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Abstract

Heart disease (HD) remains the leading cause of mortality worldwide, accounting for an
estimated 17.9 million deaths annually and approximately 31% of all global deaths. Early
and accurate diagnosis is critical, yet particularly challenging in low- and middle-income
countries (LMICs), where shortages of medical equipment, specialist clinicians, and
healthcare infrastructure severely limit diagnostic capacity. Machine learning (ML) classi-
fication algorithms have emerged as promising tools to support HD prediction; however,

their performance under resource-constrained conditions remains underexplored.

This study evaluates four supervised ML classification algorithms: Naive Bayes (NB), K-
Nearest Neighbour (KNN), Decision Trees (DT), and Random Forest (RF); applied to a
Kaggle heart disease dataset comprising 1,000 patient records and 16 attributes, assessed
across a full (15-feature) and a simplified (10-feature) dataset using accuracy, precision,

recall, specificity, and F1-score with 5-fold stratified cross-validation (CV).

RF produced the most credible full-dataset results (accuracy: 99.0%, F1: 98.7%). On the
simplified dataset, accuracy declined by an average of 9.25%, yet RF retained perfect re-
call (100%) and DT achieved the highest F1-score of 85.23%, supporting the feasibility of

ML-assisted screening in resource-limited environments.



1. Introduction

HD remains the primary cause of death worldwide, with an estimated 17.9 million deaths
annually (Shah et al., 2020), representing around 31% of all global deaths (Vincent Paul et
al., 2022). Timely diagnosis is therefore critical to avoid life-endangering cardiac events
and to initiate appropriate therapeutic interventions at an early stage (Khan et al., 2019).
Clinically, HD encompasses a range of conditions, including cardiomyopathy and coronary
HD, which together impose a substantial burden on individuals and healthcare systems

(Soni et al., 2011).

This burden is particularly pronounced in emerging LMICs, where a vast number of cardi-
ovascular deaths occur (Shah et al., 2020; Vincent Paul et al., 2022). In these settings, pre-
cision in prediction is vital to effectively treat heart patients despite limited financial, tech-
nological, and human resources (Folorunso et al., 2022). The burden of valvular heart dis-
ease (VHD) is especially significant in the Indian subcontinent and Africa, where social
and systemic issues further complicate diagnosis and long-term management (Santangelo

etal., 2023).

To address these challenges, this paper evaluates four ML classification algorithms using
two criteria: ease of use (Criteria A) and good predictive performance as reported in the lit-
erature (Criteria B). The analysis is based on a Kaggle HD dataset containing 1,000 records
and 15 attributes, divided into a full dataset retaining all input variables and a simplified
dataset restricted to features measurable without professional equipment. The objective is
to investigate whether ML models trained on simplified data can still deliver sufficiently

accurate predictions to support risk stratification in resource-limited environments.
2. Literature Review
2.1. Machine learning for heart disease prediction

HD prediction research in ML commonly relies on structured clinical datasets originating
from publicly accessible repositories. One of the most widely used datasets is the Cleve-
land HD dataset from the UCI Machine Learning Repository, which contains 303 patient
records and focuses on 14 clinically relevant attributes derived from an original set of 76
variables. These attributes include demographic and clinical indicators such as age, blood
pressure, cholesterol levels, and electrocardiographic results (Mohan et al., 2019; Tr et al.,
2022). Similar dataset configurations are used across multiple studies, demonstrating the

importance of standardized benchmark data for comparative evaluation. In addition to the



Cleveland dataset, Vincent Paul et al. (2022) also used other databases such as the Hungar-
ian, Switzerland, Long Beach, and VA HD datasets to expand training data and improve
model generalisation. Some studies also employ Kaggle-hosted versions of HD datasets
that replicate the Cleveland structure with the same 303 instances and 14 variables, ena-

bling consistent experimentation across different ML models (Folorunso et al., 2022).

