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Abstract

Background: Cardiovascular diseases, the global number one killer,
require early diagnosis to reduce premature mortality and enhance
quality of life. Decision tree algorithms, whose transparency and
credibility are highly valued, were used in order to capture intelligible
diagnostic rules for the prediction of heart disease. They were
validated and tested by doctors as clinically acceptable.

Method: This study experimented on a heart disease data set with
statistical tests, splitting it 80:20 into training and test set for
distribution studies. A decision tree method generated diagnostic rules
from the training set, and PPV or NPV and Support for each rule were
calculated. Rules with value less than threshold were removed, and the
remaining rules were tested, recalculating PPV/NPV and Support.
Non-compliant rules were removed, and clinicians reviewed final rules
for clinical usability.

Result: This study statistically analyzed a heart disease dataset,
splitting it 80:20 into training and test sets, with distributions
validated. A decision tree algorithm generated diagnostic rules from
the training set, assessed for positive predictive value (PPV) or
negative predictive value (NPV) and Support. Rules below thresholds
were discarded, and non-compliant adjusted rules were eliminated.
Physicians evaluated the final rules for clinical acceptability.
Conclusion: This article highlights the crucial role of expert-based
qualitative evaluation in validating and optimizing decision tree-
induced rules. Optimization rules are accepted and satisfy more than
original rules, as shown through comparisons of expert ratings. The
findings underscore the necessity of model accuracy, interpretability,
and clinical acceptability for the implementation of Al systems in
health care.
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Introduction

Heart disease is frequently cited as the leading cause of
death in numerous countries'- 2. According to the World Health
Organization (WHO), cardiovascular disease is the leading
cause of death worldwide. In 2019, an estimated 17.9 million
people died from cardiovascular disease, accounting for 32%
of all deaths globally. Additionally, 38% of premature deaths
(under 70 years) caused by non-communicable diseases that
year were attributed to cardiovascular disease®. According to
the WHO, approximately 190 million people worldwide live
with cardiovascular disease. Between 2006 and 2008, about 1.2

million deaths were reported in Iran, of which nearly 46% were
attributed to cardiovascular disease*. Cardiovascular disease is
expected to cause more than 23 million deaths worldwide by
2030°.

Early diagnosis of heart disease is essential, as it helps
prevent serious complications such as heart attacks, strokes,
heart failure, and death®. Early recognition of those most at risk
and ensuring they receive appropriate treatment can prevent
early mortality. Research indicates that timely diagnosis and
appropriate management of heart disease not only reduce death
rates but also improve patients’ quality of life and decrease
healthcare costs'.

In recent years, the use of artificial intelligence (Al) and
machine learning (ML) techniques in disease diagnosis has
attracted significant attention from researchers>’. The rapid
growth of healthcare data’, and advances in high-performance
computing have amplified the utility of Al in addressing
clinical challenges*. Al, as an advanced data analysis and
prediction tool, can efficiently process extensive volumes of
medical information, identifying hidden patterns, and, in some
cases, and, occasionally, contributing to diagnostic decision-
making?®.

Al and ML methods can be classified into two categories:
white-box and black-box models. Black-box algorithms often
achieve high performance but lack interpretability. Although
the research results are promising, the practical application of
these models in real-world settings is limited due to several
challenges®. These challenges include lack of reproducibility®,
as well as limited transparency and interpretability — issues
commonly referred to as the medical black box problem’!!. In
contrast, white-box algorithms generally offer lower predictive
performance but are naturally transparent and interpretable.
This allows users to examine how outputs are generated and
how conclusions are drawn, facilitating more accurate and
transparent decision-making''. Additionally, white-box models
are auditable and accountable, meaning their accuracy and
reliability can be evaluated, and they can be held responsible
for their outputs'?. Examples of white-box algorithms include
decision trees, fuzzy logic systems, and rule-based models.

