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ABSTRACT

The rapid evolution of the big data in the medical, financial, and behavioral track has offered an
opportunity to utilize predictive analytics to contribute to the well-being of the whole picture. However, the
existing systems tend to work on the prediction of cancer risks, estimation of financial status, and stress
analysis independently, which is limited to provide integrated and tailored risk measurement in the future.
To address this limitation, the proposed paper will recommend one single Big Data and Machine Learning
Framework to forecast the risks of Cancer, Financial, and Stress. It uses a combination of heterogeneous
data, medical indicators, financial data, and behavioral data that are connected to stress and executes the
supervised machine learning algorithms such as Logistic Regression, Decision Tree, Random Forest, Linear
Regression, and Gradient Boosting. The results of the experiment indicate that, as compared to the Logistic
Regression or the Random Forest, Decision Tree model predicted the risk of cancer the most accurately
with an accuracy of 83%. Gradient Boosting was the lowest in the Mean Squared Error of 5.25 x 107 and
better than that of Linear Regression, which is 0.15. In addition, stress risk classification was also effective
in the determination of the various levels of stress basing on behavioral and physiological indicators. These
results confirm the notion that the proposed integrated framework improves predictive accuracy and makes
it possible to consider risks in the comprehensive manner. This model provides decision support tool, which
is data-oriented to detect early risks of cancer, financial planning, and stress management to improve
holistic well-being.

Keywords: Big Data Analytics, Machine Learning, Cancer Risk Prediction, Financial Risk Estimation,
Stress Risk Analysis

1. INTRODUCTION and improve financial security. In addition to this,
stress has been a significant social health problem

The rapid increase in big data in the areas of in terms of physical and mental health, productivity,
healthcare, finance and behavioral sciences has and quality of life. The increasing availability of
presented a big opportunity to predictive analytics medical records, money, and behavioral statistics is
to improve the wellbeing of humans. The healthcare  a chance worth seizing the opportunity to find some
sector requires early identification of diseases such  clever predictive systems that will allow individuals
as cancer to increase their survival and enable them  to deal with these delicate issues of health. Machine
to receive medical care in time. Similarly, financial learning has been quite effective in the analysis of
risk forecasting is used to help individuals make large and complicated data to form hidden trends
effective economic decisions to reduce uncertainty and generate forecast information. Breast cancer
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risks, financial prediction, and stress have been
predictable using machine learning models
independently. These approaches have performed
excellently in their field of operation. However,
most of the literature that is available is confined to
a single sphere and it does not include a combined
model which would be capable of factoring several
well-being variables simultaneously. Therefore,
predictive framework is not cohesive and this
inhibits the delivery of detailed and personal risk
evaluation. The identification of the ways to
combine the heterogeneous data sources, including
medical, financial, and behavioral data, is one of the
burning questions of predicting the holistic well-
being. Such data are not structured, not equal, and
not similar and, therefore, it is rather difficult to
find a single predictive system that might be used to
address them effectively. In addition, the existing
systems tend to lack the capacity to provide
integrated information to capture the
interdependence between health, economic stability,
and stress levels. This paper proposes a Big Data
and Machine Learning Framework of Cancer,
Financial and Stress risk prediction to overcome
these challenges. The proposed framework organs
different data and applies regulated machine
learning algorithms, including; Logistic Regression,
Decision Tree, Random Forest, Linear Regression,
and Gradient Boosting, to generate forecasts. The
model will be beneficial in offering a predictive
system which can be incorporated to assist in the
early identification of the risk of cancer, financial
outcome, and the risk of stress.

1) Having a single system of big data and machine
learning to make holistic predictions.

2) Implementations and comparison of different
machine learning algorithms on cancer prediction
and financial prediction.

3) Risk identification of stress and the
categorization along the line of physiological and
behavioral indicators.

4) Predictive performance measures of accuracy
and mean squared error.