Numerous studies have applied supervised ML algorithms to these datasets in order to pre-
dict HD presence. Common algorithms include NB, DT, KNN, RF and Support Vector
Machines (SVM). Comparative experiments have demonstrated that model performance

can vary depending on algorithm configuration and preprocessing techniques.

Empirical findings across studies suggest that certain algorithms consistently perform well
on HD datasets. KNN has frequently achieved strong accuracy results, particularly when
the number of neighbours is optimised (Tr et al., 2022; Khan et al., 2019). Ensemble ap-
proaches such as Extra Trees and RF also demonstrate strong predictive performance due
to their ability to aggregate multiple decision trees and reduce variance (Folorunso ef al.,
2022; Tr et al., 2022). Neural network (NN) models combined with feature selection meth-
ods have achieved very high accuracy levels, sometimes exceeding 97%, indicating the

benefit of dimensionality reduction before model training (Vincent Paul et al., 2022).

Analysis of the broader literature reveals several insights into algorithm behaviour and
modelling challenges in HD prediction. High-dimensional clinical data can lead to the
“curse of dimensionality,” making models more difficult to train effectively (Tr et al.,
2022). Small dataset sizes also increase the risk of overfitting when models are trained on
limited samples without sufficient validation (Khan et al., 2019). Recent research therefore
emphasises explainable ML approaches to identify the most influential clinical attributes
while maintaining generalisation capability across different HD datasets (Folorunso ef al.,

2022).
2.2. Heart disease prediction in developing countries

Health systems in developing countries experience major technological and informational
limitations that restrict the adoption of digital healthcare solutions. A key challenge is the
lack of interoperability between electronic health record systems, which often rely on
centralized databases that are vulnerable to link failures and limited fault tolerance (Rinty
et al., 2022). These issues are further intensified by unstable internet connectivity,

unreliable electricity supply, and insufficient investment in information and



communication technologies (Rinty et al., 2022). Across numerous LMICs, healthcare
professionals are confronted with challenges related to resource shortages, which extend to
human capacity. Concurrently, these professionals encounter substantial workloads and
protracted patient queues, a phenomenon that is particularly evident in select sub-Saharan
African countries. The dearth of cardiac surgeons, with a reported ratio of only one per ten
million inhabitants, engenders substantial barriers to the timely detection and management

of cardiovascular diseases. (Santangelo et al., 2023; Vincent Paul et al., 2022)

Within such constrained environments, ML approaches for HD prediction have been
proposed as supportive tools for clinical decision making, particularly where diagnostic
expertise and advanced medical equipment are limited (Folorunso et al., 2022). Studies
conducted in LMICs, especially in India, evaluate supervised ML algorithms to improve

diagnostic accuracy and support early identification of HD risk (Shah et al., 2020).

However, the development of reliable ML-based HD prediction models in LMICs is
further constrained by data-related challenges (Shah et al., 2020). Clinical datasets often
contain missing values, noise, and inconsistencies that require extensive preprocessing
before modelling can be performed (Shah ez al., 2020). Many models demonstrate strong
performance primarily on small datasets, indicating limitations in available training data
and potential risks of overfitting (Tr et al., 2022). Limited access to diagnostic
technologies also results in underreporting of cardiovascular diseases and sparse

population-level data in several regions (Tsao et al., 2023).
2.3.  Synthesis

Numerous studies identify several easily measurable attributes that are strongly associated
with HD, including behavioural, physiological, biological, demographic measures (Vincent
Paul et al., 2022; Tsao et al., 2023). These attributes function as predisposing factors that
contribute to HD development and are frequently used in ML models to identify
correlations between risk indicators and disease occurrence (Shah et al., 2020). As
demonstrated in the study by Mohan et al. (2019), clinical observations indicate that the

probability of the occurrence of HD is reduced in females in comparison with males.