Decision tree algorithms are one of the most commonly
used interpretable approaches in clinical practice and therefore
were selected in this study as the foundation for rule extraction.
Decision trees do have inherent weaknesses however: their
greedy splitting approach can create rules with very low
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coverage (i.e., low support). Splits at every internal node are
made based on threshold tests for single variables, and leaf
terminal nodes make final classifications—e.g., disease or no
disease. Since each decision takes one and only one root-to-leaf
path and the model averages predictions over all such paths,
even rules covering just a small subset of the data can
contribute to making up the rule set. To mitigate this problem,
our method retrieves only rules with above some minimum
coverage; high-coverage rules are then validated by doctors.

A review of related studies highlighted an innovative
approach in one study'?, which proposed a hybrid classification
model to predict heart disease using the Heart dataset. This
model creatively combined decision trees with fuzzy systems
to deliver accurate and understandable results. First, the
researchers used a random forest algorithm to rank the
independent variables based on their importance to the
prediction task. The most significant variables were then
selected to create diagnostic rules through a decision tree.
These clear-cut rules were further refined by the fuzzy system,
which generated weighted and interpretable rules. Ultimately,
this hybrid model achieved an impressive accuracy of 90.5%.

In a study'?, researchers developed a classification model
using weighted association rules to predict heart disease with
the Heart dataset. They began by applying feature selection
techniques to pinpoint the most relevant attributes. These
carefully chosen features were then integrated into an
association rule mining process, where weights were assigned
based on each feature’s frequency and importance across
various algorithms. The resulting model delivered an
impressive 98% confidence level in diagnosing heart disease.

In a study', researchers developed a classification model
based on rough set theory to predict heart disease. They
explored two innovative approaches: one used similarity
measures among independent variables within the framework
of classical rough sets, while the other applied a dominant
attribute-based method within rough domain sets. These
approaches were compared to several well-known ML
algorithms, including random forest, logistic regression, naive
Bayes, and support vector machines (SVM), to evaluate their
predictive performance. Among the rule-based models, the
rough set-based algorithm stood out with superior
performance. Meanwhile, among the conventional ML
methods, SVM delivered the highest predictive accuracy.

When it comes to heart disease, catching it early and
starting treatment quickly can truly make a life-saving
difference. That’s where Al steps in, with tools to help doctors
improve patient outcomes. Knowing how important it is for
doctors to understand and trust the decision-making process,
researchers have embraced clear, transparent models like
decision trees. These user-friendly models shine a light on how
predictions are made, which is vital in a medical setting. With
this goal in mind, researchers have poured their efforts into
creating and testing models for heart disease diagnosis that are
not only accurate but also easy for doctors to interpret, giving
them confidence to act on these insights and ultimately save
more lives.

Materials and Methods
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In this study, researchers used a comprehensive heart
disease dataset to build a predictive model that could help save
lives. The dataset included 302 patient records, with 164
individuals diagnosed with heart disease and 138 without. It
featured 13 key factors: five continuous numerical variables,
like measurements that vary smoothly, and eight categorical
variables, such as ordered or labeled traits. The main outcome
tracked was whether or not someone had heart disease.

To make the most of decision tree algorithms, which can be
sensitive to how variables relate to outcomes, the researchers
calculated p-values for each factor to understand their
connection to heart disease. They carefully identified variables
with nonlinear relationships, ensuring the model captured the
complexity of the data. For the statistical analysis, they used
independent t-tests for the continuous variables and chi-square
tests for the categorical ones, pinpointing which factors were
most significant in predicting heart disease.

The heart disease dataset used in this study was obtained
from Kaggle, where it had already undergone preliminary
preprocessing and validation. Before analysis, the data were
carefully inspected for missing values, inconsistencies, or
duplicates. No missing or invalid entries were found, and all
variables were confirmed to be within acceptable ranges.
Therefore, no additional cleaning or imputation steps were
required before normalization and modeling.

To get the data ready for the predictive models, the
researchers carefully normalized all independent variables (or
features) to a [0,1] range using the Min-Max normalization
technique. They chose this approach because many ML
algorithms can be thrown off by features with wildly different
scales—those with larger numeric ranges might unfairly
dominate the model’s training, which could weaken its
accuracy. By using Min-Max normalization, they ensured that
each feature’s values were smoothly scaled, mapping the
smallest value to zero and the largest to one, while keeping the
relative relationships between data points intact.

After normalization of the dataset, the researchers
proceeded to compartmentalize the data into training versus
testing group and assigned, 80% of the samples to be used for
training and held the other 20% for testing model accuracy.