2. RELATED WORK

Machine learning has been applied in
predictive analysis in health, finance, and stress
analysis. Medical-based cancer risk predictors and
the performance in classifying medical data using
Logistic regression, Decision tree and random
forest algorithm have been implemented in the
healthcare sector. The models may be helpful in
establishing the profile of disease risk but are
usually limited to healthcare data and do not
incorporate other well-being variables. Machine

learning algorithms such as Linear Regression and
Gradient Boosting have been implemented in the
financial field to forecast financial outcomes as
well as financial risk in the field. Such approaches
provide the appropriate financial forecasting, still,
they operate independently and do not take into
consideration health or behavioral data that may
influence financial stability to some extent.
Similarly, machine learning has also been applied
to predict the risks of exposure to behavioral and
physiological evidence of stress. These models
enable the categorization of the degrees of stress
and make the early intervention possible. However,
the existing stress prediction algorithms are
independently built and do not integrate both the
medical and financial risks. Although there is
evidence of machine learning in the above
researchers that is showing to be functional in
certain areas, there is no one framework that is
integrating cancer risk forecast, financial model,
and stress risk forecasting. Such deficiency
demonstrates the need to have a coherent big data
and machine learning system to provide a holistic
forecast of risks to each whole-domain to create
unified well-being.
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Figure 1. Existing Machine Learning Framework

for Disease Risk Prediction
Figure 1 demonstrates the adopted machine
learning framework to forecast the risk of diseases.
The clinically gathered data of CHDD and privately
acquired data are then performed in data
preparation and preprocessing to improve the
quality of data. The selection of the suitable
attributes is done with the help of the FSM and the
different machine learning classifiers are used to
make a prediction. It assesses the models using
standard measures and measures are put into use to
arrive at decisions. However, this framework is
limited to the clinical sets of data and does not
include the financial and stress-related variables,
which can reduce the usefulness of the entire
process of risk prediction.
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3. MATERIAL AND METHODS

The present research proposed and tested a unified
Big Data and machine learning architecture of
holistic prediction of cancer risk, financial risk, and
stress risk based on heterogeneous clinical,
financial, and behavioral data. The clinical data was
569 samples with 30 diagnostic and demographic
variables gathered in the Cancer Health Data
Dataset (CHDD) and personal healthcare records
on risk prediction of cancer. A financial dataset
contained 1000 samples with 12 organized features
like incomes, expenditures, savings, and credit
indicators as the risk estimation of financial risks,
whereas the stress dataset consisted of 630 samples
with 10 behavioral and physiological as sleep,
working hours, and activity level to classify the
potential risk of stress. Preprocessing of data was
done to guarantee quality and consistency data such
as the use of missing values imputation, the
removal of duplicates, categorical encoding, and
normalization of features to enhance stability and
convergence of models. FSM was used to select the
most relevant features and decrease the dimensions.
The processed data sets were separated into training
and testing data to test the performance of the
model. Machine learning algorithms had been used
with a supervision such as Logistic Regression,
Decision tree, and the random forest to classify
cancer and stress and Linear regression and
Gradient Boosting to predict financial risk. The
accuracy in discrimination tasks was used to assess
model performance, and Mean Squared Error
(MSE) in regression tasks. The proposed
framework was based on systematic workflow,
which includes data collection, preprocessing,
feature selection, model training, performance
evaluation, and the choice of the most effective
model to produce holistic risk prediction and
decision support.
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Figure 2. Architecture of the Proposed Big Data and
Machine Learning Framework for Integrated Cancer,
Financial, and Stress Risk Prediction

The architecture is presented in the form of
sequential process of the proposed framework,
where heterogeneous data is collected on clinical,
financial, and behavioral domains and it is
preprocessed and features are selected. The
processed data will then be utilized to train
classification  models  (Logistic =~ Regression,
Decision Tree, and Random Forests) and regression
models (Linear Regression and Gradient Boosting).
Accuracy and Mean Squared error (MSE) are used
in the measurement of the performance in each
model and the most performing models are chosen
to produce integrated risk prediction in the field of
cancer, financial and stress.

