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Abstract
Background

Machine learning has become central to data driven cardiovascular risk prediction, yet the empirical
foundation of the field rests heavily on a small set of curated, open benchmark datasets that are clean,
complete, and drawn from populations unlike those in which models are deployed. Reported
performance therefore often reflects idealized conditions rather than the irregular, incomplete data of
routine clinical practice. This study reframes the heart disease prediction problem around the data
themselves: the reliability of a clinical prediction model is governed not only by the choice of algorithm
but also by how the incompleteness of real-world data is handled.

Methods

An original dataset was assembled directly from the cardiology records of a private hospital in Denizli,
Tilrkiye, covering patients seen between 2019 and 2024. The records were retrieved without any prior
check of whether individual fields were populated, and nineteen parameters were selected with
cardiology specialists. Eleven supervised learning algorithms were evaluated under four contrasting
strategies for treating missing data: imputation, retention of missing values, hybrid handling with an
explicit unknown category, and complete case analysis. Models were tuned by grid search with five-fold
cross validation, assessed on a held-out test partition using accuracy, precision, recall, and F1-score, and
benchmarked against a majority class classifier. Explainable artificial intelligence analysis was used to
examine whether the pattern of missingness itself carries information.

Results

Data quality governance proved decisive. Imputation and the hybrid strategy preserved predictive
capability and stability, whereas deleting every incomplete record degraded performance markedly
across all algorithms. Boosting ensembles were the most resilient to incomplete data, while instance
based and simple probabilistic methods were the most adversely affected. Interpretability analysis
showed that an indicator of unrecorded blood pressure ranked among the most influential features, so
that the absence of a measurement itself acted as an informative signal.

Conclusions

Appropriate handling of incomplete records preserves model reliability, whereas uncritical deletion
erodes it. The results argue for a shift from marginal accuracy gains on familiar benchmarks toward
locally grounded, transparent models that can be trusted in the clinical environments they are meant to
serve.
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Introduction

Cardiovascular disease remains the foremost contributor to mortality worldwide, and the burden falls
disproportionately on low- and middle-income countries, among which Tiirkiye is explicitly identified in
international surveillance reporting [1]. A substantial share of premature cardiac events is preventable
through timely detection and structured management, and contemporary clinical guidance emphasizes
that the accurate and prompt evaluation of risk factors and diagnostic parameters is decisive for patient
outcomes [2]. The clinical value of early identification, in turn, depends on the capacity to extract
coherent risk signals from the multidimensional and frequently irregular information that accumulates
around each patient demographic attributes, lifestyle factors, biochemical measurements, and the
results of cardiac investigations.

Machine learning offers a principled means of meeting this challenge. By recognizing structure within
large and complex datasets, learning algorithms can characterize disease risk in ways that complement,
rather than replace, established clinical reasoning [3, 4]. In cardiology specifically, supervised models
have demonstrated the ability to integrate heterogeneous clinical variables and to support earlier and
more individualized risk assessment [5, 6]. The methodological repertoire is mature: across a large body
of work, classical linear and probabilistic models, instance-based methods, decision trees, and most
prominently in recent years ensemble and boosting frameworks have all been brought to bear on
cardiovascular prediction.

Yet the empirical literature exhibits a structural limitation that is rarely confronted directly. The
overwhelming majority of machine learning studies on heart disease prediction are conducted on a
small number of curated public datasets most notably the Cleveland subset of the UCI repository,
together with the Framingham, Statlog and Z-Alizadeh Sani collections several of which were assembled
decades ago [7]. These datasets have been invaluable for methodological benchmarking, but they share
three properties that limit their external relevance: they are comparatively clean and complete, they are
demographically and geographically distant from many deployment settings, and their repeated reuse
encourages a research culture oriented toward incremental gains on a fixed leaderboard rather than
toward clinical generalizability. Performance figures obtained under these idealized conditions may
therefore overstate the readiness of such models for the messier reality of routine care.

Real clinical data, by contrast, are pervasively incomplete. Measurements go unrecorded, investigations
are deferred or performed elsewhere, and free text documentation is entered inconsistently across staff
and time. How this incompleteness is handled is frequently relegated to a preprocessing footnote,
despite evidence that the treatment of missing values can materially shape the behavior of the resulting
model [8]. Two questions follow that the existing literature has only partially addressed. First, on
genuinely real-world clinical data, how much does the choice of missing data strategy actually matter
relative to the choice of algorithm? Second, when missingness is not random but systematically related
to how care is delivered, can its very pattern carry predictive information that a model can exploit and
that an analyst must interpret with caution?
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This study addresses these questions through an original clinical case study from Tirkiye. A dataset was
constructed directly from the electronic records of the cardiology department of a private hospital in
Denizli, covering patients seen between 2019 and 2024. Importantly, the dataset was not obtained as a
clean export: every cardiology department encounter, together with all requested clinical variables, was
retrieved from the hospital database without any prior check of whether individual fields were populated
or empty. The study therefore deliberately confronts the raw incompleteness and inconsistency of
operational clinical data the “dirty” data that accumulate in real information systems rather than the
sanitized conditions of a curated benchmark. A broad family of supervised learning algorithms was
evaluated, not once but under four deliberately contrasting strategies for handling missing data, so that
the effect of data quality governance could be isolated as an experimental factor rather than fixed by
convention. Model behavior was then examined through explainable artificial intelligence analysis, with
particular attention to whether the absence of a measurement functions as an informative feature. On
this basis, the study pursues the following research questions:

e RQ1. To what extent does the choice of missing data handling strategy influence the predictive
performance of machine learning models for heart disease risk when those models are trained on
real-world clinical data?