In developing countries, where diagnostic resources and specialised medical infrastructure
are limited, the strong association between easily measurable attributes and HD risk
supports simplified predictive approaches. Feature selection techniques demonstrate that

reduced datasets containing key attributes can still provide meaningful predictive insights,



motivating comparisons between full clinical datasets and reduced datasets to evaluate

model robustness and support more efficient allocation of healthcare resources (Vincent

Paul et al., 2022).
3. Methodology
3.1. Dataset and Data Preparation

The dataset used is the "Heart Disease prediction" dataset by Rashad Mammadov from the
Kaggle repository, containing 1,000 patient records and 16 attributes (see Appendix, Da-
taset). Among these, 15 attributes serve as input features (X) and one attribute represents
the target variable (Y), indicating presence or absence of HD. The dataset contains no
missing values; therefore, no imputation was required. An 8020 train-test split was

applied, with 5-fold stratified CV during training.

Categorical and ordinal variables were encoded prior to model development: binary
attributes via label encoding (0/1), ordinal variables via ordinal encoding to preserve
category order, and categorical variables without ordinal structure via one-hot encoding.
Numerical features were standardised to ensure equal contribution during model training.

(see Appendix, Python Code - Section 2)
3.2. Classification Algorithms

Four supervised ML classifiers were selected based on ease of use and documented predic-
tive performance. NB was chosen as a probabilistic baseline due to its minimal complexity
and consistent inclusion across the literature as a benchmark model (Folorunso et al., 2022;
Khan et al., 2019). KNN was selected for its well-documented performance on HD da-
tasets, with fine-tuning focused on the number of neighbours, distance metric, and
weighting scheme (Tr et al., 2022; Khan et al., 2019). DT was included for interpretability,
with key parameters being maximum depth and minimum sample thresholds to manage
overfitting. RF was selected as the most performance-driven algorithm, with tuning centred
on the number of estimators, tree depth, and feature selection per split (Folorunso et al.,
2022; Tr et al., 2022). All hyperparameters were set to conservative values to prioritise
generalisability given the dataset size of 1,000 records. (see Appendix, Python Code - Sec-
tion 3)



3.3.  Full vs. Simplified Dataset

To investigate ML performance under resource-constrained conditions, the dataset was di-
vided into a full and a simplified version. The full dataset retains all 15 input features. The
simplified dataset excludes five attributes requiring professional equipment or clinical ex-
pertise: Cholesterol and Blood Sugar (laboratory blood analysis), Diabetes (formal clinical
diagnosis), Exercise-Induced Angina (supervised stress testing), and Chest Pain Type (cli-
nician classification). The remaining ten features: Age, Gender, Blood Pressure, Heart
Rate, Smoking, Alcohol Intake, Exercise Hours, Family History, Obesity, and Stress
Level; are retained, as these can be measured or self-reported without specialist interven-
tion, making them realistically accessible in LMIC settings. (see Appendix, Python Code -
Section 2)

Both datasets are evaluated using the same four classification algorithms under identical
conditions. The results of both datasets are then compared directly to evaluate the trade-off
between data availability and predictive performance, and to assess whether a simplified
feature set can still support meaningful HD risk stratification in resource-limited environ-

ments.
3.4. Evaluation Metrics

Evaluation of ML models for HD prediction relies on standard classification metrics de-
rived from confusion matrices, including accuracy, precision, recall, specificity, and F1-
score, with CV techniques applied to ensure reliable model validation and reduce sampling
bias (Folorunso et al., 2022; Tr et al., 2022). In the clinical context of HD prediction, recall
is arguably the most critical metric: a false negative, failing to identify a patient with HD,
carries significantly greater risk than a false positive. Precision measures the proportion of
positive predictions that are genuinely positive, with low precision generating unnecessary
follow-up strain on limited LMIC resources. Specificity complements recall by measuring
correct identification of non-HD cases. CV accuracy is reported as mean =+ standard devia-
tion across five folds to assess generalisation stability. The F1-score provides a single bal-
anced measure of precision and recall, particularly informative in medical diagnosis where

both error types carry meaningful consequences (Folorunso et al., 2022).