To make sure that the test and training sets were similar in
their attributes, they compared their distributions on every
feature of the dataset through the Kolmogorov—Smirnov test.
They remixed the dataset and retried the test if they realized
there were any significant differences. This was performed in
cycles until the test and train groups did not have any
significant differences, creating a valid and reliable setup for
the model'!.

Next, we ran the decision tree algorithm on the training
data and built a decision tree, deriving independent rules from
each branch of the tree. Just a quick note: we used Python
programming to create the decision tree. After that, we
calculated two parameters—Positive Predictive Value (PPV) or
Negative Predictive Value (NPV), and Support—for each rule.
Then we selected the rules based on minimum thresholds for
these parameters. (By the way, these minimum values differ
depending on the type of disease and are set by a clinical

expert.)
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The selected rules were classified into two categories: rules satisfying these conditions is achieved. If, after repeating
positive and negative. After executing the first stage of this the algorithm, the conditions are still not met, the decision lies
algorithm, if the obtained rules do not meet the minimum with the clinical specialist, who may choose to adjust the
thresholds and the desired number of rules (as determined by number of rules, modify the minimum threshold for the
specialists), the process is repeated until an enough number of metrics, or abandon the process altogether. (Figure 1)

Inputs:

e A dataset containing N samples: {X;,X,,...,Xn} and their corresponding labels Y={y .y,,...,.yy}-
e An initial IF-THEN rule of the form:
e IF (x; op EV;) AND (x; op EV;) THEN ClassLabel.
Outputs:
e A set of optimized IF-THEN rules, denoted as bSet.
Procedure:
1. Identify the minimum and maximum observed values of the variable x; in the dataset and denote them as
a and b, respectively.
2. Similarly, identify the minimum and maximum values of x;, denoted as cand d.
3. Define the thresholds for rule evaluation:
o Supt — minimum acceptable support,
o EFFt — minimum acceptable efficiency.
4. Initialize the output rule set as empty:
bSet—0.
6. For each possible value vwithin the range [a,b]:
o For each possible value wwithin the range [c,d]:
= Construct a modified rule mRule, , as:
»= [F (xi op v) AND (xj op w) THEN ClassLabel.
» Initialize the following counters for this rule:
= Support,,: number of samples satisfying the rule’s conditions.

gl

= TP, number of correctly classified samples.
= EFF,: efficiency of the rule.
7. For every sample X in the dataset:
o Ifthe conditions (x; op v) and (x; op W) are satisfied,
o increase Support,, by one and predict the class label for X as ClassLabel.
o Ifthe predicted label matches the true label y,,
o increase TPy, by one.
8. After all samples are evaluated, compute the rule efficiency as:
Pv,w
EFFuw= Supportyy,

9. If both conditions are satisfied:
o EFF,>EFF;, and
o Support,,>Sup,,
o Then include the corresponding rule mRule,, in the output set:
o bSet=bSetU{mRule,,}.

10. Repeat this process for all combinations of (v,w) to produce the final optimized rule set bSet.

Figure 1. Pseudocode for rule generation
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The rules extracted from the first stage are not optimal, as
the decision tree algorithm is greedy and does not guarantee the
best possible outcome at the end of the process. Consequently,
statistical evaluations become necessary. For these statistical
evaluations, the most numerically favorable values were
selected from the decision tree'.

The rules derived from the first stage were evaluated across
all possible scenarios. Given that each rule is characterized by

two parameters—PPV or NPV, and Support—all possible
states of each variable were examined. As a result, new rules
were generated, each associated with updated PPV or NPV and
Support values. Rules that did not meet the predefined
minimum thresholds for PPV or NPV and Support were
excluded from the rule set. (Figure 2)

Configuration:

{bSet1 ,bSetz, e ,bSetK} :

S—@.

Procedure for Finding Non-Dominated Rules:

o Define:
= Sup,: support of rule X
» EFF,: efficiency of rule x
o Initialize an empty set of selected rules:
o pSetj«—@
2. ForeachruleainR:
o Initialize a counter C=0.
o For every other rule b#a in R:

4. S=SuUpSet;.

Assume that the optimization process has generated K sets of rules,

Each rule in these sets is characterized by two metrics:
e Support (Sup) — representing the coverage of the rule,
o Efficiency (EFF) — representing its classification accuracy (e.g., PPV or NPV).

