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INTRODUCTION

Abstract

This research presents a novel approach for the purpose of detecting stress
using enhanced ensemble learning techniques combined with linguistic
analysis, through social media text. With the growing issue of mental
health concerns expressed online, accurate and timely detection of stress
indicators is wvery important. The proposed model integrates multiple
machine learning classifiers and improves detection accuracy by utilizing
linguistic features such as syntax, semantics, and sentiment cues. A
comprehensive dataset of SubReddit posts was used to train and evaluate
the model. Results demonstrated that the ensemble approach outperformed
individual classifiers and it is offering a promising tool for early stress
detection and mental health monitoring in digital era.

Mental Health is now a major issue of interest
among individuals, communities as well as the

government in all countries of the 21st century.

Among other psychological problems, stress
can be regarded as one of the most widespread
and devastating issues that have prolonged
effects on mental and physical condition.
Refractory stress is linked to anxiety states,
depression, sleeping disorders, heart diseases,
and a poor quality of life. Conventional
methods to stress detection have been more or
less based on self-
administered and

clinical interviewing,

test  questionnaires,

physiological surveillance but though these
methods are effective, they are usually time-
consuming, expensive, and inaccessible to big
portions of the population, especially in low-
income states or distant regions. As the
internet and mobile technology expand at a
very fast rate, social media has turned into a
medium  of regular human
communication. Realtime content that is
shared on the social network by millions of
based on their emotions, life

experiences, and thoughts. This stream of data

powerful

users is

of such huge size, which is not organized in
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any way, is an excellent opportunity to acquire
knowledge about the state of the psychology of
users with the help of computational methods.
More often, the
possibilities to use Natural Language
Processing (NLP) and machine learning to
study the text on social media and identify
stress and other mental disorders indicators

and more theoretical

are discussed by scholars. In contrast to the
classic modalities, it is passive, scalable and
even potentially real-time, and as such very
suitable to the early warning model as well as
population wide mental health surveillance.
Stress  linguistically can be  implicit,
situational and culturally-responsive
written on social media. But it is usually
expressed in certain language habits like the
use of negative emotion words, words related
to first-person pronouns, cognitive distortions,
and  syntactic There are very
expressive psychological reflections to examine
these linguistic Machine
learning models particularly ensemble models

when

variants.
characteristics.

which integrate the advantages of several
classifiers have been promising in representing
such patterns so as to effectively classify them.
However, because of generalization difficulties,
the problems of imbalance among classes,
noisy data and the variation of human
manifestation on various platforms, sometimes
current models are challenging in order to
address these challenges, the demand of
stronger, flexible and intelligent systems is
increasing. The proposed research suggests a
modified learning
incorporating using both traditional machine
learning algorithms (SVM, Random Forest,

version of ensemble

and Naive Bayes), as well as deep learning such
as BERT classifier. The framework will attempt
to increase the accuracy and robustness of
identifying stress in short, noisy, and informal
text that appears in the social media by
enriching the space with
psychological, syntactic, and semantic features.

representation

This research would not only be added to
computational  linguistics  and
computing, but would also serve to contribute
to the larger objective of creating automated
tools to serve the purpose of mental health
professionals, policymakers, and public health
efforts.

In short, the study under consideration is one
that falls under the study of psychology,
linguistics and artificial intelligence and seeks
to offer a solution to the ubiquitous problem
of stress in the world by performing the new
ensemble learning methods using the advent
of twitters and other possible forms of social
media. This issue can be reflected in the

affective

background of this work because it points to
the significance of immediate, data-driven, and
easily accessible mental health evaluation
forms in the era of digitalization.

Hybrid Ensemble Framework: It introduces
approach  that
integrates traditional algorithms (SVM, Naive
Bayes, Random Forest) with deep learning
models (LSTM) to enhance accuracy, stability,
and generalization in stress detection.

an innovative ensemble

Linguistic Feature Integration: It emphasizes
the role of linguistic cues such as emotional
tone, syntax, and stressrelated keywords
enabling interpretable and psychologically
grounded predictions.

Practical Mental Health Application: The
proposed model supports

detection from social media text, providing a

health

real-time stress

foundation for online mental
monitoring and early intervention.
Interdisciplinary Impact: It bridges artificial
intelligence health research,
offering methodologies applicable to related
domains such as anxiety, depression, and
emotional well-being.