¢ RQ2. Which families of learning algorithms are most robust to incomplete clinical data, and how
does that robustness vary across preprocessing strategies?

e RQ3. Does the pattern of missingness itself carry predictive information, and what does this imply
for the clinical interpretation of model outputs?

¢ RQ4. How does building and modelling a locally sourced, real-world clinical dataset shape the
conduct and clinical interpretation of machine learning based cardiovascular risk prediction, given
the field’s prevailing reliance on curated public benchmarks?

The remainder of the paper is organized as follows. The rest of this Background section reviews the
relevant literature on machine learning for cardiovascular prediction, the limitations of benchmark
datasets, and the handling of missing data in clinical modelling, and from this synthesis derives the
research gap. The Methods section presents the methodological framework, including the modelling
pipeline, the construction of the Turkish clinical dataset, the four missing data scenarios, the algorithms,
and the evaluation criteria. The Results section traces the analysis from the model comparison through
to interpretable findings. The Discussion relates the findings to the research questions, considers their
contribution, and sets out the limitations of the study, and the Conclusions close the paper.

Machine learning for cardiovascular risk prediction

The application of machine learning to heart disease prediction has produced an extensive and
methodologically diverse literature. A recurrent design comparing several classifiers on a shared dataset
and reporting the best performer has been instantiated many times. Thummala and Baskar [9] directly
compared decision tree and k-nearest-neighbor classifiers and reported higher predictive accuracy for
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the decision tree; Nikhar and Karandikar [10] reached a similar conclusion in favor of tree-based
classification over Naive Bayes on the Cleveland data. Working on larger samples, Shorewala [11]
evaluated an ensemble of classical learners on a coronary heart disease collection drawn from Kaggle,
while Mahmoud et al. [12] reported random forest as the strongest model on the Framingham dataset
and Dwivedi [13] identified logistic regression as the best performer on the Statlog data. Comparable
studies by Anitha and Sridevi [14], Jindal et al. [15], Yadav et al. [16], Shah et al. [17], Ramesh et al. [18],
Katarya and Meena [19], Erdogan and Glney [20], Shukur and Mijwil [21], and Tasci and Samli [22]
reinforce both the breadth of the methodological toolkit and the consistency of the underlying design.

More recent work has shifted toward boosting and gradient based ensembles. Yang and Guan [23]
combined sampling-based class balancing with an extreme gradient boosting model and reported
superior performance over a panel of conventional learners; Nissa et al. [24] compared boosting
techniques and found AdaBoost most effective on a large public sample; and El-Sofany [25] and Anjum
et al. [26] likewise identified gradient boosting variants as leading performers, the latter on data collected
manually from clinics in Bangladesh. Table 1 summarizes a representative cross section of this
literature, highlighting the algorithms employed, the datasets and sample sizes, and the best performing
model reported in each case.
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Table 1

Representative machine learning studies on heart disease prediction

Study
Erdogan &
Giiney [20]

Shukur &
Mijwil [21]

Jindal et al.
[15]

Anitha &
Sridevi [14]

Yadav et al.
[16]

Vayadande
et al. [27]
Mahmoud et

al. [12]

Kumar et al.
[28]

Shorewala
[11]

Dwivedi [13]
Ramesh et
al. [18]

Shah et al.
[17]

Katarya &
Meena [19]

Tascl &
Samli [22]

Nissa et al.
[24]

El-Sofany
[25]

Algorithms
compared

SVM, K-NN, DT

LR, RF, ANN, SVM,
K-NN

K-NN, LR, RF

K-NN, NB, SVM

LR, SVM, NB, K-NN,
RF

LR, NB, K-NN, SVM,
ANN, DT, RF,
XGBoost, CatBoost

K-NN, SVM, DT, LR,
RF

NB, MLP, RF, DT

LR, SVM, K-NN, DT,
NB, ANN

ANN, SVM, LR, K-
NN, DT, NB

NB, SVM, LR, DT, RF,
K-NN

NB, DT, K-NN, RF
LR, NB, SVM, K-NN,
DT, RF, ANN, MLP

NB, J48, RF, MLP K-
NN, LR, SVM

Boosting ensemble
techniques

NB, SVM, XGBoost,
AdaBoost, DT, K-NN,
RF, LR

Best model

SVM

SVM

K-NN

NB

K-NN

LR/ RF/
XGBoost

RF
NB

Stacked
ensemble
(KNN + RF +
SVM)

LR

RF

K-NN

RF

K-NN

AdaBoost

XGBoost
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Sample

(n)
303

303
303
302
303

303

4240
270

70000

270
303
303
303
303
8763

503

Variables

13

14

14

14

13

13

14

14

14

12

13

14

14

14

13

13

Dataset

UcCl

UCl

UCl

UCl

UCl

Kaggle

Framingham

Statlog

Kaggle

Statlog

UCl

UCl

UCl

Kaggle

Kaggle

UCI + private




Study Algorithms Best model Sample  Variables Dataset
compared (n)

Anjum et al. LR, SVM, XGBoost, XGBoost 600 13 Hospital data

[26] LightGBM, DT (Bangladesh)

ANN artificial neural network, CatBoost categorical boosting, DT decision tree, K-NN k-nearest neighbors,
LightGBM light gradient boosting machine, LR logistic regression, MLP multilayer perceptron, NB Naive
Bayes, RF random forest, SVM support vector machine, UCI University of California Irvine machine
learning repository, XGBoost extreme gradient boosting.

