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ABSTRACT: This study uses machine learning to evaluate demographics, cholesterol, and cardiovascular outcomes. We
investigated cholesterol’s prognostic power in two settings: incident heart disease and death among cardiac patients. Two datasets
were used: UCI Cleveland (n=303; yes/no heart disease) and Faisalabad Institute of Cardiology, Pakistan (n=299; longitudinal
heart failure outcomes). We hypothesized that elevated cholesterol would better detect new heart disease cases than in predicting
mortality among individuals already diagnosed. Logistic regression and multilayer perceptron models were trained; AUC, recall,
accuracy, and precision were used for evaluation. In Cleveland, a cholesterol-only logistic regression predicted heart disease with
53% accuracy; multivariable models adding age, ST-segment depression, and maximum heart rate reached 85% accuracy (AUC
0.91). In Faisalabad, cholesterol predicted death with 78% accuracy; after adding demographics and comorbidities, the multilayer
perceptron achieved 97% accuracy, and logistic regression 82%. Best logistic models indicated diabetics had 2.6x higher death
risk and that mortality increased by ~62% per unit of cholesterol. This comparative study shows that machine learning improves

cardiovascular risk assessment in data-limited settings and that risk variables vary across illness stages.
KEYWORDS: Medical and Health Sciences, Cardiology, Machine Learning, Cholesterol, Risk Stratification.

B Introduction

Nearly 18 million people die annually from cardiovascular
disease (CVD), a significant cause of death worldwide. Thus,
identifying and understanding the primary CVD risk factors
is essential.! Cholesterol is one of numerous biochemical in-
dicators, although its role in CVD is well known. High LDL
cholesterol causes arterial plaques and atherosclerosis. These
factors reduce blood flow and increase the risk of myocardial
infarction and stroke. However, HDL cholesterol removes ex-
cess cholesterol from the circulation, preventing cardiovascular
events.>™

The risk of cardiovascular disease is not limited to high cho-
lesterol. Age, sex, blood pressure, BMI, smoking, diabetes, and
physical exercise interact complexly to produce cardiovascular
disease.”” These effects are worsened by urban stress, inac-
tivity, and poor diet.** Numerous studies have demonstrated
that smoking and diabetes considerably increase cardiovascular
morbidity and mortality.

Physicians now use Al and ML to analyze large datasets,
improving diagnosis and patient outcomes.'” Machine learning
algorithms can handle multiple risk factors at once, detecting
subtle, non-linear relationships that statistical models miss.
In the UCI Cleveland Heart Disease dataset, one of the most
widely used benchmarks, clinical and demographic characteris-
tics predict heart disease well.”»'* ML approaches can increase
cardiovascular risk-assessment accuracy and personalization,
expanding on conventional instruments like the Framingham
Risk Score.” ML-driven models must balance interpretability,
prediction performance, transparency, explainability, and clin-
ical actionability.

This study on cholesterol's predictive role in cardiovascular
events aims to improve risk classification by adding clini-
cal and demographic characteristics.” We wanted to identify
people at risk of heart disease, predict mortality in cardiovas-
cular patients, and compare the predictive power of cholesterol
levels in these two contexts to see if they were enough. We
hypothesized that elevated cholesterol levels would detect in-
cident heart disease better than fatal cases. Our novel strategy
separates variables affecting illness, beginning from mortality
progression, to better understand the intricate web of processes
that lead to cardiovascular risk.

We tested our hypotheses with two datasets. First was the
UCI Cleveland Heart Disease dataset, which included 303
American patients with yes/no heart disease results. The Pa-
kistani Faisalabad Heart Failure dataset includes 299 patients'
longitudinal data, including mortality outcomes. We exam-
ined demographic and endpoint prediction tendencies using
these datasets. With logistic regression and MLP models, sur-
vival and classification results may be assessed. In addition to
cholesterol levels, we examined demographics, vital signs, co-
morbidities, and lifestyle factors for predictive potential.

For illness incidence and death, multivariate models with
age, sex, blood pressure, comorbidities, and other clinical factors
outperformed cholesterol-only models. Contrary to our expec-
tations, cholesterol alone was better at distinguishing patients
with and without a history of mortality than at predicting inci-
dent heart disease. Once the disease has progressed, cholesterol
and other risk factors may be strong prognostic indicators.

