-consuming and error-prone task. Moreover,
attendance records are necessary for keeping a check on educational activities and promoting social welfare
schemes. In literature, most existing attendance automation systems rely on continuous internet connectivity, cloud-
based processing, or costly hardware infrastructure, which can limit their scalability, affordability, and ease of
deployment. Hence, a lightweight attendance system named SmartFace has been designed and developed in this
research work which uses facial recognition technology for marking students' attendance digitally. SmartFace makes
use of MobileFaceNet, a Convolutional Neural Network model that allows facial recognition on the device itself,
conserving processing resources and eliminating the need for server-side processing. The proposed system is
developed as a Progressive Web Application (PWA) and it can function without an internet connection and
synchronize data with Firebase Firestore once connectivity is restored. The MobileFaceNet model of SmartFace
application was trained and tested on the Indian Faces Image Classification Dataset obtained from Kaggle data
repository. On evaluation, the fine-tuned model achieved a training accuracy of 99.43%, with a validation accu-
racy of 93.75% and a test accuracy of 96.88%, demonstrating the viability of the proposed approach on the dataset
used. These findings suggest the potential of lightweight facial recognition technology as a viable approach for ef-
ficient and economical attendance management in rural schools, warranting further evaluation on larger and more
diverse datasets.

Keywords: Face Recognition, Rural Schools, Automated Attendance System, MobileFaceNet, Progressive Web
Application (PWA), Offline-First Architecture

1 Introduction

Attendance management in Indian schools has historically relied on manual roll calls, a practice that is both time-
consuming and susceptible to inaccuracies. Manual attendance recording remains a burdensome administrative task,
often reducing the instructional time available to teachers during the school day. Apart from this, manually marking
attendance may allow proxy attendance, resulting in false attendance records. This adversely affects the actual
beneficiaries from availing the benefit of government funded programs such as Mid-Day Meal schemes and other
scholarships. These inaccuracies hinder allocation of government funding to the schools and further lead to a drop in
student retention rates.

The increase in availability of affordable smartphones and tablets in rural India has also paved the way to digitize school
administration. The existing digital attendance solutions have been designed according to available urban infrastructure
requiring dedicated hardware, consistent high-speed internet connectivity, and trained technical personnel. However,
these solutions are not feasible for about 1.23 million rural schools of India due to unreliable network access and power
outages.

A unified deep embedding framework that maps facial images to a compact Euclidean space and achieves high level of
accuracy on standard benchmarks was first introduced by Schroff et al. (2015). MobileFaceNets, a collection of highly
efficient Convolutional Neural Network (CNN) models created especially for accurate, real-time face verification on
mobile devices, was later introduced by Chen et al. (2018). Recent research including ArcFace (J. Deng et al., 2022) and
improved versions of MobileFaceNet (Hassanpour & Kowsari, 2023), has demonstrated that high quality recognition is
still achievable with reduced computational costs. Although several attendance management systems have been
developed, none have been designed for infrastructure limited settings; server-side processing, dedicated hardware, and
astable internet connection remain the primary barriers.

Received on: 13 Jun 2026 | Accepted on: 01 Jul 2026 | Published Online on: 25 July 2026
© 2026 The Author(s). This article is an open access article distributed under the terms of the Creative Commons Attribution 4.0 International License (CC BY 4.0).
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To solve the above problems, the paper provides SmartFace, an Al-driven attendance management system that has been
built to eliminate infrastructure deficiencies. SmartFace is designed as a Progressive Web Application that can run on
standard web browsers without requiring installation. Using a lightweight deep learning model, facial recognition is
performed on-device (Chen et al., 2018) which has been selected for its compact architecture and suitability for browser-
based inference (Hassanpour & Kowsari, 2023). Attendance records are synchronized immediately when connectivity is
available, and in case of poor network availability attendance records are stored locally, then synchronized with cloud
storage when connectivity permits, ensuring no data loss. The objectives of this research are: (1) to develop a lightweight
Al-based attendance management system using facial recognition, (2) to enable on-device face recognition without
server-side computation, (3) to support offline attendance functionality using an offline-first architecture, and (4) to
evaluate the effectiveness of the proposed system using a publicly available face dataset. The remainder of this paper is
structured as follows: Section 2 reviews relevant literature and the research gap addressed by this work; Section 3
describes the methodology; Section 4 presents the experimental setup; Section 5 reports the results; and Section 6
concludes the paper with directions for future research.