Two observations emerge from this body of work. First, the field has effectively converged on a stable
methodological vocabulary; the marginal contribution of yet another classifier comparison on the same
data is correspondingly small. Second, and more consequentially, the great majority of these studies
draw on a narrow set of public benchmarks, with sample sizes around three hundred and provenance
concentrated in a handful of legacy repositories.

The limits of benchmark datasets and the case for real,
local data

The reliance on curated public datasets is itself a recognized concern. In a systematic review of machine
learning based cardiac diagnosis, Ahsan and Siddique [7] document the dominance of a small number of
repositories and caution that data assembled under controlled conditions do not necessarily capture the
full dynamics of real patient populations. The currency of the data compounds the problem: collections
gathered decades ago may be poorly aligned with present day clinical practice, evolving diagnostic
standards, and shifting demographic structure, all of which bear directly on a model’s ability to
generalize.

These limitations carry particular weight outside the populations from which the benchmarks were
drawn. A model trained on a foreign, pre-standardized dataset inherits the demographic, genetic,
nutritional and care delivery characteristics of that source, and its validity in a different national context
cannot be assumed. Locally sourced clinical data, by contrast, reflect the demographic profile,
comorbidity distribution, laboratory standards, and documentation practices of the setting in which a
model is to be used, and thereby support both more representative training and a more honest
assessment of clinical applicability. The argument is not that benchmarks are without value, but that
conclusions drawn from them require validation on data that resemble the intended deployment
environment a requirement that the present study takes as its point of departure. Recent regional
evidence supports this emphasis on locally grounded cardiovascular modelling: Mehrabani-Zeinabad et
al. [37] developed CVD incidence prediction models from a 16-year Eastern Mediterranean cohort,
illustrating the value of population-specific data while explicitly addressing substantial missingness
during model development.
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Handling missing data in clinical machine learning

If benchmark datasets understate the heterogeneity of clinical populations, they understate their
incompleteness still more. Routinely collected clinical data are missing for reasons that are rarely
benign: measurements are not always performed, results are sometimes recorded in the wrong field or
not at all, and patients may undergo investigations at other institutions and present only the outcome.
The treatment of these gaps is a substantive modelling decision rather than a clerical one. Lin and Tsai
[8], reviewing more than a hundred studies, show that the choice among imputation techniques, the
assumed missingness mechanism, and the evaluation protocol all influence downstream classification
performance.

The strategies adopted in the clinical literature are correspondingly varied. Nissa et al. [24] addressed
missing cardiovascular measurements through imputation; El Hamdaoui et al. [29] used mode
imputation for missing categorical variables; Omotehinwa et al. [30] employed multiple imputation by
chained equations; Wu et al. [31] used a random-forest-based approach; and Zheng et al. [32] combined
median imputation for numerical variables with mode imputation for categorical ones. A separate strand
treats missingness as information rather than nuisance: representing an absent categorical value as an
explicit “unknown” category allows a model to learn from the fact of absence itself, an approach that can
improve sensitivity when the missingness is not random [8]. More recently, Sun et al. [38] showed in an
EHR-based clinical prediction setting that missingness may be informative rather than incidental, and
that the choice of missing-data strategy should reflect the underlying missingness mechanism when
measurements are not missing at random.

Recent EHR-based studies have begun to compare alternative strategies for handling missingness and
to demonstrate that patterns of data collection can themselves be informative [38]. Nevertheless,
evidence remains limited in cardiovascular prediction using locally sourced routine hospital data,
particularly in designs that vary missing-data strategy systematically while holding the dataset,
algorithms, and evaluation protocol constant and then interrogate the predictive role of missingness
through explainable analysis.

What this literature lacks are a controlled comparison of these strategies on a single, genuinely real-
world clinical dataset, in which the strategy is varied while the data, the algorithms, and the evaluation
protocol are held constant. Without such a comparison, the relative importance of missing data handling
against the much-studied dimension of algorithm choice cannot be assessed.

Research gap and originality

The synthesis above therefore identifies a more specific threefold gap. First, although regionally
grounded cardiovascular prediction studies demonstrate the value of local cohort data [37], the literature
remains heavily concentrated on curated public benchmarks, leaving the behavior of machine-learning
models on contemporary routine hospital records comparatively underexplored. Second, although EHR-
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based work has begun to address informative missingness explicitly [38], missing-data handling is still
seldom treated as a first-order experimental factor in cardiovascular prediction under a common
modelling protocol. Third, the predictive contribution of missingness itself is rarely examined together
with model interpretability, even though this distinction is essential for separating data-generating and
documentation patterns from clinically causal signals.