This study shows how machine learning may improve tailored
predictions and how crucial multidimensional risk modelling is
for cardiovascular treatment. The work improves our under-
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standing of cardiovascular disease risk factors. It emphasises
the need to include clinical, demographic, and biochemical
data in prediction models by distinguishing disease-causing
variables from death-causing factors. Such methods can in-
form targeted therapies and tailored management regimens
in diverse and resource-constrained healthcare settings. This
study reinforces the therapeutic value of combining classical
markers like cholesterol with cutting-edge computational
methods to improve patient care.

B Methods

We compared the Faisalabad Institute of Cardiology’s Paki-
stani clinical dataset and the University of California, Irvine’s
Cleveland Heart Disease dataset for cardiovascular outcome
prediction. Since both datasets included demographic and
clinical information, machine-learning predictive modeling
was possible. We tested logistic regression and multilayer per-
ceptron (MLP) neural networks to predict heart disease and
death. Comparing linear and nonlinear modeling methods
allowed us to evaluate their ability to capture complex risk-fac-
tor—outcome relationships.

We evaluated all datasets for completeness before modeling.
Preprocessing was relatively straightforward in the UCI Cleve-
land dataset because most variables were complete; however, a
small number of cholesterol entries are recorded as 0, which
may represent missing values in the original source, and is dis-
cussed as a limitation. To ensure predictive analysis validity in
the more complex and heterogeneous Faisalabad dataset, sim-
ilar filters were employed to maintain only complete records.
For machine-learning training, one-hot encoding transformed
categorical data, including sex, chest-pain type, smoking status,
and comorbidities. Standardizing continuous variables—heart
rate, blood pressure, cholesterol, and age—to zero mean and
unit variance enhanced model convergence and interpretabil-
ity.

We evaluated the models using an 80/20 train—test split to
verify that the test set appropriately reflected fresh data. Class
balance was preserved by stratifying this split by outcome to
reduce performance-metric bias. We selected the most in-
formative variables through iterative feature selection using
domain expertise and performance-guided testing. To assess
prediction accuracy, we examined cholesterol-only models
and models that gradually added demographic and clinical
variables—Table 1. Summary of models, input features, and
predicted outcomes for each dataset.

Two main models were created. Logistic regression provided
a linear baseline for coefficient interpretation and revealed pre-
dictor relevance. Multilayer perceptrons—feedforward neural
networks with hidden layers—can express nonlinear interac-
tions and complicated correlations.

We examined how well algorithms predicted outcomes
across the two datasets and how much cholesterol alone
affected mortality and heart-disease risk relative to a multi-
dimensional feature collection. This approach showed how
machine learning can improve cardiovascular risk assessment
by evaluating the utility of additional demographic and clinical
data.

Table 1: Comparison of input variables and performance metrics for logistic
regression (LR) and multilayer perceptron (MLP) models across the Cleveland
and Faisalabad cohorts. Models with more features significantly outperformed
cholesterol-only baselines: in Cleveland, multivariable LR achieved 85%
accuracy (AUC 0.91), and in Faisalabad, the MLP achieved 97 % accuracy for
mortality prediction—showing the power of multidimensional clinical data.

Model Predicted
Outcome
Heart
Disease
Heart
Disease

Dataset Input Features

Logistic Regression UCI Cleveland | Cholesterol (mg/dL)

Logistic Regression UCI Cleveland | Age (years), Sex, Resting Blood
Pressure (mmHg), Cholesterol
(mg/dL), Maximum Heart Rate
(bpm), ECG ST Segment
Depression (mm), Resting ECG,
ECG ST Slope Value, Chest
Pain, Exercise Angina
Cholesterol (mg/dL)

Age (years), Sex, Urban, Marital
Status, Resting Blood Pressure
(mmHg), Cholesterol (mg/dL),
Maximum Heart Rate (bpm),
ECG ST Segment Depression
(mm), Resting ECG, ECG ST
Slope Value, Chest Pain,
Exercise Angina

Age (years), Sex, Urban, Marital
Status, Resting Blood Pressure
(mmHg), Cholesterol (mg/dL),
Maximum Heart Rate (bpm),
ECG ST Segment Depression
(mm), Resting ECG, ECG ST
Slope Value, Chest Pain,
Exercise  Angina, Diabetes,
Smoking,  Allergies, Family
History

Faisalabad
Faisalabad

Logistic Regression
Logistic Regression

Mortality
Mortality

Multilayer Perceptron | Faisalabad

(Hidden Layers: [20, 20])

Mortality

Table 1 summarizes the study’s datasets—UCI Cleveland
and Faisalabad—machine-learning models, input attributes,
and anticipated outcomes. As shown, model complexity and
feature richness affected predictive performance for incident
heart disease in the UCI dataset and mortality in the Fais-
alabad dataset. Initial models with cholesterol as the only
predictor tested cholesterol’s independent effect on risk pre-
diction.