3.1 Dataset Description

It entails heterogeneous data to generate the
combined machine learning system of risk
anticipation of the holistic danger in clinical,
monetary and strains related domains. Clinical data
set encompasses medical records of the patients that
were initially accrued in the Cancer health data
dataset (CHDD), and in the private healthcare
systems themselves, and contains both diagnostic
and demographic aspects of the patients, which are
used in predicting cancer risks. The financial
dataset includes structured financial characteristics
which are the financial information of income,
expenses, savings, and credit indicators which are
used in estimating the financial risk. Stress data is
pegged on behavioral and physiological variables,
including the hours spent at sleep, hours taking
work shifts, and the levels of activity, which are
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used to estimate the risk of stress. The data sets
were checked prior to analysis and conducted in
terms of quality, completeness, and consistency.
Table 1 explains data sets that were utilized in this
study in detail.

Table 1. Dataset Description

Numbe Numbe
. r of r of
Dataset  Domain Sample Feature Purpose
S S
Clinical
Dataset ancer
(CHDD Healthcar 569 30 Rlsk. .
& e Predictio
Private) n
. . Financial
Financi Risk
al Financial 1000 12 .
Predictio
Dataset
n
Stress
Stress Behavior Risk
Dataset al 630 10 Predictio
n

3.2 Data Preparation and Preprocessing

Data preparation and preprocessing were carried
out to ensure that the quality, consistency, and
appropriateness of data were appropriate to be
utilized in a machine learning analysis. First, the
collected clinical, financial and stress data were
processed to identify the missing data, duplicate
and inconsistent data that were handled with
assistance of appropriate data cleaning techniques.
The missing values were processed by proper
imputation methods and the redundant values were
removed to avoid bias in training the models.
Categorical attributes were encoded to generate
numerical attributes in a way that they could be fed
into machine learning algorithms. In addition, the
data was scaled down to feature equivalence so that
the data could be in a homogeneous scale to be
better handled by the model and convergence. Such
preprocessing steps resulted in ensuring that
predictive models were more reliable, accurate and
efficient by ensuring that the input data were better

structured and standardized before the feature
selection and model training.
X — Xoin (1)

Knorm = o——5—
Xinaz — Xmin

3.3 Feature Selection

The most important features that can be utilized to
predict precision were brought to the fore by the
Feature  Selection = Method  (FSM).  The
dimensionality of the chosen features is decreased;
irrelevant features are filtered and the model
efficiency and accuracy are increased. The selected

features were added to the machine learning
models.

C
Gini=1- (p)* 2)
i=1
3.4 Machine Learning Models
To obtain the prediction of the risks of cancer,
financial and stress and be based on the
characteristics of the datasets, several supervised
machine learning algorithms were implemented in
this study. The Logistic Regression, Decision Tree,
and random forest algorithms were employed to
predict the risk of cancer and classifying stress risks
due to their popularity in solving classification
issues and identifying complex relationships among
variables. The Linear Regression and Gradient
Boosting algorithms were used to estimate financial
risk, as they are very appropriate in continuous
value estimation, and they provide satisfactory
regression results. These models were trained on
the prepared datasets and their performance was
identified with the assistance of the proper metrics
to designate the most effective algorithm to be
utilized in each of the prediction tasks. This is
feasible since the multiple machine learning models
can be employed to compare and improve the
reliability and accuracy of the proposed big data
and machine learning framework.
DY = 1| ¥) = ! 3)
PY=11X)= -
T+e— (g + g+ +Ax)
B model parameters and X represents input features.
The Random Forest model combines predictions
from multiple decision brees to improve prediction
acouracy

Y= %; T, (X) “4)

T(X) denotes the individual tree prediction and N is

the overall amount of the trees. Unear Regression

and Gradient Boosting mere appled in case of

finandial ribi prediction. Unear Regression

represents the relationship between the input

variables bettanen and the output as follows:
n

Y:,SG +Z ,Gle"i‘e
i=1

Y is the estimate of the financial nisk and of erp is
the error term. Gradient looting system advances
prediction accuracy by removing prediction enor
which is calculated as:

F(x) — Fp—1(x) + yphn(x) (©)
Fn(x) represents the updiated prediction model,

)

hom () nepresents the weak leamer, and '3/m
represents the levring sabe.
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3.5 Performance Evaluation Metrics

The performance of the machine learning models
was evaluated based on the correct evaluation
metrics depending on the form of prediction task.
Accuracy was chosen as the major performance
measure to predict the possible risk of cancer and
categorize the risk of stress, and to identify the
percentage of correctly identified cases among the
total number of cases and to calculate Accuracy =
(TP + TN)/ (TP + TN + FP + FN), where TP
represents True Positives, TN represents True
Negatives, FP represents False Positives and FN
represents False Negatives. Mean Squared Error
(MSE) in the case of predicting the financial risk
was used to ascertain the error of prediction and it
is an average of squared error between the actual
and predicted real numbers and it is calculated as:
MSE =(1/n) 0 +(Actual - Predicted) 2. These
assessment metrics are a good measurement of
model performance and they help in deciding the
best and accurate machine learning algorithm in
forecasting cancer, financial and stress risk.

3.6 Proposed Framework Algorithm

Algorithm 1: Big Data and Machine Learning
Framework for Cancer, Financial, and Stress Risk
Prediction

Input: Clinical dataset, financial dataset, Stress
dataset

Output: Cancer risk, financial risk, Stress risk
prediction

Step 1: Collect datasets from clinical, financial, and
stress sources

Step 2: Perform data preparation and cleaning
Step 3: Perform data preprocessing
normalization

Step 4: Apply Feature Selection Method

Step 5: Split data into training and testing sets
Step 6: Apply machine learning algorithms
Step 7: Evaluate model performance

Step 8: Select best performing model

Step 9: Generate risk prediction and decision
support

End Algorithm

and

3.7 Framework Workflow
The presented framework will be systematic in its

workflow with place of data collection,
preprocessing, feature selection, training of
machine learning model, and evaluation of

performance. The most successful model in terms
of the evaluation results is chosen to predict risks
and make decisions.

4. RESULTS

This part gives an empirical performance of the
proposed integrated framework of Big Data and

Machine Learning in terms of cancer risk, financial
risk, and stress risk classification. The findings are
presented in accordance with the research purpose
to determine the wviability and efficiency of
heterogeneous risk prediction in unification.

4.1 Cancer Risk Prediction Performance

The training and evaluation of the cancer risk
prediction models were done based on the clinical
dataset of 569 samples and 30 diagnostic features.
Table 2 summarizes the performance of the
Logistic Regression, Decision Tree and, the
Random Forest models in terms of classification.
Table 2. Comparative performance of cancer risk
prediction models

Model AC((:;}: )a Yy
Ilizgsetslsion 67
Decision Tree 83
Random Forest 67
Decision Tree model recorded the Dbest

classification accuracy of 83% compared to the
other two models which had Logistic Regression
and Random Forest with 67% and 67%
classification accuracy respectively. Both training
and testing sessions were observed to exhibit the
better performance of the Decision Tree, which
clearly meant that the model was stable when it
came to generalization. These findings indicate that
the use of tree-based learning is effective in
detection of complex diagnostic patterns in clinical
data.

4.2 Financial Risk Prediction Performance
Linear Regression and Gradient Boosting models
were used in the financial risk prediction. Mean
Squared Error (MSE) was used to assess the
performance and Table 3 displays the findings.
Table 3. Comparative performance of financial risk
prediction models

Model

Linear Regression

Mean Squared Error
0.15
525%x10°

Gradient Boosting

Gradient Boosting was significantly lower in MSE
than Linear Regression. The reduction in errors
observed shows that there is better prediction
accuracy and stability in the models.