This study addresses these gaps using an original dataset assembled from real Turkish cardiology
records rather than a public benchmark. It compares four contrasting missing-data strategies under
otherwise identical modelling and evaluation conditions, and it uses explainable artificial intelligence
analysis to examine whether, and how, the pattern of missingness contributes to prediction. The
contribution therefore lies not in proposing another classifier, but in providing controlled evidence on the
interaction between real-world data quality governance, algorithmic robustness, and informative
missingness in a locally grounded cardiovascular decision-support setting.

Methods
Overview of the modelling pipeline

The study follows an end to end pipeline designed to make the handling of real-world data quality explicit
and reproducible. The pipeline proceeds from data acquisition and expert guided feature selection,
through the standardization and clinical categorization of irregular records, to a structured audit of
missingness, outlier treatment, and the systematic application of four missing data scenarios. The
processed data then feed a panel of eleven supervised learning algorithms, each tuned and validated
under a common protocol, after which performance is evaluated across all scenarios and the leading
model is examined through explainable artificial intelligence analysis. The complete framework is
summarized in Fig. 1.

Study setting, data source and study population

The study draws on local and contemporary clinical data obtained from patients who presented to the
cardiology department of Egekent Hospital, a private hospital in Denizli, Tirkiye, between 2019 and 2024.
A dataset comprising 11706 patient records was assembled. Because patients underwent differing
diagnostic investigations, the parameters relevant to cardiac risk prediction were selected in
consultation with cardiology specialists and informed by a review of comparable machine learning
studies; this process yielded nineteen clinically meaningful and interpretable parameters spanning
demographic attributes, laboratory findings, and clinical measurements. The full set of variables,
together with their data type and coding, is given in Table 2.
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Table 2
Clinical variables in the dataset

No Variable Type Values / coding

1 Sex Categorical Male=1,Female=0

2 Age Numeric 14-97 years

3 Total cholesterol Numeric 69-798 mg/dL

4 Triglycerides Numeric 26-4198 mg/dL

5 Haemoglobin Numeric 5.1-19.5 g/dL

6 Creatinine Numeric 0.40-9.02 mg/dL

7 Diabetes Categorical Present=1, Absent=0

8 Family history Categorical Present =1, Absent =0, None reported = 2

9 Hypertension Categorical Present=1, Absent=0

10  Smoking Categorical Present=1, Absent=0

11 Chest pain Categorical Present=1, Absent=0

12  Palpitations Categorical Present=1, Absent=0

13 Ejection fraction Categorical  Unknown =0, Normal =1, Mild dysfunction = 2,
(echocardiography) Severe dysfunction =3

14  Electrocardiography Categorical  Unknown =0, Normal rhythm =1, Rhythm disorder
(ECG) =2, Conduction disorder = 3, Ischemic findings = 4,

Device effect = 5, Prior myocardial infarction =6

15 Blood pressure Categorical  Unknown =0, Low =1, Normal = 2, High = 3, Very
(systolic) high=4

16  Glucose (fasting) Categorical Unknown =0, Low =1, Normal =2, High =3

17  HDL cholesterol Numeric 15.9-131.9 mg/dL

18  LDL cholesterol Numeric 25.2-473.2 mg/dL

19  Diagnosis (target) Categorical Heart patient =1, Not a heart patient=0

Numeric ranges denote the observed minimum and maximum; categorical levels are shown with their
numerical codes. ECG electrocardiography, HDL high-density lipoprotein, LDL low-density lipoprotein.

The study was conducted on retrospectively collected clinical records and was approved by the Non-
Interventional Clinical Research Ethics Committee of Pamukkale University (decision no. 10, dated 20
May 2025), in accordance with the principles of the Declaration of Helsinki. Patient records were de-
identified prior to analysis.
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Data construction and preprocessing

It must be emphasized at the outset that the data were not extracted in a pre-cleaned form. Rather than
querying the database for complete records or for a curated subset of fields, the export retrieved the
entire set of cardiology department encounters together with all requested clinical variables, with no
prior check of whether individual fields were populated or empty. The analytic dataset therefore entered
the study in a raw, unfiltered state, with the full burden of incompleteness and inconsistency intact.
Working from such data entailed the well-documented difficulties of operating on the “dirty” data that
accumulate in real information systems substantial manual and computational cleaning effort together
with the additional challenge, relative to the curated datasets prevalent in the literature, of contending
with extensive externally introduced missingness. These difficulties were deliberately borne rather than
circumvented, since confronting them is precisely what distinguishes a real-world clinical modelling
study from one conducted on a pre-sanitized benchmark.

Because the records had been entered at different times and by different clinical staff, the raw data
exhibited substantial inconsistency, particularly in free text fields where semantically equivalent entries
were expressed in many different forms. The smoking status field, for example, contained a wide range
of non-standard entries (such as “sig+”, “sig-", “smokes”, “does not smoke”) that were consolidated,
according to their meaning, into two consistent categories. A further complication arose from the
dispersion of information across fields: diagnostic information pertaining to cardiac disease appeared
variously under “diagnosis,” “history,” or “background,” and physical findings such as electrocardiographic
results were not always recorded in the expected field. Reconstructing a coherent record for each patient
therefore required an intensive preprocessing effort, combining automated extraction with manual
verification, in which semantically equivalent expressions were unified and each patient’s information
was reassembled into a consistent structure. This stage was essential to data integrity and is itself

representative of the practical realities that distinguish real clinical data from curated benchmarks.