The efficacy of cholesterol as a sole outcome discriminator
was assessed in these preliminary analyses using logistic re-
gression and MLP models.

Age, sex, blood pressure, maximum heart rate, electrocar-
diogram (ECG) readings, chest-pain type, exercise-induced
angina, and comorbidities, including diabetes and smoking
status, were then added to the models. Using this multivariable
strategy to measure each component’s predictive value helped
us build more accurate risk models. To ensure interpretability,
logistic regression coefficients were used to calculate odds ra-
tios (ORs) for each predictor. Using a 2x2 contingency table,
ORs were calculated to investigate the relationship between
cholesterol and heart disease. In our calculation, A and B rep-
resent high-cholesterol groups with and without heart disease,
and C and D represent normal-cholesterol groups with and
without heart disease; the OR was computed as (A x D) / (B x
C). A larger value indicates a higher likelihood of heart disease
associated with elevated cholesterol.

We tested neural-network models with one, two, or three
hidden layers and varying neuron counts. A grid search re-
vealed that a two-hidden-layer network with 20 neurons per
layer and ReLU activation performed best. Classification
networks were trained using the Adam optimizer and binary
cross-entropy loss. Training was discontinued when validation
performance stopped improving to avoid overfitting. Using
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feature selection, model modification, and regularization, we
maximized expected accuracy and model generalizability.

We learned more about the multidimensional characteristics’
additive value and the intricate, likely nonlinear relationships
between clinical variables and cardiovascular outcomes by
comparing linear logistic regression and nonlinear MLPs.

B Results and Discussion

We tested the predictive power of cholesterol and other clin-
ical parameters using logistic regression (LR) and multilayer
perceptron (MLP) models trained on the UCI Cleveland and
Faisalabad datasets. The original baseline model recognized
heart disease in the UCI Cleveland dataset using cholesterol as
a predictor with 53% accuracy. Although cholesterol is a helpful
biomarker, this suggests it is not a strong diagnostic indica-
tor alone. To improve prediction performance, we added age,
maximum heart rate, ST-segment depression, resting blood
pressure, and additional clinical variables. With this larger set,
LR accuracy reached 85%, demonstrating how multidimen-
sional clinical data improve risk assessment. In addition, the
extended LR model obtained an AUC = 0.91, indicating accu-
rate and consistent discrimination across thresholds.

The MLP model, which captures nonlinear variable interac-
tions, achieved 84% accuracy with AUC = 0.88. According to
these findings, adding several relevant features to either a lin-
ear or nonlinear model enhances heart-disease prediction. LR
provides interpretability via odds ratios and coefficients, while
MLPs model complex interactions. Figure 1 illustrates the fre-
quency distributions of key variables in the Cleveland dataset.

Histogram of Maximum Heart Rate Histogram of Resting Bood Pressure Histogram of Cholesterol Levels
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Figure 1: Histograms and density plots show distributions of key numeric
variables in the Cleveland dataset. Because cholesterol(md/dl) alone yielded
only 53% accuracy, these balanced distributions justify including additional
variables such as age(years), ST-depression, and max heart rate, enabling an
AUC of 0.91 with the multivariable LR model.

The cholesterol, resting blood pressure, and maximum heart
rate histograms were approximately normal, while resting blood
pressure showed a slight right skew. Skewed distributions can
change the relative importance of variables in linear models;
therefore, they should be examined carefully during model
building and clinical interpretation. To ensure feature-repre-
sentation uniformity and cross-dataset comparability, Figure
2 shows the Faisalabad dataset distributions. Visualizing these
distributions helps explain population-specific demographic
and clinical factors that affect model generalizability. Overall,
these findings suggest that multidimensional machine-learn-
ing methods are beneficial in clinical practice and that adding
clinical characteristics to cholesterol enhances cardiovascular
risk prediction.

Histogram of Chalesterol Levels

Histogram of Resting Blood Pressure

Figure 2: Visualization of key feature distributions in the Faisalabad
cardiology dataset. Cohort differences visible here correspond to markedly
higher mortality-prediction accuracy (up to 97%) once comorbidities and
demographics are included, underscoring the impact of richer clinical features
on prognostic models.