4. Results
4.1. Full Dataset

Across the full 15-feature dataset, all four classifiers delivered strong predictive perfor-
mance, though with notable differences in reliability. DT achieved perfect scores across
every metric, however its CV accuracy of 0.9988 + 0.0025 indicates that this result reflects
near-perfect memorisation of the training data rather than genuine generalisation. Notably,
RF shares this identical CV accuracy and standard deviation yet produces more credible
results precisely because its test accuracy of 0.990 falls marginally below perfect. This
suggests RF generalises where DT merely memorises. RF's precision and specificity of
1.000, recall of 0.9744, and F1-score of 0.9870 further confirm it as the most reliable clas-
sifier on the full dataset. NB performed competitively given its simplicity, achieving 0.91
accuracy, a precision of 0.9545, and an F1-score of 0.8750, with a CV accuracy of 0.9075
+ 0.0083 indicating reliable generalisation. KNN was the weakest performer on the full da-
taset, with 0.875 accuracy and an F1-score of 0.8344, alongside the highest CV standard
deviation of £0.0199 among all full-dataset models, reflecting greater sensitivity to feature

scale and local data distribution despite standardisation. (see Appendix, Evaluation Table)
4.2. Simplified Dataset

Removing the five clinically restricted features produced a consistent and measurable de-
cline in performance across all models. RF retained the strongest overall results, achieving
88.0% accuracy and a perfect recall of 1.000, meaning it correctly identified every actual
HD case in the test set, though at the cost of 24 false positives, as reflected in its reduced
precision of 0.7647 and specificity of 0.8033. DT performed well on the simplified data,
recording the highest F1-score among all simplified models at 0.8523, with a recall of
0.9615 and accuracy of 0.87, suggesting its tree-based logic adapts effectively to a reduced
feature space. NB maintained reasonable performance at 0.835 accuracy with a recall of
0.8462, while KNN declined most substantially to 0.82 accuracy and an F1-score of
0.7632, indicating greater dependency on the removed clinical features. (see Appendix,

Evaluation Table)
4.3.  Full vs. Simplified Dataset: Comparative Evaluation

Comparing both datasets directly, the average accuracy reduction across all four models

was approximately 9.25 percentage points. The most significant degradation was observed



in precision and specificity, reflecting an increased rate of false positives under the simpli-
fied feature set. Recall, by contrast, remained relatively robust, particularly for RF and DT,
suggesting that the retained features carry sufficient predictive signal to identify positive
HD cases even without laboratory or clinician-dependent inputs. CV accuracy on the sim-
plified dataset ranged from 0.7488 (KNN) to 0.8575 (RF). The higher standard deviations
observed for NB (+0.0272) and KNN (£0.0228), compared to RF (£0.0183) and DT
(£0.0100), further indicate reduced model stability under the restricted feature set. This is
consistent with the findings of Tr et al. (2022) regarding overfitting risks on reduced train-

ing data. (see Appendix, Evaluation Table)
4.4. Discussion

These findings carry direct implications for HD risk stratification in resource-constrained
environments. In LMICs, where laboratory diagnostics, stress testing, and specialist assess-
ment are frequently inaccessible, a simplified model achieving 88% accuracy with perfect
recall represents a practically viable screening tool. The clinical priority in such settings is
minimising false negatives, failing to identify a patient with HD carries far greater risk
than a false positive triggering a follow-up referral. RF's perfect recall on the simplified da-
taset therefore makes it the most suitable algorithm for deployment in low-resource con-
texts, despite its reduced precision. This supports the broader argument advanced by Folo-
runso et al. (2022) and Shah et al. (2020) that ML-based HD prediction can remain clini-
cally meaningful even when constrained to self-reportable or easily measurable variables,
provided algorithm selection is guided by the specific diagnostic priorities of the deploy-