2 Literature Review

Face recognition is a subfield of machine learning that has received increasing attention over the last decades. A number
of models with different requirements have been developed. In Schroff et al. (2015), the FaceNet architecture, which
maps a face image into a compact Euclidean space where distances are indicative of face similarity, is introduced. The
FaceNet is trained on millions of faces using a triplet loss function, achieving 99.63% accuracy on the Labelled Faces in
the Wild (LFW) dataset. This model, however, is computationally intensive and cannot be directly deployed on mobile
devices or embedded systems without severe optimization.

To meet the demands of mobile inference, MobileFaceNets were developed in Chen et al. (2018). Mobile-FaceNets is a
family of lightweight CNN architectures optimized to perform real-time face verification on mobile platforms. These
models adopt depthwise separable convolutions that are also part of the MobileNet architecture (Sandler et al., 2018),
and a global depthwise convolution layer replaces the fully connected layers, thus significantly reducing both the
number of parameters and computation. Lightweight model research has produced other competitive architectures,
including ShuffleFaceNet models by Mart"ynez-D yaz et al. (2019) under 20 MB and averaging 37ms of CPU inference
time. A more recent contribution is the 3.5MB few-shot face recognition model presented in Z.-Y. Deng et al. (2023),
which is about 30 times smaller than the FaceNet model, while achieving comparable recognition accuracy and real-
time performance. Further in this line, Hassanpour and Kowsari (2023) improved on the MobileFaceNet model to
achieve top ranked performance on EFaR-2023 face recognition competition under efficiency constraints. Another very
light 3.5MB FewFaceNet by Sufian et al. (2023) has shown effective few-shot face authentication for edge cameras with
just one enrolment image. State-of-the-art of unconstrained face recognition has been improved to 99.83% on LFW by J.
Deng et al. (2022) using the Arc-Face method. In Sun et al. (2024), a landmark based self-supervised model LAFS is
introduced that outperforms the state of the art by a significant margin on few-shot recognition benchmarks without
requiring large, labelled datasets.

2.1 Automated Attendance Systems

Deep learning has been applied to automate student attendance. The most common pipeline described in the literature
comprises face detection using MTCNN (Zhang et al., 2016) followed by embedding based matching of student images.
The system has been shown to work efficiently on urban or well-funded institutional environments, but evaluation has
been restricted to those environments. Chitrapu et al. (2025) even showed that an ensemble of deep learning models
could achieve reliable face recognition performance, though such architectures also entail a higher computational
overhead.

2.2 Research Gap

Existing attendance automation systems found in the literature were almost exclusively designed and evaluated in
contexts very different to the realities faced in rural Indian schools. The most common architecture design pattern is cloud
based: face detection and recognition are offloaded to remote servers and a consistent network connection is needed,
which translates in latency, higher cost and lack of functionality when the network connection is intermittent. The
hardware aspect is a second issue: a few researchers have used specialized enrolment terminals, IP cameras with high
resolution or powerful edge computers like the Raspberry Pi with GPU accelerators. Such hardware might be justifiable
in a wealthy context, but the cost is far too high for rural schools. Lightweight models (Z.-Y. Dengetal., 2023; Hassanpour
& Kowsari, 2023; Mart'ynez-D'yaz et al., 2019) achieve a much better performance-resource ratio, but this line of
research has not yet been applied to the deployment in rural educational contexts. SmartFace tackles these problems, and
leverages MobileFaceNet (Chen et al., 2018) for browser-based inference so no server-side computation per recognition
event occurs. Offline-first IndexedDB storage allows the system to remain functional even when internet connectivity is
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unavailable, which matches the infrastructure-less design paradigm promoted by Sufian et al. (2023) who developed
FewFaceNet particularly for edge cameras.

Table 1T summarizes representative face recognition systems alongside SmartFace for comparative reference.

Table 1: Summary of Related Face Recognition Systems

Reference

Model / Approach

Dataset

Key Results

Chen etal. (2018)

MobileFaceNets

LFW, MegaFace

99.55% (LFW)

Schroff et al. (2015) FaceNet (triplet loss) LFW, YTF 99.63% (LFW)
J. Deng et al. (2022) ArcFace MSTMV2 99.83% (LFW)
Z.-Y. Deng et al.(2023) | FN8 (3.5 MB few-shotmodel) | CASIA-WebFace 98.4% (LFW)

Hassanpour & Kowsari
(2023)

Improved Mobile-FaceNet

EFaR-2023 benchmark

Ranked 1st on EFaR-2023
benchmark under efficiency
constraints

Mart’ynezD yaz et al. (2019)

ShuffleFaceNet

LFW, MegaFace

Outperformed comparable
lightweight models

SmartFace (This work)

MobileFaceNet (on-device)

Indian Faces Image
Classification Dataset
(Garg et al., 2023)

99.43% train accuracy (Val:
93.75%, Test: 96.88%)

3 Methodology

This section is organized into 5 subsections. Section 3.1 describes the dataset used in the current study. Section 3.2
describes the data pre-processing pipeline used for the raw images. Section 3.3 describes the model used in this study for
on-device face recognition. Section 3.4 describes the training methodology used to fine-tune the model. Section 3.5
describes the overall end-to-end attendance recognition system used in the SmartFace application.