Initialize a global set S to collect all non-dominated rules:

1. For each optimized rule set bSet; (where i=1,2,...,K):
o Let R=bSet;, and let n be the total number of rules in R.

= If both Sup ,<Sup, and EFF,<EFFy, then increase the counter by one: C=C+1.

o After all comparisons, if C=0, rule ais not dominated by any other rule.
o In this case, add it to the set pSet;: pSet;=pSet;U {rule,.
3. After evaluating all rules in bSet;, add the resulting pSet; to the global set S:

5. The final set Scontains all non-dominated rules extracted from the K optimized rule sets.

Figure 2. Pseudocode for generating new rules

Furthermore, the output rules were evaluated, and for each
of these new rules, the values of PPV or NPV and Support
were calculated. Ultimately, among the new rules derived from
each initial rule, the rule exhibiting the best overall
performance based on these parameters was selected as the
optimal rule.
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In this study, Al algorithms were employed to extract rules
relevant to the diagnosis of heart disease. The decision tree,
utilizing specific parameter values as splitting criteria,
generated a set of rules whose combination indicated the
presence or absence of the disease. These values, which served
as decision thresholds within the tree structure, were
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subsequently utilized as thresholds in the new rules. Each
sample was categorized into two groups below or above the
threshold value for each parameter to enable the evaluation of
these values' performance.

To further gauge the experts’ thoughts on the input
variables and the newly derived thresholds, we put together a
questionnaire that included the extracted rules, ROC curves,
and the new thresholds. We asked physicians to score the
validity of these rules based on their clinical expertise, using a
0-to-5 scale, and to share their qualitative insights. The survey
responses were checked for outliers and analyzed from both

quantitative and qualitative angles. With 15 physicians
participating, we used a two-tailed paired t-test to look for
meaningful differences between the optimal and non-optimal
rules. In the end, we examined how well the physicians’
opinions aligned with the model’s proposed rules to see if they
backed the optimal ones or leaned more toward accepting the
non-optimal ones.

To evaluate the designed model, the researchers calculated
the parameters at three levels training, test, and overall using
the relevant formulas and analyzed the results. (Table 1)

Table 1. Formulas for calculating evaluation parameters

Parameter Calculation formula Parameter Calculation formula
Sensitivity TP /(TP + FN) Specificity TN /(TN +FP)
Accuracy  (TP+TN)/(TP+FP+TN+FN) F-measure 2 x PPV x Sensitivity / (PPV + Sensitivity)
PPV TP/ (TP +FP) NPV TN/ (TN +FN)
LR+ Sensitivity / (1 - Specificity) LR- Specificity/ (1 - Sensitivity)
Kappa [(TP+FN)(TP+FP) + (FN+TN)(TN+FP)] / (P + N)A2
Phi [(TPXTN) - (FPxEN)] / V[(TP+FP)(TP+FN)(TN+FP)(TN+FN)]

Results

After analyzing the data and calculating the p-value to
assess the linearity and non-linearity of the variables, the
results indicated that, due to the non-significant p-value for the
FBS variable, it could not be included in the decision tree.

Consequently, this variable was not incorporated into the
decision tree rules. (Table 2)

The research team, with the input of experts, determined
the minimum thresholds for the five parameters in accordance
with Table 3.