Clinical categorization of variables

Several clinical variables electrocardiographic findings and echocardiographic ejection fraction among
them presented numerous heterogeneous sub-values that would have introduced noise and instability
into the modelling process. In collaboration with a cardiologist, and in line with accepted clinical
classifications, these variables were grouped into clinically meaningful categories represented by
numerical codes. Electrocardiographic findings were consolidated into six clinically grounded categories
normal rhythm, rhythm disorder, conduction disorder, ischemic findings, device-related findings, and
evidence of prior myocardial infarction alongside a separate code for absent records. Glucose, blood
pressure, and ejection fraction were likewise categorized according to international reference ranges,
with unknown values retained as a distinct category, and the target variable was defined as a binary
distinction between patients with and without a cardiac diagnosis. Following grouping, categorical
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variables were transformed into numerical form by one-hot encoding [36]. This categorization reduced
model complexity while preserving and in clinical terms enhancing the interpretability of the variables.

Missingness profile and record cleaning

A structured audit revealed that incompleteness was concentrated in specific variables. The highest
proportions of missing data were observed in blood pressure (35.13%) and electrocardiographic findings
(33.78%), followed by echocardiography (20.47%) and high-density lipoprotein (11.78%); lower levels
were recorded for glucose (2.88%), triglycerides (2.40%), creatinine (2.17%), haemoglobin (2.08%),
cholesterol (1.89%), and low-density lipoprotein (1.81%). Demographic and core clinical variables age,
sex, diabetes, family history, palpitations, chest pain, hypertension, smoking, and the target were
complete. The audit suggested that this incompleteness arose from a combination of institutional
factors, such as omissions in manual data entry, and patient level socioeconomic factors, such as
investigations performed at other institutions to avoid cost an early indication that the missingness was
not purely random.

Records exhibiting missingness in six or more variables were excluded to protect data quality, reducing
the dataset from 11706 to 7680 observations, of which 4464 corresponded to patients with cardiac
disease and 3216 to patients without. The effort test variable, whose missingness was extreme, was
removed entirely to preserve data integrity and generalizability. Summary statistics for the numerical
variables confirmed the expected clinical ranges age, for instance, spanned 14 to 97 years with a mean
of approximately 64 while revealing pronounced right-skew and extreme values in several biochemical
measurements, notably triglycerides, low-density lipoprotein, and creatinine.

Outlier treatment

Outliers in the numerical variables were identified using the interquartile-range method, chosen for its
robustness to non-normal and skewed distributions. The analysis identified 1514 outlying observations,
with the largest counts in creatinine (415), triglycerides (386), and high-density lipoprotein (253), and
smaller counts in age, cholesterol, haemoglobin, and low-density lipoprotein. Rather than discarding
these observations and incurring further data loss, the study constrained them through capping
(winsorization) and subsequently transformed the numerical variables toward a normal distribution
using a quantile transformer, thereby limiting the influence of extreme values while retaining the full
sample.

The four missing data scenarios

The central methodological device of the study is the comparison of four contrasting strategies for
handling incomplete records, applied to the same dataset and evaluated with the same models and
metrics so that the effect of the strategy can be isolated:

» Scenario 1- Imputation: Variables with a high proportion of missing values are completed using a K-
nearest neighbors imputer, while numerical variables with low missingness are completed by
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median substitution. This strategy seeks to retain all observations while minimizing the information
loss associated with deletion.

e Scenario 2- Retention of missing values: Missing entries are left unfilled and passed directly to the
models, evaluating the native capacity of each algorithm to accommodate incomplete input. This
scenario serves as a reference condition and is applicable only to those algorithms that handle
missingness internally.

e Scenario 3- Hybrid handling with an “unknown” category: Missing categorical values are encoded
as an explicit “unknown” class, allowing the fact of absence to be modelled directly, while numerical
variables are completed using k-nearest-neighbors imputation for high missingness fields and
median substitution otherwise.

e Scenario 4- Complete case analysis: All records containing any missing value are removed, so that
analysis proceeds only on fully observed cases. This strategy avoids any imputation induced bias
but at the cost of sample size and class balance, and functions here as a lower bound condition.

Learning algorithms

Eleven supervised classifiers were evaluated, chosen to span the principal families of the field and to
permit a controlled comparison of their robustness to incomplete data. Linear and probabilistic
baselines were represented by logistic regression and Gaussian Naive Bayes; instance-based learning by
K-nearest neighbors; and single tree learning by a decision tree. The ensemble and boosting family of
particular interest given its prominence in recent cardiovascular work was represented by random forest,
gradient boosting, extreme gradient boosting (XGBoost), light gradient boosting machine (LightGBM),
categorical boosting (CatBoost), and adaptive boosting (AdaBoost). The boosting methods are
especially relevant to clinical data of mixed numerical and categorical type, and CatBoost in particular is
designed to handle categorical features directly [33, 34].