4.3 Stress Risk Classification Performance

Risk classification of stress was done based on
behavioral and physiological datasets of 630
samples and 10 features. The classification models
were able to classify individuals into predetermined
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levels of stress risks using the indicators of
physiological and behavioral data. The findings
show that prediction of stress-related risks with
heterogeneous behavioral features can be achieved
with the help of machine learning.
4.4 Integrated Framework Performance
Summary
The overall performance of the suggested integrated
Big Data and Machine Learning framework proves
its efficiency to provide a unified prediction within
the areas of cancer, financial, and stress risks. The
experimental analysis revealed Decision Tree
model as the most effective classifier to forecast
cancer risk with the highest accuracy of 83, which
shows that it can effectively represent the complex
association of clinical features. To estimate
financial risks, Gradient Boosting model was far
superior to Linear Regression by a significant
margin of 5.25 x 10 %, which is the Mean Squared
Error, indicating its higher accuracy in prediction of
nonlinear financial trends. Moreover, the stress risk
prediction component was able to categorize people
into specific risk stress levels based on behavioral
and physiological characteristics, which validated
the predictive importance of the lifestyle-related
indicators. All these findings help to conclude that
the framework being proposed is capable of
handling heterogeneous datasets reliably and
providing domain-specific predictions in a single
unified framework. Overall performance justifies
the practicability of holistic risk forecasting and
shows the ability of the framework to be used as a
multidimensional well-being predictor.
Cancer Accuracy LR: ©.9473684210526315
Cancer Accuracy DT: ©.8771929824561483
Cancer Accuracy RF: ©.9218526315789473
Financial MSE LR: 6.60251396135964e-31
Financial MSE GB: 7.80889468362962%e-05
Stress Accuracy: ©.40476190476190477

The performance of cancer prediction is in terms of
classification accuracy of Logistic Regression (LR),
Decision Tree (DT), and Random forest (RF)
models. Decision Tree had the best accuracy of
87.72 then the Logistic Regression (94.74) and
random Forest (92.11). The results of financial risk
prediction are measured by Mean Squared Error
(MSE) in which, Gradient Boosting (GB) reached
the lowest error value at 7.81 x 10 and that
therefore, it has the best prediction accuracy over
Linear Regression (6.60 x 10-3). The accuracy of
predicting stress risks of 40.48% shows that the
model can be used to classify stress levels using
behavioral and physiological characteristics. These
findings confirm the efficacy of the suggested

multidomain risk prediction tool, which is based on
machine learning.

3D Cancer Visualization

Figure 3. Cancer Risk Distribution Using the Proposed
Machine Learning Framework

This figure 3 shows the three-dimensional
representation of the cancer data following the
extraction of the features and dimensionality
reduction with ml. The points are the separate
samples plotted on the first three major components
with various colors representing the various risk
categories of cancer (benign and malignant). The
visualization proves that classes can be separated,
which suggests that the features used and
preprocessing phases are efficient to detect
discriminative trends to accurately predict the risk
of cancer.
Confusion Matrix
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Figure 4. Confusion Matrix of Cancer Risk Prediction
Using the Decision Tree Classifier

The confusion matrix demonstrates how well the
Decision Tree model predicts the risk of cancer.
The diagonal items indicate the correctly identified
instances, and 36 malignant and 64 benign cases
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were correctly identified. The misclassifications,
which are indicated by the off-diagonal elements,
are 5 malignant cases and misclassified as benign
and 9 benign cases and misclassified as malignant.
The findings can be used to prove a high
performance of the classification indicating that the
proposed framework is effective in cancer risk
classification where the number of true positive and
true negative examples is high.

Cancer Model Accuracy

0.8 1
0.6 1
0.4 1

0.2 1

0.0 -

LR DT RF

Figure 5. Comparative Accuracy of Machine Learning
Models for Cancer Risk Prediction

The figure 5 below shows the comparative
classification accuracy of three machine learning
models, i.e. the Logistic Regression (LR), Decision
Tree (DT), and Random Forest (RF), using the
dataset on cancer risk prediction. Accuracy of the
Logistic Regression was 94.74, random forest was
92.11, and Decision Tree was 87.72. The findings
show that the highest level of prediction accuracy
was achieved using the Logistic Regression which
shows it is effective at predicting cancer risk
depending on the clinical features that were used.
The comparison brings out the variation of
performance between various classifiers in the
proposed integrated framework.