Table 2. Descriptive statistics of heart disease data

2
2 I 2 © A
5 g - L8 iz 2 -
3 5 ot 2 g3 &3 2. ]
s =3 < 2 G =" g c
B 3 88 28 3 ®
=8 <8 2
o
0, 0,
1 Sex Nominal W':jlr::n ;; :45‘3;:; 121‘2((1873?/3) Chi-squared <0.01
Typical angina 39 (24% 104 (75%)
) ) Uncommon angina 41 (25%) 9 (7%) )
2 Type of chest pain Ordinal Non-angina pain 69 (42%) 18 (13%) Chi-squared <0.01
Without symptoms 16 (9%) 7 (5%)
. . No 141 (86%) 116 (84%) .
3 Fasting blood sugar more than 120 mg/dL Nominal Yes 23 (14%) 22 (16%) Chi-squared 0.76
Normal 67 (41%) 79 (57%)
4 Results of resting electrocardiography Ordinal Normality of the wave 96 (58.4%) 56 (41%) Chi-squared <0.01
Left ventricular hypertrophy 1(0.6%) 3 (2%)
Inclined 9 (6%) 12 (9%)
5 Slope of the peak exercise ST segment Ordinal Flat 48 (30%) 91 (66%) Chi-squared  <0.001
Downbhill 107 (65%) 35 (25%)
0 129 (79%) 45 (33%)
1 21 (13%) 44 (32%)
6 Number of main vessels Ordinal 2 7 (5%) 31 (22%) Chi-squared <0.01
3 3 (1%) 17 (12%)
4 4 (2%) 1(1%)
Error 1(0.6%) 1(0.7%)
7 Thallium stress test Ordinal Elimination of defects 6 (3.4%) 12 (9%) Chi-squared <0.01
Normal 130 (80%) 36 (26%)
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Reversible defect 27 (16%) 89 (64.3%)
. ) ) No 141 (86%) 62 (45%) .
8 Angina caused by exercise Ordinal Yes 23 (14%) 76 (55%) Chi-squared <0.01
5 E &' - X =3 b
3 = g = £ ] & <
o ) <] [=A 'R = N
S =3 < = g g i £
) o 5 - < - o
» (] o o
2 a
x
- Xto 52.4+9.51 56.617.96
1 Age Numerical [Max, Min] (29, 76] (35, 75 T-test <0.01
. Xto 129.3+16.8 134.3+18.72
2 Blood pressure at rest Numerical [Max, Min] (94, 180] (100, 200] T-test 0.013
- Xto 240.2+47.39  251.08%49.45
3 Cholesterol Numerical (Max, Min] (126, 417] (131, 409] T-test 0.05
. ) Xto 158.4+19.23 139.1422.59
4 Maximum heart rate Numerical [Max, Min] (96, 202] (71, 195] T-test <0.01
. . ! Xto 1.58+0.77 1.58+1.3
5 Exercise-induced ST depression Numerical [Max, Min] (0.0,4.2] (0.0, 6.2] T-test <0.01
Table 3. Algorithm parameters for heart disease data
Row Parameters Value
1 Minimum Support 20%
2 Minimum PPV 70%
3 Minimum NPV 70%
4 Number of rules for diagnosing heart disease 3
5 Number of rules for diagnosing no heart disease 2

To design the model, the data were initially divided into
training and test sets, and the uniformity of data distribution
was verified. Subsequently, the decision tree algorithm was
applied to the data. All decision tree rules were evaluated based
on the first three parameters listed in Table 2. However, to
meet the minimum requirements for parameters 4 and 5, the
division of training and test data was repeated three times, and
a new decision tree was constructed each time. In the first
iteration, out of four generated rules, two were deemed
acceptable; in the second iteration, out of eight rules, two were
acceptable; and in the third iteration, out of fifteen rules, one

was acceptable according to the established criteria. Overall,
18.5% of the rules were acceptable, while 81.5% were deemed
unacceptable. The extracted rules from the decision tree consist
of several variables and their corresponding threshold values.
(Table 4)

Now, considering the threshold of the decision tree rules,
the rules are expressed as shown in Table 5.

The precise values of Support, PPV, and NPV for the
derived rules are presented in Table 6.

Table 4. Threshold values of variables in the decision tree output

Row Variable name Classification
. Low=typical angina
1 Type of chest pain High=uncommon angina, non-angina pain, without symptoms
. . Low<2.35
2 Exercise-induced ST depression High>2.35
. Irreversible=error, elimination of defects, normal
3 Thallium stress test . .
Reversible=reversible defect
Low<468
4 Cholesterol High>468
. Low<91.043
5 Maximum heart rate High>91.043
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Table 5. Rules resulting from the three stages of decision tree execution

Stage Rules
First If (type of chest pain=low) and (angina caused by exercise=yes) then no disease.
B If (type of chest pain=high) and (exercise-induced ST depression=low) then disease.
C  If (type of chest pain=high) and (exercise-induced ST depression=low) and (thallium stress test=irreversible) then disease.
Second ) . ; )
D  If (type of chest pain=low) and (angina caused by exercise=yes) and (cholesterol=low) then no disease.
Third E If (type of chest pain=high) and (exercise-induced ST depression=low) and (thallium stress test=irreversible) and (maximum heart rate=high) then disease.