Related work

In the study(May & Ashik, 2024) the primary

goal is stress detection by using Ensemble

Learning Techniques such as SVM, DT, KNN,

and mental
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XGboost. The study revealed valuable insights
into the field of stress detection. Ensemble
accuracy achieved in the e study was 73%. The
highest accuracy was achieved was from the
Naive Bayes. The use of sequential Neural
Network enhanced the accuracy up to 76%
and the total accuracy after voting and making
the model ensembled the accuracy claimed in
the research study is 73%. The dataset used in
the research paper was downloaded from the
Kaggle which is quite famous platform for
machine learnings and deep learnings datasets.
The dataset consists of 2838 of total instances
and containing the subreddit posts labeled
with stressed and not stressed where the
stressed post’s are labeled as 1 and non-stressed
posts are labeled as 0.

In study (Febriansyah et al., 2022) the authors
have developed stress detection system for the
social media users. The techniques used are
the traditional ML leaning like SVM, RF,
Naive Bayes, a Decision Trees, Bag of Words
Term frequency (TF) and inverse Term
Frequency (IDF). The model achieved the
accuracy of 75.00% and 80.00% and both
were scored by SVM here were also some
limitations too, such as smaller dataset could
be used and usage of K-Fold on such models
are suggested for better results.

The study (Philip et al., 2024) aimed to
develop the Attention based model using
CNN-BiLSTM for the detection of the level of
depression. Deep learning models such as
CNN-BiLSTM, BiLSTM attention, CNN
BiGRU and the 0.89% F1 score was achieved
along with accuracy of 96.71%. The author
aims to include CLEF-2018 and CLEF-2019
datasets for future study.

Study (Tajuddin & Misbahuddin, 2020)
demonstrated the Effective Stress Detection
Framework (ESDF) by using Hybrid Ontology.
The Technique quoted above is a keyword
matching technique search process through
which the stress of an individual is detected

when he/she sends message to each other on
social media. Probabilistic models such as
GHS2 and the technique of Tree Alignment is
used. The study lacks the usage of Hybrid
Ontology / Multi lingual Language.

In the research (Illahi et al., 2022) paper the
author has developed stress detection model by
following the methodology such as data
collection, data cleaning, splitting, boosting,
bagging, voting and evaluation of the model.
In this research ensemble machine learning
approach is used such for stress detection in
social media posts are classical techniques such
as RF, DT, NB, SVM, Logistic Regression. The
models achieved F1 Score of 76.60% with
Logistic Regression. The limitations were seen
such as lacking of BERT usage of single source
of the data and smaller dataset.

The research article (Viktorovych et al.,2024.)
is all about the practical implementation of the
neural network’s method for stress detection
in social media posts which was carried out in
the whole process. The methodology includes
Pre-processing of the data its training /
detection and formulation of conclusion.
Accuracy of 0.95% was achieved along with
Recall 0.94% with batch 64 and epoch 10.

The study (Tiwari & Das, 2021) shows the
development of the model for stress detection
based on machine learning classification only
for tweets. The techniques were used such as
KNN, SVM, D-trees, NB, TEIDF, POS tagging
as well. The study was based on the 1500
sentences extracted from the tweets. Ensemble
approach gave F1 Score of 64 on all stress
features.

The author (Guntuku et al., 2019) in
concerned study used Happier Fun tokenizer
with DLATK. It uncovers the insights for the
language of the stress people. This study is
majorly based on LWIC dictionaries which
performed outstanding. The study lacks the
casual insights as claimed by the author by
stating that some people may stop using the
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social media while they are in stress and
depression so in this case the stress goes
unnoticed. This study also lacks the detection
of stress specially dealing with the RAW posts.
The future work and the suggestion include
phone-based sensors.

The study (Vasha et al., 2023) is based on the
traditional ML techniques such as SVM, REF,
DT, LF, KNN and NB. The dataset was
splitting is based on the criteria of 805 data for
training the model and 205 for the testing of
the model. BY using Catboost with LR, SVM,
NB, RF, accuracy was 82.6% which was the
best performing models in all the models used
in the study.

The study (Wang et al., 2022) aimed to
develop the no-lexicon based model framework
in which the labeled dataset was used and
accuracy was achieved about 0.68565 along
with f1 Score of 0.6854 but in harder situation
the model depicted different results such as
the achieved accuracy was 0.9467 and F1 score
was 0. 9465.The techniques include CAE, LTP,
MTL, MAM.