Training protocol and evaluation criteria

For each scenario, the data were partitioned into training and test subsets in an 80:20 ratio, with the test
partition reserved exclusively for assessing generalization. Hyperparameters were selected by grid
search, and five-fold cross validation was applied during tuning to guard against overfitting and to
provide a stable estimate of performance across data partitions. Model performance was assessed
using four complementary criteria. Accuracy measures the overall proportion of correct classifications;
precision measures the proportion of cases predicted positive that are truly positive; recall (sensitivity)
measures the proportion of true positives that are correctly identified; and the F1-score, the harmonic
mean of precision and recall, summarizes the balance between the two. Reporting all four is essential in
a clinical setting, where the costs of false positives and false negatives differ and overall accuracy alone
can be misleading. To establish that the models learn genuine structure rather than exploiting class
frequencies, performance was additionally benchmarked against a baseline classifier that predicts the
majority class.

Interpretability analysis
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Because clinical decision support requires not only accurate predictions but also intelligible ones, the
best performing configuration was analyzed using SHAP (SHapley Additive exPlanations), which
attributes a model’s output to its input features on a principled, additive basis [35]. Beyond ranking
individual feature contributions, SHAP interaction analysis was used to assess whether the model’s
decisions depended on a few dominant variable pairs or drew on information distributed across many
features an indicator of stability and generalizability. The interpretability analysis also provided the
means to test, directly, whether indicators of missingness functioned as informative features in their
own right. This emphasis is consistent with recent cardiovascular informatics research. Zhang et al. [39]
developed interpretable models from irregularly spaced EHR data for advanced heart-failure therapy
eligibility and evaluated the importance of clinical events at both population and individual levels. Jiang
et al. [40] subsequently combined LightGBM with SHAP-based feature assessment for cardiovascular
risk prediction, using global and local explanations to support clinically interpretable model outputs.

Results

Performance across the four scenarios

The eleven algorithms were evaluated under each of the four missing data scenarios using accuracy,
precision, recall, and F1-score. The accuracy results are reported in Table 3; the precision, recall, and F1
results follow the same pattern and are reported in Tables 4, 5 and 6.

Table 3 Model accuracy across the four scenarios

Model S1 (impute) S2 (retain) S3 (hybrid) S4 (complete case)
Support Vector Machine  0.77 - 0.76 0.69
LightGBM 0.76 0.75 0.75 0.70
Random Forest 0.76 - 0.75 0.69
Gradient Boosting 0.76 - 0.76 0.71
XGBoost 0.76 0.75 0.76 0.71
CatBoost 0.76 0.75 0.76 0.72
Logistic Regression 0.75 - 0.76 0.68
AdaBoost 0.75 - 0.75 0.70
Decision Tree 0.72 - 0.72 0.68
K-Nearest Neighbors 0.72 - 0.72 0.66
Gaussian Naive Bayes 0.68 - 0.68 0.68
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S1 imputation, S2 retention of missing values, S3 hybrid handling with an explicit unknown category, S4
complete case analysis. A dash indicates that a model is not applicable under Scenario 2, which retains
raw missing values and is therefore restricted to algorithms that accommodate missingness internally.

Table 4 Model precision across the four scenarios

Model S1 (impute) S2 (retain) S3 (hybrid) S4 (complete case)
Support Vector Machine  0.77 - 0.76 0.69
LightGBM 0.76 0.75 0.75 0.70
Random Forest 0.76 - 0.75 0.69
Gradient Boosting 0.76 - 0.75 0.71
XGBoost 0.76 0.75 0.75 0.71
CatBoost 0.76 0.75 0.76 0.72
Logistic Regression 0.75 - 0.76 0.68
AdaBoost 0.75 - 0.75 0.70
Decision Tree 0.72 - 0.72 0.69
K-Nearest Neighbors 0.72 - 0.72 0.66
Gaussian Naive Bayes 0.68 - 0.71 0.69

S1 imputation, S2 retention of missing values, S3 hybrid handling with an explicit unknown category, S4
complete case analysis. A dash indicates that a model is not applicable under Scenario 2, which retains
raw missing values and is therefore restricted to algorithms that accommodate missingness internally.

Table 5 Model recall across the four scenarios
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Model S1 (impute) S2 (retain) S3 (hybrid) S4 (complete case)
Support Vector Machine  0.77 - 0.76 0.69
LightGBM 0.76 0.75 0.75 0.70
Random Forest 0.76 - 0.75 0.69
Gradient Boosting 0.76 - 0.76 0.71
XGBoost 0.76 0.75 0.76 0.71
CatBoost 0.76 0.75 0.76 0.72
Logistic Regression 0.75 - 0.76 0.68
AdaBoost 0.75 - 0.75 0.70
Decision Tree 0.72 - 0.72 0.68
K-Nearest Neighbors 0.72 - 0.72 0.66
Gaussian Naive Bayes 0.68 - 0.68 0.68

S1 imputation, S2 retention of missing values, S3 hybrid handling with an explicit unknown category, S4
complete case analysis. A dash indicates that a model is not applicable under Scenario 2, which retains
raw missing values and is therefore restricted to algorithms that accommodate missingness internally.