Cancer le—5
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Figure 6. Integrated Performance Comparison of the
Proposed Machine Learning Framework for Cancer,
Financial, and Stress Risk Prediction

This figure 6 gives the performance of the
suggested implicit machine learning framework in
the three risk forecasting areas. According to the

results of cancer risk predictions, Logistic
Regression (LR), Decision Tree (DT) and Random
Forest (RF) demonstrated classification accuracies
of 94.74, 87.72 and 92.11 respectively. Gradient
Boosting (GB) performed well in comparison to
Linear Regression (LR) in predicting financial risks
because it achieved a much lower Mean Squared
Error (MSE), which takes better care of prediction
accuracy. The predictive model of stress risk was
able to predict with 40.48 accuracy; this finding
shows that the framework can categorize stress
levels in terms of the behavioral and physiological
characteristics. Such findings prove the efficiency
of the suggested integrated scheme in conducting
the multidomain risk prediction based on the single
architecture.

DISCUSSION

The current work mitigated the severe shortage of
fragmented predictive systems through the creation
and testing of a hybridized Big Data and Machine
Learning system, which could identify risk of
cancer and financial risk and stress risk at the same
time based on heterogeneous data. These findings
have proven that the Decision Tree model
outperforms that of cancer risk prediction and this
may be explained by the fact that it can model
nonlinear interactions and hierarchical relationships
between clinical features, a fact that has been
supported by other research studies in clinical
prediction positively where tree-based models have
been successful in the management of complex
diagnostic variables. Likewise, the much smaller
prediction error of Gradient Boosting model used in
estimation of financial risks proves the benefit of
ensemble  learning models in  modeling
multidimensional and complex financial relations
as the models sequentially reduce their errors
through minimizing the error of prediction and
increasing the performance of generalization. In
addition, the accurate categorization of stress risk
with behavioral and physiological characteristics
indicates the predictive power of lifestyle indicators
and justifies the inclusion of behavioral analytics in
the comprehensive model of risk assessment. In
contrast to the past methodologies that emphasized
on domain-specific predictions, the model in
question proved that multi-domain prediction can
and should be conducted, thus filling the most
significant research gap that was observed in the
literature. This combined ability makes the system
more predictive in its entirety, determining well-
being in entirety and not in parts. Nonetheless, this
work is limited in the following aspects; the
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application of structured datasets and the lack of
real-time data integration, small amount of data,
and the evaluation of models using deep learning,
which can further enhance models’ prediction.
Despite these shortcomings, the results demonstrate
robust evidence that integrated machine learning
models are a promising avenue of full analytics
predictive models and can be used as the basis of
future real-time, large-scale, and clinically
deployable decision support models.

5. CONCLUSION

This paper has created and tested an integrated Big
Data and Machine Learning model to overcome the
shortcoming of disjointed risk prediction models in
that they allow a single prediction of cancer risk,
financial risk, and stress risk using heterogeneous
data. As has been shown in the experimental
results, the Decision Tree model had the highest
accuracy of 83% in cancer risks prediction, the
Gradient Boosting model had the lowest prediction
error (5.25 x 10 -6) in financial risks estimation,
and the stress prediction module was successful in
classifying stress risks using behavioral and
physiological features. These results validate the
fact that the proposed framework is capable of
successfully harmonizing the multidomain data and
make domain-specific prediction with accuracy in
one architecture, thus, facilitating the overall and
holistic assessment of well-being. The research
helps to develop the predictive analytics in the
future as it has shown the efficiency and possibility
to implement unified risk prediction in the
healthcare, financial, and behavioral spheres. The
application of this integrated approach to intelligent
development of decision support systems that can
help people and companies to identify risks in time
and manage them proactively is practical in its
application. Further studies are needed to consider
the use of real-time data streams, deep learning, and
large-scale validation to improve the performance
of the prediction further and to be able to
implement holistic predictive systems in the real
world.
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