The author (Smys & Raj, 2021) in the study
developed the model for stress detection
especially for tweeter users. The dataset which
was used in the study is based on tweets which
further of 2500
Classification techniques used are quoted as
SVM, NB, DT, RF. The words such as happy
nice good were identified as positive emotions
and words like hate nasty waste kill no-sleep

consist sentences. The

ware concluded as negative or stress depicting
words. The graph showed accuracy above 90%.
In a study (Kasmin et al., 2026) the goal of the
author is to detect the stress through the text
on social media platforms like Reddit and
tweeter. It is well known by the people of the
field of stress detection and NLP that these
platforms are widely used in this purpose. The
author has integrated the datasets of Reddit
and Tweeter and used it for training the ML
model. Different ratios of the data splitting is

used in the first segment the data is split into
the ratio of 70% for training 30% for the
testing purpose then the ratio of 80% and
20% is used, lastly 90% data is used to train
the data and only 10% data is used to test the
model and its evaluation. It is clearly observed
in the study that on each ration the modal
gives slightly different results typically fall
between 0.68 to 0.81 in which SVM attained
the highest accuracy of 0.81%.

The goal of the study (Fatima et al., 2021) is
prediction of stress by using NLP techniques
and machine learning algorithms. ERT dataset
is used which is based on Emotional Recall
matched against Psychometric Scale such as
DASS-21. Total 200 participants were included
in the study/experiments and they were asked
about  the expressing  their
emotions.75% data was used to train the
model and 25% data was kept to test and
evaluate the model. The techniques which
were used in the development of quoted
model were DT, LSTM, RNN, MLP. The
suicide notes were also included in the study
for analysis which the main strength of this

words  for

study as per my opinion. The results were
based on Cross Validated prediction and the
results were R=0.7 for depression, 0.44 for
anxiety, 0.52 for stress. There were also some
limitations in the study as it was claimed that
LSTM and DT were unable to learn from the
dataset used in the study as well as it cannot
account for the content shifting. LASSO for
semi-supervised regressions is claimed to be
included in the study in future.

The study (Bharadwaj et al., 2025) depicts
stress detection by using textual data from ML
techniques such as LSTM, SVM, and Lexicon
based approaches such as VADER which
revealed promising prospectus for detection of
stress using hybrid approaches i.e., Lexicon
based approaches machine learning. There
were some limitations found in the study such
as Imbalanced dataset and multimodal data. It
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also lacks Real Time analysis for immediate
support or remedy for stress which is crucial to

. Proposed methodology

In this section the complete methodology is
outlined which is used for stress detection in
social media text using hybrid approach such
as using machine learning and deep learning
models. This implemented framework is based
upon pretrained BERT, classical classifiers
such as Naive Bayes, Support Vector Machine
and Random Forest. Weighted ensemble

avoid the large number of complexities at later
stage.

Strategy is used to combine/integrate the
outcome which is yielded by all the models
which are being used in the framework. In this
chapter data pre-processing, feature
engineering, model architecture, training
strategies as well as ensemble methodology is
elaborated.

[ Preprocessd Text ]

[ Preprocessd Text ]

[ Train-Test Split J

| BERT Model ]
+ | ¥
[ Classical ML Models }
(TF-IDF + bigrams)

oo |t

Forest

[ Weighted Ensemble J
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a)

Figure 1 Methodology Diagram

3.1 Tools and Frameworks Used

The following tools and libraries were utilized
in the framework:

Google Collab: An online cloud based Jupiter
notebook for  developing,
training and testing the models with support
of GPU.

GPU: T4 GPU with capacity of 15 GB virtual

memory.

environment

Python 3.8+: Programming language purpose
Pandas, NumPy: which is used for Data

handling

TensorFlow &  Keras: Deep learning
implementation

Transformers (HuggingFace): BERT pre-

trained models

Scikit-learn: which is used to train Classical
ML models

Matplotlib: used for Visualization

3.2 Experimental Setup

Hardware:

System: Dell Latitude 5480 (Internetresoutce
environment).

done

everyone

Ram:16 GB DD4.

Processor: Core i5 8th Generation.

Rom: 256 GB NVMe.

Batch Size: 16 (optimized for limited memory).
Training Time: Managed via early stopping
and learning rate reduction.