Table 6. Support, PPV, and NPV values for the rules

Row Rules All data
Support NPV PPV
1 A 27.91%  84.52% -
2 D 27.24%  85.37% -
3 B 51.16% - 80.52%
4 C 51.83% - 81.41%
5 E 49.16% - 83.78%

Each derived rule was examined from various perspectives,
considering all possible scenarios, and was transformed into a
set of new rules. These new rules were evaluated based on two
defined parameters (PPV or NPV and Support). Ultimately,
from the various scenarios of each rule, the one exhibiting the

best performance in terms of these two parameters was selected
as the optimal rule. The output of this process was a set of
optimized rules and new thresholds, presented in Tables 7 and
8.

Table 7. Determination of threshold values for variables of optimized rules

Row Variable name Classification
Typical=typical angina
1 Type of chest pain Uncommon=uncommon angina
Non angina=non-angina pain, without symptoms
Low<1.86
2 Exercise-induced ST depression Normal 1.86<x<3.72
High>3.72
. Irreversible=error, elimination of defects, normal
3 Thallium stress test . .
Reversible=reversible defect
Low<126
4 Cholesterol Normal 126<x<520.2
High>520.2
Low<71
5 Maximum heart rate Normal 71<x<110.3
High>110.3
Table 8. Rules derived from the execution of the proposed algorithm
Rule number Rules
Al If (type of chest pain=typical, uncommon) and (angina caused by exercise=yes) then no disease.
Bl If (type of chest pain=typical, uncommon) and (exercise-induced ST depression=low and normal) then disease.
C1 If (type of chest pain=typical) and (exercise-induced ST depression=low) and (thallium stress test=normal) then disease.
D1 If (type of chest pain=typical, uncommon) and (angina caused by exercise=no) and (cholesterol=normal) then no disease.
El If (type of chest pain=typical) and (exercise-induced ST depression=low) and (thallium stress test=normal) and (maximum heart rate=normal) then disease.

To qualitatively evaluate the rules extracted from the
decision-making model, a questionnaire was designed in which
each initial rule and its optimized versions were provided to 15
experts. They were asked to assign each rule a score ranging
from 0 (complete disagreement) to 5 (complete agreement). To
enhance the accuracy of the analysis, outlier scores were

identified and removed using the Interquartile Range (IQR)
method. The final results indicated that, in most cases, the
optimized rules achieved higher average scores and garnered
greater approval from the experts. For example, the average
score for Rule A, after removing outliers, was 2.07, whereas its
optimized version (Al) was evaluated at an average of 4.67.
Similarly, Rule C, with an average score of 2.40, was improved

45 | Shahroud Journal of Medical Sciences 2026;12(3)



Shahhosseiny et al.

to its optimized version (C1) with an average of 3.47. Overall,
four optimized rules—Al, Cl, D1, and El—successfully
gained the approval of the majority of experts. However, Rule
B2, even after optimization, remained unacceptable with a low
average score of 0.33 and was discarded. These findings

demonstrate that the optimization process not only improved
the accuracy and logical coherence of the rules but also
significantly enhanced their acceptance among experts. (Table
9)

Table 9. Average scores assigned by experts

Initial rule  Average expert scores

A 2.07
B 0.33
C 2.40
D 1.07
E 2.27

Optimal rule  Average expert scores

Al 4.67
B1 0.33
Cc1 3.47
D1 4.56
El 4.60

To evaluate the effectiveness of optimized rules compared
to initial rules, a statistical hypothesis test was defined as
follows:

Null Hypothesis (Ho): There is no significant difference
between the mean scores of initial rules and optimized rules.

Alternative Hypothesis (Hi): There is a significant
difference between the mean scores of initial rules and
optimized rules.