In the Faisalabad dataset, cholesterol-only models predicted
mortality outcomes with 78% accuracy in cardiovascular dis-
ease patients. Adding demographic and comorbidity-related
factors such as age, diabetes, smoking, and urban dwelling
improved predictive performance. By combining multidi-
mensional clinical data, LR achieved 82% accuracy. The MLP
captured complex nonlinear interactions among variables with
97% accuracy, as seen in Figure 7. These findings show that
machine learning can improve prognostic evaluations beyond
single-variable models and that high-risk populations require
comprehensive feature sets.

Outcome-segregated feature distributions support these
findings. Figures 3 and 4 show that deceased patients were
older and had higher cholesterol, while survivors tended to
have higher maximum heart rates. These trends imply that
cholesterol is a meaningful predictor on its own but becomes
considerably stronger when combined with demographic and
clinical characteristics. These results suggest that neural net-
works and other multidimensional modeling methods can
improve risk classification and personalized treatment regi-
mens by predicting poor cardiovascular outcomes in diverse
patient groups. Importantly, these visual shifts are clinically
plausible and help interpret why certain predictors receive
larger learned weights in the multivariable models.

Max Heart Rate vs Heart Disease Outcome ‘Age us Heart Disease Outcome (Cholesterolvs Heart Disease Outcome
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Figure 3: Boxplots showing how age (years), cholesterol (mg/dl), and max
heart rate (bpm) differ between healthy and diseased patients. Individuals
with disease are generally older, have higher cholesterol, and lower max heart
rate—patterns that allowed LR to improve from 53 % (cholesterol-only) to 85
% accuracy with multiple predictors.

‘Age vs Mortalty Outcome Max Heart Rate vs Mortalty Outcome Cholestero Levels s Mortalty Outcome

Figure 4: Heart-rate(bpm) response, matching the model’s learned co-
efficients. Diabetes increased risk approximately 2.6x, explaining the superior
performance of multifeature MLP models.

58

DOI: 10.36838/IJHSR88.56



ijhighschoolresearch.org

To understand variable relationships, we examined correla-
tions with age (Figures 5 and 6). We evaluated the statistical
significance of individual predictors and model performance
across outcome groups using one-way ANOVA for continuous
variables (cholesterol, age) and chi-square tests for categori-
cal variables (smoking, diabetes). Paired t-tests compared
cholesterol-only and multivariable configurations across five
cross-validation rounds. All tests were two-tailed with a =
0.05. Including demographic and clinical parameters beyond
cholesterol significantly improved prediction performance in

both LR (p = 0.002) and MLP (p < 0.001).

Figure 5: Scatter plots showing relationships of age with resting blood
pressure (mmHg, cholesterol (mg/dl), and max heart rate (bpm). The upward
trend in BP/cholesterol and decline in heart rate with age produced an additive
predictive signal, helping LR reach AUC 0.91 when age was combined with
ECG and exercise-related features.

Figure 6: Analogous age-related trends for the Faisalabad cohort. The
synergy of age with comorbidities such as diabetes and smoking strengthened
mortality prediction, explaining why nonlinear MLPs achieved the highest

prognostic accuracy.

An odds-ratio (OR) analysis assessed these links. Diabet-
ics had 2.61x higher risk of death, and mortality increased
by ~62% per unit of cholesterol. In addition, higher ECG
ST-segment slope values approximately doubled to tripled the
risk of death. In this cohort, top mortality models had preci-
sion and recall above 0.90, supporting reliable identification
of high-risk patients. In clinical practice, risk markers beyond
cholesterol should therefore be considered when making prog-
nostic predictions.

Comparison with prior work: Our Cleveland results are
consistent with previous machine-learning studies that re-
port substantial gains when moving from single-biomarker
baselines to multivariable models on the UCI Cleveland
benchmark."? Likewise, prior survival-prediction work in
cardiology has shown that combining clinical variables can
markedly improve mortality-risk stratification, aligning with
our finding that multidimensional models outperform choles-
terol-only approaches in the Faisalabad cohort. Because our
goal was to compare cholesterol’s role across two clinical con-
texts rather than exhaustively optimize algorithms, we limited
model families to logistic regression and an MLP. Future work
can extend this comparison to additional model classes (e.g.,
random forests, support vector machines, gradient boosting)
using the same train/test protocol for fair benchmarking.