3.3 Dataset Description

The dataset named as stress.csv is used in this
research study, it consists of labeled data which
includes social media text from Reddit which
is downloaded from Kaggle, a well-known
platform wused for datasets and machine
learning. The dataset is used to train the
model for binary classification such as stressed
and no-stress. The dataset is loaded by using
CSV format. Following attributes are used to
train the entire model.

Label classes: O indicates no stress and 1
indicates the textual data have stress features.
Text Field: A column which is named as text
with the data of social media posts from

Reddit.

= Jotese happer\ed tUDK aworking hushand prSf
= ing tell 1: erldplcut::}_emgm . Ia W
% hate 5 P i wE give < aml ly
‘ W o Y iHE AR 2
58T = 3 8
enough e B = - 2
mUC _sai .c, s r lat;onshlp
Eerting : e peo p;[ e 15Ty
nothin 5 Lot
any jpmnly-
hou 2 Boos
A o hl S @en
= - T + >\
E— - @
g 15 —E d
Do pof QLE head o 9
We = bit
o+ g 3
2 U PTSD 5 & R, s e 1lfe
o ; gOlnGanlCty e
=4 . c
2 ¥ shouse a £ 0y
= 5 = § EMC O Rwell &
T l l S 5 E I €
y L 1 2
. l situation n therapy around YBlmost

Figure 2 Most Used Terms in the Dataset

We got a visual representation from Fig. 2 that
clarifies the most used terms in the dataset we

have wused in our research study after

integrating the figure that shows the word
cloud of the column named as text. With the
help of this visualization, readers can easily
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ii.
iii.

IL
I1L

identify important patterns in the text and
gain insights about the patterns and shape of
the dataset.

Pre-Processing Techniques:

Removal of HTML tags, Special characters.
Conversion of the text into lower case.

Token filtering is used for removal of stop
words.

3.4 Data Preprocessing

The dataset was uploaded by using Google
Colab Environment and pre-processing of the
data involved lowercasing, removal of HTML
tags as well as punctuation removal and stop
word removal. Two separate columns were
prepared:

processed_text_ml: for traditional models
processed_text_bert: for BERT-based input

def preprocess text ml(text):
if pd.ispa(text): return ""

return " ".join(words)

def preprocess text bert(text):
if pd.isna(text): return ""
text = text.lower()
text = re.sub(r'<.*?>', '',
return text

text = text.lower()
text = re.sub(r'<.*¥?>', '",
text = re.sub(r'["a-z\s]', '

words = [w for w 1n text.split() if w not in stopwords]

text)
', text)

text)

Figure 3 Pre-processing function

3.5 Feature Extraction and Classical Machine
Learning Models

TFIDF with  bigrams
utilized/implemented for representation which
Is textual in nature. The models which were

vectorization was

trained are given below:

Naive Bayes (Multinomial NB)

Support Vector Machine (SVM)

Random Forest (RF)

Every model was trained using Scikit-learn
pipelines to gain consistency.

3.5.1 Naive Bayes

The Naive Bayes is a probabilistic Classifier
which is based on the Bayes Theorem. The
quoted classifier does decision on the bases of
probability of an event calculated through the
Bayes Theorem. On the probability of an event
which can be higher or lower, it will make
decision and perform the task of classifying the
text which can be stressed and not stressed.

from sklearn.naive bayes import MultinomialNB
from sklearn.pipeline import make pipeline
vectorizer = TfidfVectorizer(max features=5000)
nb model = make pipeline(vectorizer, MultinomialNB())
nb_model.fit (X train,
nb_probs = nb_model.predict_proba(X_test)[:, 1]

y train)

Figure 4 Code for Naive Bayes
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The equation of Bayes theorem is given by:
Croy=«¢6r)y ) /70)
Where:
P(A|B): The probability of event A occurring
given event B has occurred (this is called the
posterior probability).
P(B|A): The probability of event B occurring
given event A has occurred (this is the
likelihood).
P(A): The probability of event A occurring on
its own (this is called the prior probability).
P(B): The probability of event B happening on
its own (this is called the evidence or
normalizing constant).