Table 6 Model F1-score across the four scenarios

Model S1 (impute) S2 (retain) S3 (hybrid) S4 (complete case)
Support Vector Machine  0.77 - 0.76 0.69
LightGBM 0.76 0.75 0.75 0.70
Random Forest 0.76 - 0.75 0.69
Gradient Boosting 0.76 - 0.75 0.71
XGBoost 0.76 0.74 0.75 0.71
CatBoost 0.76 0.74 0.76 0.72
Logistic Regression 0.75 - 0.76 0.68
AdaBoost 0.74 - 0.75 0.70
Decision Tree 0.72 - 0.72 0.68
K-Nearest Neighbors 0.71 - 0.72 0.66
Gaussian Naive Bayes 0.66 - 0.63 0.68
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S1 imputation, S2 retention of missing values, S3 hybrid handling with an explicit unknown category, S4
complete case analysis. A dash indicates that a model is not applicable under Scenario 2, which retains
raw missing values and is therefore restricted to algorithms that accommodate missingness internally.

A consistent pattern is evident across all four metrics. When missing values are imputed (Scenario 1) or,
equivalently, when the data are complete, the support vector machine attains the highest performance,
with the boosting ensembles gradient boosting, XGBoost, and CatBoost close behind. Crucially, the
hybrid strategy of Scenario 3, which imputes numerical variables and encodes categorical missingness
as an explicit “unknown” class, preserves this performance almost entirely, indicating that information
loss is minimized when absence is modelled rather than discarded. The complete case analysis of
Scenario 4 tells the opposite story: deleting every incomplete record degrades performance markedly
across the board the support vector machine falls from 0.77 to 0.69, and K-nearest neighbors and
logistic regression decline to 0.66 and 0.68 respectively as the reduction in sample size and the
disturbance of class balance erode the models’ capacity to learn. The boosting ensembles prove the
most resilient to incomplete data, while K-nearest neighbors and Gaussian Naive Bayes are the most
adversely affected, the latter consistent with the difficulty of satisfying its feature independence
assumption on clinical data.

Interpretability and the informativeness of missingness

SHAP analysis of the leading model identified age, the absence of chest pain, an indicator of missing
blood pressure, cholesterol, and the absence of hypertension among the most influential features, with
several biochemical and echocardiographic variables also contributing (Fig. 2a). Interaction analysis
showed that the model did not rely on a small number of dominant feature pairs but instead drew on
information distributed across many variables; performance was optimized when a small set of strong
interacting pairs was retained reaching an accuracy of approximately 0.76 whereas adding further
interactions reduced it (Fig. 2b). This distributed pattern indicates a stable decision structure that is less
prone to overfitting than one concentrated on a few dominant signals. To confirm that this structure
reflects genuine learning, the model was compared against a majority-class baseline, which achieved an
accuracy of approximately 0.58; the substantial margin over this baseline establishes that the models
capture meaningful clinical structure rather than class frequencies.

The directionality underlying these importance rankings is shown in the SHAP summary (beeswarm) plot
(Fig. 3), in which each point is a single patient, horizontal position gives the feature’s signed impact on
the model output, and color encodes the feature value (red = high, blue = low). The indicator of missing
blood pressure again ranks among the most influential features, consistent with the informative
missingness interpretation developed below. Displaying the full distribution also reveals the direction of
each effect higher age, for instance, shifts predictions toward higher risk while several one-hot-encoded
“absence” indicators carry information whose direction reflects data patterns rather than direct clinical
causation.
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The most theoretically significant finding concerns the indicator of missing blood pressure, which
emerged among the most important features. Because this indicator represents the absence of a
measurement, its predictive value points to informative missingness: the pattern of what is not recorded
is itself related to patient status, plausibly because it reflects systematic differences in how particular
patient groups are investigated and documented rather than random omission. The same interpretation
applies to the prominence of the “absence of chest pain” feature, which the one-hot encoding represents
explicitly and which the model uses in combination with age, blood pressure, and cholesterol. These
results must be read with care: the importance of a missingness indicator signals that absence carries
information within this dataset, not that it bears a direct clinical-causal relationship to disease. The
finding nonetheless demonstrates that, in real-world clinical data, how missingness is handled is not
merely a question of data hygiene but one that can shape what a model learns and how its outputs
should be interpreted.

Discussion

Contributions in relation to the research questions
The findings bear directly on the four research questions that motivated the study.

On RQ1 the influence of missing data strategy. The results establish that, on real-world clinical data, the
choice of missing data strategy exerts an effect on predictive performance that is comparable in
magnitude to the choice of algorithm. Holding the data, models, and protocol constant, the difference
between a strategy that retains and model’s incompleteness (Scenarios 1 and 3) and one that deletes it
(Scenario 4) reaches several percentage points of accuracy and F1-score for the strongest models a
margin that exceeds the differences among the better performing algorithms themselves. Data-quality
governance is therefore not a preparatory detail but a determinant of model reliability, and the common
practice of fixing it by convention is shown to carry real cost.