A two-tailed paired t-test was performed to assess the
statistical difference between the scores given to initial rules
and those assigned following optimization. The two-tailed
paired t-test, therefore, tested difference in means for the
assignments of each expert to an initial rule and its

corresponding optimized version. It was found that in this case
mean scores of optimized rules were significantly greater than
mean scorers of initial rules: t(2)=4.35, P-value<0.05. Seeing
as how the p-value fell below our threshold of 0.05, we were
able to reject the null hypothesis. Thus, we reached a
conclusion that experts’ evaluative differences in scores
between benchmark and refined rules are statistically
significant; furthermore, it is evident that optimization directly
enhanced both acceptance and quality of the rules.

The results derived from the analysis of evaluation
parameters, as presented in Table 10, indicate the high
performance of the model.

The conformity of the data with the derived rules indicates
a high coverage of the obtained rules. (Table 11)

Table 10. Evaluation parameters

e e e Kappa Phi
Sensitivity  Specificity Accuracy PPV LR+ LR- —P-value Pvalue F-measure
0.72 0.725
Total 0.86 0.88 0.87 0.86 6.37 0.14 0.000 0.000 0.86
. 0.79 0.793
Train 0.96 0.81 0.90 0.88 5.08 0.05 0.000 0.000 0.92
Test 0.78 0.67 0.74 0.81 233 033 0.4 0.439 0.79

0.004 0.004

Table 11. Percentage of rule coverage

Number

Percentage

Total 220.301
Train  178.240
Test 42.61

73.08%
74.16%
68.85%

Discussion

In this study, a team of researchers poured their hearts into
building a model to help doctors diagnose heart disease,
making sure the model’s decision rules were carefully reviewed
by experts. Decision trees are great tools, but they can
sometimes create a lot of branches!> 19, leading to rules that
don’t cover enough ground to be truly helpful. The low
coverage level of the rules reduces the performance of the
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clinical rules, thus reducing the comprehensiveness of the
rules'” and the usability of the model. Therefore, setting
minimums for the coverage level and threshold values for PPV
or NPV can produce better and more comprehensive rules.

In this study, a decision tree algorithm was used to
diagnose heart disease. The implemented tree has 81.5% of
rules with low coverage and 18.5% with high coverage, which
indicates a high number of rules generated with low coverage.
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The criteria for determining the minimum coverage level and
the threshold of PPV or NPV are the use of expert opinions
using the focus group method'® and Delphi!® and other sources,
which varies according to the type of disease. For example, the
accuracy of the model determined for breast cancer is between
90.86% and 97.53%?20-22, diabetes between 75.57% and 88%>2%
25 and stomach cancer between 86.8% and 96.20%%6-28.

Al represents an extensive range of machine-learning
techniques and uses clinical data to identify patterns, often
trivial in nature, related to disease from which it generates
accurate diagnostic models®*. However, one of the main
problems in the clinical acceptance of Al algorithms is the low
transparency of black box models, which causes doctors to
distrust their decisions. In terms of Al models, the generated
rules must also be validated for cost, feasibility, operational
efficiency, and real-world integration. In contrast, transparent
white-box models, such as those derived from decision trees,
produce clear diagnostic rules that can be validated through
expert review. This process allows expert-derived rules to gain
clinical acceptance, fostering trust and ultimately making it
much easier for future integration of Al into clinical practice.

Al systems must undergo clinical assessments before they
can be integrated into medical practice. An Al model's strong
statistical performance—be it accuracy, sensitivity, or
AUROC—does not guarantee its usefulness or safety in a
practical clinical environment®., Validation through statistics
alone is problematic because it often evaluates performance on
internal or dated datasets from prior to the present which fail to
capture real-world patient population diversity®!. These
algorithms should not be deployed in prospective real-world
settings as decision-support systems since doing so would
mean using unvalidated and risky integrations into patient
care’2.