Finally, ROC curves summarize discrimination for both
datasets and models (Figure 7). On Cleveland, LR AUC =
0.91 and MLP AUC = 0.88; on Faisalabad, LR AUC = 0.77
and MLP AUC = 1.00; models were evaluated on held-out
test splits across five runs. Overall, results partly revise our
initial expectation: cholesterol alone was more prognostic for
mortality (Faisalabad) than diagnostic for incident disease
(Cleveland). However, adding broader clinical information
consistently improved performance for both endpoints. LR of-
fers clinician-friendly interpretability via coefficients and ORs,
while MLPs can capture complex, nonlinear relations and
deliver higher accuracy for survival prediction. A dual-model
strategy—transparent LR for screening and higher-capacity
MLPs for prognosis—can balance interpretability and perfor-
mance across clinical contexts.

ROC Curve - Heart Disease Prediction

xxxxxxxxxxxxx

Figure 7: Receiver-Operating-Characteristic (ROC) curves comparing LR
and MLP across both datasets. LR slightly outperformed MLP for incident
disease in Cleveland (AUC 0.91 vs 0.88), whereas MLP dominated for
mortality in Faisalabad (AUC 1.00 vs 0.77). This highlights a dual-model
strategy: interpretable LR for screening and high-capacity MLP for prognosis.

B Conclusion

Logistic regression and MLP models are effective ma-
chine-learning tools for predicting cardiovascular outcomes
using clinical, demographic, and cholesterol data. To compare
the predictive power of multidimensional feature sets with
cholesterol alone, we used the Faisalabad Institute of Car-
diology dataset for mortality and the UCI Cleveland Heart
Disease dataset for incident heart disease. Our data show that
cholesterol alone cannot reliably predict heart disease; in the
Cleveland sample, it achieved a moderate accuracy of 53%. By
adding age, sex, blood pressure, maximum heart rate, ST-seg-
ment depression, comorbidities, and lifestyle factors, logistic
regression reached AUC = 0.91 and 85% accuracy.

In the Faisalabad cohort of previously diagnosed patients,
cholesterol alone predicted mortality with 78% accuracy. Add-
ing demographic and clinical data increased logistic-regression
accuracy to 82% and MLP accuracy to 97%. Diabetes raised
mortality risk 2.61x, while mortality increased by ~62% per unit
of cholesterol; higher ECG ST-segment slope values were also
associated with increased risk. These findings emphasize mul-
tidimensional risk models for cardiovascular disease diagnosis
and prognosis. Logistic regression provides interpretability and
clinical reasoning through odds ratios and coefficients, while
MLP models improve survival-prediction accuracy and capture
nonlinear interactions. This trade-off supports a two-model
approach: transparent LR for initial screening and higher-ca-
pacity MLPs for individualized prognostication.

This study provides cardiovascular risk-stratification
insights despite limitations in dataset size, single-center sam-
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pling, and the absence of lifestyle detail and lipid subtypes.
Future work should incorporate temporal modeling, addition-
al biochemical and lifestyle markers, and multi-site cohorts.
Overall, combining traditional biomarkers like cholesterol
with modern computational methods can enable more accu-
rate, resource-aware care and better patient outcomes.

B Limitations and Future Work

This study provides cardiovascular risk-stratification insights
despite limitations in dataset size, single-center sampling for
the Faisalabad cohort, and the absence of lifestyle detail, lipid
subfractions (e.g., LDL/HDL), and medication information.
Additionally, a small number of cholesterol values recorded as
0 in the Cleveland dataset may reflect the absence in the source
data and could introduce bias in cholesterol-only analyses. To
avoid overgeneralization, the reported performance should be
interpreted as a comparative benchmark within these cohorts
rather than a universally generalizable clinical tool.

Future work should incorporate external validation on in-
dependent cohorts, stronger validation practices (e.g., nested
cross-validation and calibration analysis), and richer biochem-
ical and lifestyle markers. Where available, future analyses
should replace total cholesterol with full lipid panels and eval-
uate sensitivity to handling of zero/placeholder values (e.g.,
treating them as missing and applying imputation or exclu-
sion). Finally, additional model families (e.g., random forests,
SVMs, gradient boosting) can be compared under the same
evaluation protocol to assess whether performance improve-
ments are robust across algorithms.
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