3.1 Dataset

The Indian Faces Image Classification Dataset (Garg et al., 2023) hosted on Kaggle has been used for the training and
testing of the model. Students created this dataset where every student contributed 20 facial images each. The images
were collected under various circumstances; e.g., with differing illumination, varying face angles, with and without
specs, with diverse backgrounds. All in all, there were 320 images consisting of 16 students. After splitting the data into
train and test, 14 images per student were selected for training (70%) and the rest 6 for testing (30%). Dataset statistics are

summarized in Table 2.

Table 2: Dataset Statistics

Property Value
Total Students 16
Total Images 320
Images per Student 20
Training Images per Student 14
Testing Images per Student 6

Train Split

70% (224 images; 179 train + 45 val)

ValidationSplit

20% of train pool (45 images)

Test Split

30% (96 images)

3.2 Data Preprocessing

Allimages were preprocessed using a fixed pipeline before training. Faces were first detected and cropped from images to
generate standard inputs. Cropped regions were resized to the MobileFaceNet input resolution, and their pixels were
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normalized to prevent numerical instability during training. The detected faces were then aligned using landmark-based
transformation (Zhang et al., 2016). This process centers facial keypoints (pupils, nose tip, lip corners) onto predefined
positions, which is critical to achieve discriminative representations and avoid different embeddings from the same face
but with varying orientation. To prevent over-fitting data augmentation including horizontal flipping and subtle changes
inbrightness were applied.

3.3 Model Architecture

MobileFaceNet (Chen et al., 2018) was used as the backbone due to its lightweight nature, which is beneficial for
deployment on embedded devices with limited computational resources. The architecture extends MobileNetV2
(Sandleretal., 2018) to adapt it for face recognition. Instead of fully connected layers at the end, it uses a global depthwise
convolution and a bottleneck design to minimize memory usage at inference time. These properties make the model
ideal for on-device execution in a web browser. Unlike heavily parameterized models such as ArcFace (J. Deng et al.,
2022) or FaceNet (Schroff et al., 2015), it demonstrates effective recognition performance with acceptable parameter
count for JavaScript-based on-device inference, which is aligned with the design goals of ShuffleFaceNet (Mart ynez-
D"yazetal., 2019) and its successor (Hassanpour & Kowsari, 2023).

This model is trained to output a 128-dimensional facial embedding vector for each input image. During enrolment, the
student's face is imaged and its average embedding representation is saved locally. In the recognition phase, the live
embedding of an input face image is then computed and cosine distance against stored embedding is calculated. A match
is identified when the cosine distance falls below a predefined threshold value.

3.4 Training Procedure

The model was fine-tuned on the collected dataset using the training split described in Section 3.1. A standard cross-
entropy classification loss was used for the 16-class identity problem. Images were loaded from the structured folder
layout (16 student folders), preprocessed, and passed through the network in mini batches of size 16. Parameters were
updated using stochastic gradient descent with momentum. Training was performed for a maximum of 100 epochs with
early stopping using a patience value of 20 to reduce overfitting. A learning rate scheduler (StepLR) was used to improve
training stability. After training, the average enrolment embedding per student was computed as the stored reference
representation for live recognition.

Table 3: Training Configuration

Hyperparameter Value
Input Resolution 112x112
Embedding Dimension 128

Loss Function Cross-Entropy
Optimizer SGD with Momentum (0.9)
Learning Rate 0.01
Weight Decay 5x10"
Batch Size 16
Learning Rate Scheduler StepLR
Maximum Epochs 100
Early Stopping Patience 20

3.5 Attendance Recognition Pipeline
The end-to-end attendance workflow follows a structured sequence:

1. Teacherlogs in via Google Firebase Authentication (Bharti etal., 2020);
School and class are selected, loading the corresponding student enrolment data;
The device camera is activated and face detection begins scanning the video feed in real time;
MobileFaceNet (Chen etal., 2018) generates an embedding vector for each detected face;
Cosine distance matching against stored embeddings marks the student as present;

g K~ W N
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6. Unmatched faces cause a fallback to QR code or manual marking;

7. Attendance details are stored on the local IndexedDB, and they get synced with Firebase when a network
connection becomes available.