ment environment.
5. Conclusion

This study evaluated four ML classification algorithms across a full and a simplified clini-
cal dataset to assess whether HD prediction remains viable when restricted to easily obtain-
able features. Results demonstrate that all four models delivered strong performance on the
full dataset, with RF emerging as the most reliable classifier. On the simplified dataset,
performance declined by an average of 9.25 percentage points in accuracy, yet RF main-
tained perfect recall, and DT achieved the highest F1-score of 0.8523, indicating that

meaningful risk stratification remains achievable without specialist-dependent variables.

Several limitations must be acknowledged. The dataset of 1,000 records is relatively small,

increasing the risk of overfitting, as evidenced by DT's perfect full dataset scores. The



Kaggle dataset originates from a single source and may not reflect the clinical diversity of
LMIC populations, limiting external validity. Furthermore, the feature set was simplified
on the basis of assumptions regarding equipment accessibility, the variability of which may
be significant across different low-resource settings. In addition, the incorporation of self-
reported features (e.g. stress levels, smoking status, alcohol intake) introduces measure-

ment error that is not addressed by the models.

In practice, the simplified RF model represents a feasible entry point for community-level
HD screening in LMICs, where its perfect recall ensures that high-risk patients are consist-
ently flagged for further assessment. Deployment could take the form of a lightweight de-
cision-support tool operated by non-specialist healthcare workers, requiring only self-re-
ported and basic physiological inputs. Future research should validate these findings on
larger, geographically diverse datasets and explore model calibration to reduce the false

positive rate that accompanies RF's aggressive positive prediction behaviour.
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Appendix

Dataset

Variable Type Values / Range Category
Age Numerical Discrete integer (years) Demographic
Cholesterol Numerical Discrete integer (mg/dL) Physiological
Blood Pressure Numerical Discrete integer (mmHg) Physiological
Heart Rate Numerical Discrete integer (bpm) Physiological
Exercise Hours Numerical Discrete integer (hours/week) Behavioural
Blood Sugar Numerical Discrete integer (mg/dL) Physiological
Gender Categorical Male, Female Demographic
Chest Pain Type Categorical Typical Angina, Atypical Angina, Non-anginal Pain, Asymptomatic |Physiological
Smoking Ordinal Never < Former < Current Behavioural
Alcohol Intake Ordinal None < Moderate < Heavy Behavioural
Stress Level Ordinal Scale 1-10 Behavioural
Family History Binary 0 = Absent, 1 = Present Demographic
Diabetes Binary 0 = Absent, 1 = Present Physiological
Obesity Binary 0 = Absent, 1 = Present Physiological
Exercise Induced Angina Binary 0 = Absent, 1 = Present Physiological
Heart Disease (Target) Binary 0 = Not Present, 1 = Present Target Variable
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Evaluation Graphics

Confusion Matrix

True label

NB (Full)

Predicted label

True label

NB (Simplified)

Predicted label

Evaluation Table

Confusion Matrices — Full (top) vs Simplified (bottom)

KNN (Full) DT (Full)

True label

2
True label

Predicted label

True label

KNN (Simplified)

8
True label

Predicted label

0

Predicted label

DT (Simplified)

RF (Full)

True label

o

Predicted label

RF (Simplified)

True label

78

Predicted label

40

===Full Dataset ===

Algorithm CV Accuracy [CV Accuracy SD |Accuracy Precision Recall Specificity F1-Score
NB 0,9075 0,0083 0,9100 0,9545 0,8077 0,9754 0,8750
KNN 0,8425 0,0199 0,8750 0,8630 0,8077 0,9180 0,8344
DT 0,9988 0,0025 1,0000 1,0000 1,0000 1,0000 1,0000
RF 0,9988 0,0025 0,9900 1,0000 0,9744 1,0000 0,9870