The clinical rules derived in this study indicate the presence
or absence of the disease. For example, if variables such as the
type of chest pain and low cholesterol levels are present, the
likelihood of heart disease is low. This finding is consistent
with the studies conducted by Phillips et al.’3 and Deo et al.>.
In addition, a negative response to the exercise test also
suggests a low probability of heart disease, aligning with the
research by Akyuz et al.>. Conversely, an increased heart rate
increases the likelihood of heart disease, which is in agreement
with the findings of Nankhen et al.*. In addition, changes in
the ST segment, such as depression from the isoelectric line in
response to the exercise test, suggest a higher risk of heart
disease, corroborating the findings of Fitzgerald et al.>’. In this
study, a positive thallium scan test indicates a higher
probability of heart disease, which is consistent with the
research by Blumenthal et al.38.

The rules generated by the white-box algorithm used in this
study were transformed into optimized rules, with new
threshold values established for them. These rules were
subsequently evaluated with the input of specialist physicians.
The results indicate that the optimized rules were validated by
the specialists, demonstrating the high performance and
comprehensiveness of the output rules.

These results suggest that the use of white-box algorithms
combined with clinical evaluation can lead to the generation of
more reliable and acceptable rules. Consequently, the proposed

model in this study represents a step toward enhancing the
practical application of ML algorithms in the field of healthcare
and the diagnosis of heart diseases.

In the realm of heart disease prediction, several innovative
approaches have been proposed, all of which emphasize
enhancing the accuracy and interpretability of the diagnosis
through advanced ML techniques. A notable study by Yazdani
et al. (2021) introduced an algorithm based on Weighted
Associative Rule Mining (WARM) to improve heart disease
prediction by calculating the strength of significant predictors.
Using the UCI heart disease dataset, they achieved an
impressive 98% confidence score, prioritizing the most
influential features with weighted scores. This approach
emphasizes the importance of identifying feature strength over
mere significance, aligning with our own study's focus on
refining prediction models through feature evaluation and
weighted scoring™.

Similarly, Singh et al. (2022) utilized Rough Set Theory for
heart disease prediction, applying both Classical Rough Set
Approach (CRSA) and Dominance-based Rough Set Analysis
(DRSA) on the Cleveland heart disease dataset. Their work
highlighted the advantages of rule-based methods, even though
SVM performed slightly better in some cases. The rough set-
based approach, however, provided clearer, more interpretable
decision rules, which were more easily understood by
healthcare practitioners. Their study underlines the significance
of handling data inconsistencies through rule-based
methodologies, a perspective that aligns well with our approach
to improving predictive accuracy'.

In another related study, Mokeddem et al. (2017) proposed
a Fuzzy Classification Model for assessing the risk of
Myocardial Infarction (MI), combining Random Forest, C5.0
decision tree, and fuzzy modeling. They tackled the common
problem of missing data by introducing a method to handle
incomplete information, achieving an accuracy of 90.50% on
the UCI heart disease datasets. Their fuzzy logic-based model
not only improved the handling of uncertainty and imprecision
in medical data but also emphasized feature ranking and
missing value handling, mirroring the objectives of our study in
making decision support systems more transparent and
reliable0.

In this study, the results obtained from the proposed
decision tree model in predicting heart disease demonstrate a
high level of accuracy compared to traditional methods and
other existing models. The decision tree algorithm effectively
handled issues related to missing data and inconsistencies in
medical data, providing clear and interpretable decision rules
for healthcare professionals. One of the key differences in our
work is that, unlike many similar studies, the evaluation of the
generated rules was conducted with the input of medical
specialists. This ensured that the rules were clinically relevant
and practical, making the decision support system more reliable
and applicable in real-world clinical settings. Ultimately, this
research highlights the potential of decision tree-based models
in improving the diagnostic process for heart diseases and
emphasizes the importance of expert validation in the
development of such models.

Limitations: Due to the greedy nature of the decision tree
algorithm, the parameters for variable selection and operators
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are not optimized, and the proposed model lacks the capability
to optimize these parameters.

Future Work: It is recommended that future research
explore other rule-extraction algorithms, such as fuzzy
methods. Additionally, it is suggested that other decision tree
parameters, similar to those in the proposed model, be
optimized.

Ethical Considerations

This study was conducted using a publicly available heart
disease dataset obtained from Kaggle. The dataset contained
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identifiable information. Therefore, no direct interaction with
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confidentiality, privacy protection, and responsible use of
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