8. ACSVreportis generated for record-keeping and compliance purposes.

e N
Teacher opens Web Select School and Camera Access
App Class L Granted )
Y

r M\

{ Fallback : QR or 4 Face Detection and

Manual Mark No Matching

- J

Yes
\/

Mark Present

v

Store Attendance
Locally

~

Y
l Sync to Cloud ]

v

View Download
Reports (Weekly or
Monthly)

Fig. 1: SmartFace Technical Workflow and Attendance Recognition Pipeline

4 Experimental Setup

This section summarizes the details of experimental procedures. There are two sub-sections in this section. Section

4.1 describes the features of the dataset and the metric used in experiment. Section 4.2 lists the detailed hardware
configuration and provides details about the software environment used in the experiment.

4.1 Dataset and Evaluation Metric

All experiments were conducted using the Indian Faces Image Classification Dataset (Garg et al., 2023), containing 320
images of 16 individuals, splitinto a 70% training set (224 images) and a 30% test set (96 images). From the training set a
further 20% split was drawn to provide a 45 image validation set, training was reduced to 179 images and 96 images
remained in the test set. The validation set was used to monitor model generalisation during training and support early
stopping. Evaluation metrics and calculations were made using the standard scikit-learn python library whereas
inference latency was calculated from average times of runs on images in the test set.

MobileFaceNet (Chen et al., 2018) was selected as the recognition model because of its lightweight design and high
performance on mobile devices. Recognition accuracy was used as the primary evaluation metric in this study.
Furthermore, the precision, recall, F1-score, AUC-ROC, and inference latency were also included in the evaluation criteria.
4.2 Hardware and Software Specifications

The SmartFace prototype was created and experimented on consumer devices to model the resource limited envi-
ronment where the SmartFace system will be placed. The web application was implemented as a Progressive Web
Application (PWA) using HTML, CSS, and JavaScript with cloud storage through Firebase Firestore. Face recognition was
implemented using a lightweight MobileFaceNet model and integrated with browser-based inference.
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The application was tested on both laptop and Android smartphone devices to check its cross platform compatibility,
offline operability and real-time attendance tracking with IndexedDB used as the storage for offline entries and firebase
firestore to automatically sync the offline entries when connection becomes available.

5 Results and Discussion

This section is divided into four subsections. Section 5.1 presents and discusses the recognition performance of the
proposed system. Section 5.2 compares SmartFace against existing attendance methods. Section 5.3 describes the
features and user interfaces of the SmartFace application. Section 5.4 discusses the limitations and threats to validity of
the currentstudy.

5.1 Recognition Performance

The fine-tuned MobileFaceNet model achieved a training accuracy of 99.43%, a validation accuracy of 93.75%, and a
test accuracy of 96.88% on the held-out 96-image split across 16 student classes. This result is consistent with the high
accuracy reported for lightweight models on small, controlled datasets: Z.-Y. Deng et al. (2023) similarly observed high
performance for their 3.5 MB model on in-domain test splits, while Hassanpour and Kowsari (2023) demonstrated that
MobileFaceNet variants retain competitive recognition under significant parameter constraints. However, the reported
accuracy should be interpreted in the context of the dataset used, which consists of 320 images from 16 subjects
collected under controlled conditions. Though the experimental results indicate the feasibility of the proposed method,
the method could be verified on a larger and more heterogeneous dataset to thoroughly assess its robustness on different
realistic scenarios as future research.

Table 4: Performance Metrics of SmartFace

Metric Value

Train Accuracy 99.43%
Validation Accuracy 93.75%

Test Accuracy 96.88%

Macro Precision 97.32%

Macro Recall 96.88%

Macro F1-score 96.85%
Weighted F1-score 96.85%

Mean AUC (OvR) 0.9999

Mean Inference Latency 382.4 ms (P95: 1025.0 ms)

The training curves in Figure 2 show steady convergence with no signs of severe overfitting; the small gap between
training and validation loss indicates that the model generalises well within this dataset. A practical strength observed

SmartFace — MobileFaceNet Training Curves

Cross-Entropy Loss Accuracy (Train / Val / Test)

—— Train Loss 1004
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Fig. 2: MobileFaceNet Training Curves: Cross-Entropy Loss and Train/Validation/Test Accuracy over 36 Epochs
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during testing was the model's resilience to spectacles and moderate lighting changes, which were deliberately included
in the image collection protocol, consistent with the multi-condition robustness reported by Sufian et al. (2023) for
FewFaceNet under similarly varied enrolment conditions.

To further validate the choice of recognition strategy, the 128-dimensional embeddings produced by the trained model
were evaluated under four different classification approaches on the same test set. The results are summarised in Table 5.