===Simplified Dataset ===
Algorithm CV Accuracy |CV Accuracy SD [Accuracy Precision Recall Specificity |F1-Score
NB 0,7888 0,0272 0,8350 0,7586 0,8462 0,8279 0,8000
KNN 0,7488 0,0228 0,8200 0,7838 0,7436 0,8689 0,7632
DT 0,8138 0,0100 0,8700 0,7653 0,9615 0,8115 0,8523
RF 0,8575 0,0183 0,8800 0,7647 1,0000 0,8033 0,8667

===Performance Trend ===
Algorithm CV Accuracy [CV Accuracy SD |Accuracy Precision Recall Specificity |F1-Score
NB -11,87% 1,89% -7,50% -19,59% 3,85% -14,75% -7,50%
KNN -9,37% 0,29% -5,50% -7,92% -6,41% -4,91% -7,12%
DT -18,50% 0,75% -13,00% -23,47% -3,85% -18,85% -14,77%
RF -14,13% 1,58% -11,00% -23,53% 2,56% -19,67% -12,03%
Overall -13,47% 1,13% -9,25% -18,63% -0,96% -14,55% -10,36%
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Python code

1. Imports

All libraries imported at the top of the file to avoid duplication and ensure a clear dependency overview.

pandas pd
numpy np
matplotlib.pyplot plt

sklearn.preprocessing LabelEncoder, OrdinalEncoder, StandardScaler
sklearn.model selection train test split, cross val score,

StratifiedKFold
sklearn.metrics (accuracy score, precision score, recall score,
fl scor confusion matrix, ConfusionMatrixDisplay)
sklearn.naive bayes GaussianNB
sklearn.neighbors KNeighbo
sklearn.t DecisionTre
sklearn. ] S RandomForestClassifier

2. Dataset and Data Preparation

Loads the CSV, encodes binary/ordinal/categorical variables, performs 80-20 train-test split, standardises

numerical features, and creates the simplified dataset by removing the five clinically restricted attributes.

’

keep default na=

snull () .sum())

P lna
LabelEncoder ()
binary cols:
= le.fit transform(?

'Current'

rdinalEncoder (categories=[['No
c']] = oe alcohol.fit trar

olumns=["'
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X train, X test, y train, y test = train test split(
X, y, test size=0.2, random state=42, stratify=y
)

numerical cols = Ag “hole o bod Pressure 'Heart Rate',

scaler = StandardScaler ()
X train[numerical cols] = scaler.fit transform (X train[numerical cols])
X_test[numerical_cols} = scaler.transform(x_test[numerical_cols])

cols to drop = ['Cholesterol', 31 0¢ Sugar', 'Diabetes',
'Exercise Induced
Pain Type As
Pain Type Atypical Angina',
Pain Type Non-anginal Pain',
Pain Type Typical Angina']

X simple = X.drop(columns=cols to drop)
numerical simple = ['Age', 'Blood Pressure', 'Heart

X train s, X test s, y train s, y test s = train test split(
X simple, y, test size=0.2, random state=42, stratify=y
)

scaler s = StandardScaler ()
X train s[numerical simple] = scaler s.fit transform(X train s[numerical simple])
X test s[numerical simple] scaler s.transform(X test s[numerical simple])

3. Classification Algorithms and Evaluation

Defines NB, KNN, DT, and RF with their tuning parameters. Applies 5-fold stratified CV and computes all

six evaluation metrics for both the full and simplified datasets.

models = {
'NB': GaussianNB (),
'KNN': KNeighborsClassifier (n neighbors=5, metric='euclidean'),
'DT': DecisionTreeClassifier (max depth=5, min samples split=10,
random state=42),
'RF': RandomForestClassifier (n_estimators=100, max depth=5, random state=42),