3.5.2 Supports Vector Machine
Support Vector Machine is a supervised
learning algorithm that is effective in spaces
which are high-dimensional. It works by
finding the hyperplane that separates the data
into different classes in a best way. SVM is
always used for classification problems where
the boundary for a decision is not linear as
well as the data is sparse. In the provided code,
a linear SVM is used to classify the data, with
the following snapshot:

from sklearn.svm import SVC
svm_model = make pipeline(vectorizer, SVC(kernel='linear', probability=True))
sum model Fit(X train. v train}

Figure 5 Code snapshoot of SVM

3.5.3 Random Forest

The Random Forest is an ensemble learning
method which is used for the purpose of
classification when having multiple classes. It
basically works by making multiple decision
trees and choosing the majority prediction. Its

enhanced accuracy factor is based upon
majority decision due to which it becomes
more reliable than as compared to a single tree.
Random Forest is useful when the dataset is
complex and single decision tree is not suitable
and may not work well.

from sklearn.ensemble import RandomForestClassifier
rf model = make pipeline(vectorizer, RandomForestClassifier(n estimators=100))
rf model.fit(X train, y train)
rf probs = rf model.predict proba(X test)[:, 1]

Figure 6 Code for Random Forest
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3.6 Text Embedding and Model Training 3.6.1 BERT Tokenization and Encoding
The BERT tokenizer was applied to prepare
input ids as well as attention masks. These are

used to feed in the model i.e. BERT.

def bert encode(texts, tokenizer, max len=128):
input ids, attention masks = [], []
for text in texts:
encoded = tokenizer.encode plus(
text, add special tokens=True, max length=max len,
padding="max_length', truncation=True,
return_attention mask=True, return tensors='np'
)
input_ids.append(encoded['input _ids'])
attention masks.append(encoded['attention mask'])
return np.vstack(input ids), np.vstack(attention masks)

Figure 7 BERT Tokenization & Encoding

3.6.2 BERT Model Architecture passed through dropout and dense layers and

A custom BERT Layer was defined successfully
by using TensorFlow's Keras API. CLS token

embeddings were extracted and these were

ultimately output with the help of a function
named sigmoid which is used for decision
making in binary classifications.

class BertlLayer(Layer):
def init (self, **kwargs):

def call(self, inputs):
input_ids, attention mask = inputs
outputs =

return outputs,.last hidden state[:, @,

super(BertLayer, self). init (**kwargs)
self.bert = TFBertModel.from pretrained('bert-base-uncased")

self.bert(input ids=input ids, attention mask=attention mask)

4

Figure 8 BERT Layer

3.7 Weighted Ensemble

The Predictions from BERT and the three
models merged by using
weighted ensemble approach. The Weights

classical were

were based on all individual model accuracies
on the validation set.
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total acc = nb_acc + svm acc + rf _acc + bert_acc
w_nb = nb acc / total acc

w_svm = svm acc / total acc

w rf = rf_acc / total acc

w_bert = bert_acc / total acc

ensemble probs weighted = (
w_bert * bert probs.flatten() +
w _nb * nb probs +
w_svm * svm_probs +
w rf * rf _probs
)
ensemble preds weighted = (ensemble probs weighted > 0.5).astype("int32")
ensemble acc weighted = accuracy score(y test, ensemble preds weighted)

Figure 9 Weighted Ensemble approach

3. Result

It is a simple and fast model which is used with
TFIDF features.it works on the basis of Bayes
theorem. In this study we used Multinomial
Naive Bayes which is proved effective when
features are based on word counts. It is trained

over the processed data wusing TFEIDF
vectorizer. It is useful in identifying the
important words while reducing the weight of
common words. The model demonstrated

accuracy of 0.738, precision of 0.893, and F1
score of 0.7734.

Confusion Matrix - Naive_Bayes

Negative

True label

Positive 4

250

200

150

- 100

50

T
Negative

Positive
Predicted label

Figure 10 Confusion Metrics of Naive Bayes
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ROC Curve - Naive_Bayes

1.0 4

0.8 +

=)
=)
L

True Positive Rate
e
»
L

0.2 4

0.0 4 —— Naive_Bayes (AUC = 0.860)

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 11 ROC Curve of Naive Bayes

4.2 SVM (Supports Vector Machine) from different classes. In this study linear
This model is very powerful and fast which is kernel SVM model with TE-IDF is used for the
based on Supervised Machine Learning for concerned task. SVM classifier demonstrates

tasks such as classification. It basically works by ~ the accuracy of 0.7717, precision of 0.7540,
finding hyperplane which separates datapoints recall of 0.7767 and F1 score of 0.7652.