Table 5: Classifier Comparison on Frozen MobileFaceNet Embeddings (Test Set, n = 96)

Classification Method Test Accuracy Classification Method Test Accuracy
Cosine Nearest-Centroid 96.88% Softmax Classifier Head 95.83%
KNN (k=1, cosine distance) 95.83% SVM (RBF kernel) 95.83%

The cosine nearest-centroid approach used in SmartFace outperformed all alternative classifiers, confirming the
suitability of the paper's recognition strategy. This method is also the most efficient at inference time, as it requires only a
single cosine distance computation per enrolled student rather than a learned classifier head. Figure 3 illustrates the
accuracy comparison across all four methods.

SmartFace — Classifier Comparison on Frozen Embeddings
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Fig. 3: Classifier Comparison on Frozen MobileFaceNet Embeddings:
Test Accuracy of Cosine Nearest-Centroid, Softmax, KNN, and SVM Methods
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5.2 Comparison with Existing Approaches

Table 6 compares SmartFace against traditional manual attendance method and typical cloud-based face recognition
systems across five parameters significant for rural school deployment.

As Table 6 demonstrates, SmartFace combines the offline capability of traditional methods with the minimal manual
effort characteristic of cloud-based systems, while reducing the hardware and infrastructure costs associated with server-
dependent deployments. Such a combination of factors would be especially useful in the setting of rural schools, wherein
both dedicated hardware investment and ubiquitous Internet access are neither practical nor economically sustainable.
5.3 Features and User Interfaces of the SmartFace Application

SmartFace aims to support rural schools wherein the usage of digital administrative tools has been low so far. Teachers
will be able to use SmartFace on existing hardware capable of taking photographs, so there will be no additional costs and
the use of the application will be unaffected by unreliable rural network. Figures 5-7 illustrate the main user interfaces of
the SmartFace application.

In addition to rural schools, the architecture is applicable for colleges and vocational institutes where, in order to meet

Table 6: Comparison with Existing Attendance Methods

Feature Traditional Attendance Cloud-Based Recognition SmartFace

Manual Effort High Low Low

Internet Required No Yes (continuous) No (sync when available)
Hardware Cost None Moderate to High Near Zero

Offline Capability Full None Full (offline-first)
Deployment Simplicity High (no setup) Low (server config) High (browser link)
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Fig. 5: Teacher Login Dashboard Fig. 6: School and Class Selection Interface
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Fig. 7: Student Enrolment Interface
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scholarship/certification criteria, verifiable records of attendance need to be maintained. Also, at exam centers, time
stamped photo identity authentication can be performed to supplement manual checking. Government schemes that need
to track participant attendance-e.g., skill developmentand community health, can benefit from the SmartFace system.

5.4 Limitations and Threats to Validity

Despite achieving a training accuracy of 99.43% and a test accuracy of 96.88%, several limitations warrant ac-
knowledgement. First, the evaluation was conducted on a relatively small dataset (Garg et al., 2023) comprising 320
images from 16 subjects, which may not fully represent real-world classroom diversity. Second, the experiments were
performed under semi-controlled conditions. Challenging scenarios such as severe illumination changes, motion blur,
crowded classrooms, or significant facial occlusions were not evaluated. Prior research has established that broader
validation on larger and more diverse datasets is necessary to assess recognition robustness conclusively (Chitrapu et al.,
2025). Finally, the system has not yet undergone long-term deployment in rural schools, and practical factors such as user
adoption, operational reliability, and biometric privacy considerations require further investigation prior to large-scale
implementation (Sufian etal., 2023).

6 Conclusion and Future Work

Conclusion: This paper presents the design, development and preliminary evaluation of SmartFace, an Al-based on-
device face recognition system to manage school attendance in rural Indian schools. The system integrates face
recognition using MobileFaceNet (Chen et al., 2018) with a locally stored offline-first data architecture to facilitate
recording attendance data without requiring a constant internet connection or dedicated server hardware. The fine-tuned
model achieved a training accuracy of 99.43%, a validation accuracy of 93.75%, and a test accuracy of 96.88% on a
dataset of 320 images of 16 students.

Future Work: Several directions are planned for future development:
1. Agovernment-facing reporting dashboard for compliance and resource allocation;
2. Ateacheranalytics dashboard providing attendance trends to identify at-risk students;
3. Anti-spoofing detection using liveness detection techniques such as blink detection or depth estimation;
4

Significant dataset expansion through partnerships with rural schools across multiple states, enabling rigorous
real-world evaluation;

5. Multi-classroom deployment coordination; and

6. Aparentnotification system for attendance alerts.
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