}

= StratifiedKFold (n splits=5, shuffle= , random state=42)

evaluate (models, X tr, X te, y tr, y te, cv):
results = {}
name, model models.items () :
cv_scores = cross_val score (model, X tr, y tr, cv=cv, scoring='accuracy')
model.fit (X tr, y tr)
y _pred = moael.prgdict(x_te)
tn, fp, fn, tp = confusion matrix(y te, y pred).ravel ()
results [name] = {
'CV Accuracy': round (cv scores.mean (), 4),
round(cv:scores.std(), 4),
r round (accuracy score(y te, y pred), 4),
i round (precision_ score(y te, y pred), 4),
1 round (recall score(y te, y pred), 4),
ificity': round(tn / (tn + fp), 4),
core': round (fl score(y_te, y pred), 4),

'Spec
'F1-S

pd.DataFrame (results) .T

results full df = evaluate (models, X train, X test, y train, y_test, cv)
results simple df evaluate (




{name: type(m) (**m.get params()) name, m models.items () },
X train s, X test s, y train s, y test s, cv

("=== FULL DATASET ===")
(results full df)

("\n=== SIMPLIFIED DATASET ===")
(results simple df)

4. Evaluation Graphics

Generates three figures: confusion matrices (full vs simplified), grouped metrics bar charts per dataset, and

side-by-side full vs simplified comparison per model.

trained full, trained simple = {}, {}
name, model models.items ()
model.fit (X train, y train)
trained full [name] model
model s = type(model) (**model.get params())
model:s.fit(x_train_s, y_train_s)_
trained simple[name] = model s

fig, axes = plt.subplots(2, 4, figsize=(20, 9))
fig.suptitle('Confusion Matrices Full (top) vs Simplified (bottom)',
fontsize=14, fontweight='bold')

idx, name enumerate (models.keys()) :

ConfusionMatrixDisplay.from estimator (trained full[name], % EESE, y_test,
ax=axes [0, idx])

ConfusionMatrixDisplay.from estimator (trained simple[name], X test s,
y test s, ax=axes[l, idx])

axes [0, idx].set title(f'{name} (Full)"')

axes|[1l, 1dx].set title(f'{name} (Simplified)")

.tight layout () N

.savefig('confusion matrices.png', dpi=150)

.show ()

['CV Accuracy', 'Accuracy',
'Fl-Score']
model names = list (models.keys())

X, width = np.arange (len (metrics)), 0.2

fig, axes = plt.subplots(l, 2, figsize=(18, 6))
fig.suptitle ('Model Performance Comparison', fontsize=14, fontweight='bold')
i, name enumerate (model names) :
axes[0].bar(x + 1 * width, [results full df.loc[name, m] m metrics],
width, label=name)
axes[1l].bar(x + 1 * width, [results simple df.loc[name, m] metrics],
width, label=name)
ax, title zip(axes, ['Full Dataset', 'Simplified Dataset']):
ax.set title(title)
ax.set xticks(x + width * 1.5)
ax.set:xticklabels(metrics, rotation=15)
ax.set _ylim(0.7, 1.05)
ax.set ylabel ('Score')
ax.legend()
ax.axhline(y=1.0, color='grey', linestyle='--', linewidth=0.8)
plt.tight layout ()
plt.savefig('metrics comparison.png', dpi=150)
plt.show()

)

,),

fig, axes = plt.subplots (2, 2, figsize=(16, 12
et Mod

fig.suptitle('Full vs Simplified Datase Mo
fontsize=14, fontweight='bold')
width = 0.35

idx, name enumerate (model names) :

[

ax = axes[idx // 2, idx % 2]




bar (x - width/2 full df.loc[name, m]
Full', color
imple df.loc[name, m]

(name, i t fontweight= 1d")
_ s (x)
et xticklabels (me i rotation=15)

et_ylim(O.T, 1.
. et:ylabel(ﬂ
legend ()
axhline (y=
ght layout (

, dpi=150)

1.0, @ linestyle="'--"', linewidth=0.8)
)

width,

width,
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