Confusion Matrix - SVM

220
200
Negative

180

160

True label

- 140

F120

Positive 4
- 100

80

T
Negative Positive
Predicted label

Figure 12 Confusion Metrics of SVM
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ROC Curve - SVM

1.0 4

0.8

0.6 +

0.4 1

True Positive Rate

0.2 4

0.0 1

—— SVM (AUC = 0.865)

T T
0.4 0.6 0.8 1.0
False Positive Rate

Figure 13 ROC Curve of SVM

4.3 Random Forest

It is a method which is based on ensemble
learning for making decision trees specially
when we deal with complex decision making.
It works by concatenating their outputs. This
performs best while handling the noisy data as

well as the data which is high in volume
Random Forest in this study yielded accuracy
of 0.7417, precision of 0.7217, recall of 0.7867
and F1 score of 0.7528. This model shows that
its performance is slightly lower as compared

to SVM.

Confusion Matrix - Random_Forest

Negative

True label

Positive §

220

200

180

160

- 140

F120

- 100

80

T
Negative

Positive

Predicted label

Figure 14 Confusion of Metrics of Random Forest
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Figure 15 ROC Curve of Random Forest

4.4 BERT Classifier

BERT is the abbreviation of Bidirectional
Encoder Representation from Transformers. It
is based on deep learning as well as it is trained
on large volume of textual data. It works by

learning from the textual relationships

between the words. This model was fine tuned
for binary classification. The BERT model
yielded the accuracy of 0.8117, precision of
0.8127, recall of 0.811 and F1 score 0.814. it
was concluded that BERT outperformed all
other traditional classifiers.

Confusion Matrix - BERT
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Figure 16 Confusion Metrics of BERT Classifier
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Figure 17 ROC Curve of BERT Classifier

4.5 Weighted Ensemble Approach

The weighted ensemble approach was used to
the strength/outcomes
models we used in this study. The weighted
ensemble model achieved the performance by

demonstrating the accuracy of 0.8133,
precision of 0.7994, recall of 0.8367 and F1

combine of each

score of 0.8176. The weighted ensemble model
that the the
performance of the overall model can be
enhanced weighted

combined

demonstrates accuracy or

ensemble

the

if we use
approach which
strengths/outcomes of all models.

Confusion Matrix - Weighted Ensemble
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Figure 18 Confusion Metrics of Weighted Ensemble Model
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Figure 19 ROC Curve of Weighted Ensemble Model

Table 1 Comparison of all models in entire Framework

MODEL ACCURACY PRECISION F 1 SCORE RECALL
NAME
SUPPORTS 0.7617 0.7540 0.7652 0.7767
VECTOR
MACHINE
NAIVE 0.7383 0.6819 0.7734 0.8933
BAYES
RANDOM 0.7417 0.7217 0.7528 0.7867
FOREST
BERT 0.8117 0.8127 0.8114 0.8100
WEIGHTED | 0.8133 0.7994 0.8176 0.8367
ENSEMBLE

. Conclusion In this study different machine learning

models are used to detect the stress by
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capturing the contextual relationships writing
the textual data of social media posts to detect
the stress of an individual for an earlier remedy
to avoid further complications in the future.
The study is based on the classical algorithms
and deep learning approaches which were
examined to perform text classification for
detection of stressed posts. The models tested
were Supports Vector Machine(SVM), Naive
Bayes(NB), Random Forest (RF), and BERT
classifier a transformer-based model that
revolutionized the NLP tasks in the field of
NLP. Among all the classical models SVM
showed balanced performance with accuracy,
precision, recall F1 score. But it was seen that
Naive Bayes excelled in recall but did not
perform comparatively well in precision.
Random Forest gave satisfactory results but
showed a little bit weak results in terms of
precision as compared to SVM. In contrast,
BERT outperformed the classical models.
BERT achieved highest accuracy, precision,
recall, and F1 score. Tribute to its ability to
detect the complex relationship among the
contextual textual data and
among the words. Furthermore, a weighted

relationships

ensemble approach is used to combine the
strengths of all the models being used in
research study. This approach enhanced the
results by weighting the contribution of each
model’s strengths compensating individual
model’s weaknesses, this approach resulted
into highest overall accuracy, recall, precision,
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