On RQ2 robustness across algorithm families. The boosting ensembles gradient boosting, XGBoost, and
CatBoost proved the most robust to incomplete clinical data, maintaining strong and stable performance
across the imputation and hybrid scenarios and degrading least under complete case deletion. The
support vector machine matched or led them under favorable preprocessing but, like most models,
suffered under deletion. Instance-based and simple probabilistic methods (K-nearest neighbors and
Gaussian Naive Bayes) were the least resilient. For heterogeneous clinical data combining numerical and
categorical features, the boosting family thus offers the most dependable basis for deployment.

On RQ3 informative missingness. The interpretability analysis answers this question affirmatively and
constitutes the study’s principal conceptual contribution. The pattern of missingness exemplified by the
indicator of unrecorded blood pressure carries predictive information, reflecting systematic features of
clinical practice rather than random noise. This finding reframes missing data from a defect to be
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eliminated into a signal to be understood, while underscoring the interpretive caution required:
informativeness is a property of the data generating process, not evidence of clinical causation.

On RQ4 the value of locally sourced data. By building and modelling an original Turkish clinical dataset
rather than a public benchmark, the study demonstrates how real, local data alter both the conduct and
the reading of cardiovascular prediction research. The pervasive missingness, the irregular
documentation, and the more modest but more representative performance levels that characterize
routine care are rarely surfaced by curated benchmarks. The resulting models are correspondingly more
credible as a basis for clinical decision support in their intended setting, and the dataset itself
constitutes a regionally representative resource of independent value.

Taken together, these contributions advance the literature less by adding another entry to the algorithm
leaderboard than by relocating the locus of methodological attention. They show that, for clinical
machine learning to be trustworthy, the governance of real-world data quality must be treated as a
central scientific concern.

Limitations and future research

The study is subject to limitations that also define its future directions. It is based on retrospective data
from a single center, and its performance levels, while honest, are modest by the standards of
benchmark studies; external validation on data from other institutions and regions is required to
establish generalizability. The target label was derived from documentation that was itself irregular, and
the feature set, though clinically grounded, omits genetic, lifestyle, and environmental factors whose
inclusion could sharpen individual risk estimates. Future work should pursue multi-site validation,
incorporate richer feature sets, explore deep-learning approaches capable of modelling more complex
variable interactions, and advance toward integration with hospital information systems so that the
resulting models can function as practical clinical decision support tools.

Conclusions

This study examined heart disease prediction not as a contest among classifiers on familiar
benchmarks but as a problem governed, in equal measure, by the quality of the data on which models
are built. Using an original clinical dataset assembled from Turkish cardiology records, it compared a
broad family of supervised learning algorithms under four contrasting strategies for handling missing
data, and it interpreted the resulting models through explainable-artificial-intelligence analysis. The
evidence is clear and consistent. Appropriate handling of incomplete records whether through principled
imputation or through the explicit modelling of absence as an “unknown” category preserves predictive
capability and model stability, whereas the uncritical deletion of imperfect data erodes both. Boosting
ensembles emerged as the most robust models for heterogeneous clinical data, and the pattern of
missingness itself proved to be informative, reflecting systematic features of clinical practice that a
model can learn but that an analyst must interpret with care. By foregrounding the governance of real-
world data quality, the study offers both a reproducible, regionally grounded framework for
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cardiovascular risk prediction and a broader argument for treating data quality as a first-order scientific
question in clinical machine learning.
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SHAP analysis of the best-performing model

(a) Feature importance (top 10)

Age 0.492
Chest pain: absent
Blood pressure: missing
Cholesterol
Hypertension: absent
Family history: absent
HDL cholesterol

Echocardiography: cat. 2

Triglyceride 0.083

Echocardiography: cat. 1 0.081

0.0 0.1 0.2 0.3 0.4 0.5

Mean |SHAP value| (mean impact on model output)

(b) Feature interactions (top 10)

Chest pain absent x Hypertension absent 0.072

Age % Chest pain absent 0.069

ECG normal x Blood pressure missing
Age x Cholesterol

Cholesterol x Chest pain absent
Cholesterol x LDL

Age x Hemoglobin

Chest pain absent x ECG normal
Cholesterol x Triglyceride

Triglyceride x HDL
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SHAP interaction strength

B Clinical feature / interaction
B Missing-blood-pressure indicator (informative missingness)

Figure 2

SHAP analysis of the best performing model

(a) Mean absolute SHAP values for the ten most influential features; (b) the ten strongest pairwise
feature interactions. Features are derived from one-hot encoding, so the absence of a clinical finding
(e.g., chest pain, hypertension) appears as a distinct feature. The indicator of missing blood pressure
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(highlighted) ranks among the most important features and participates in a leading interaction with a
normal electrocardiographic reading, illustrating that the pattern of missingness itself carries predictive
information.

High

Age .-——“*-‘

Chest pain — absent e -’
Blood pressure — missing -’- g

Total cholesterol ”

Family history — absent + oo —

Hypertension — absent H H

Echocardiography — cat. 2

HDL cholesterol

Palpitations — absent
Echocardiography — cat. 1

Triglycerides

Feature value

Creatinine

Smoking — non-smoker
Haemoglobin

Sex — category 0

ECG — rhythm disorder
ECG — normal rhythm
Blood pressure — normal
Family history — present

LDL cholesterol

T T T T T T T LOW
-20 -15 -10 -05 0.0 0.5 1.0

SHAP value (impact on model output)

Figure 3
SHAP summary plot
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