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EARLY PREDICTION OF IN-HOSPITAL MORTALITY
USING INTERPRETABLE AND CALIBRATED
ENSEMBLE MACHINE LEARNING MODELS

Abstract

Early identification of patients at high risk of in-hospital mortality is a persistent challenge in clinical practice,
particularly during infectious disease outbreaks such as COVID-19, when decisions must be made at the time of
hospital admission using incomplete information. Although machine learning methods have been widely applied to
mortality prediction, many existing models are developed and assessed under conditions that limit their usefulness
for early triage, including insufficient attention to probability reliability, temporal generalization, and decision-
oriented assessment. This work examines early-stage mortality risk prediction using routinely available clinical data
collected at the time of hospital admission. An ensemble of gradient boosting models is developed and analyzed
under strict temporal separation to reflect real-world deployment conditions. Particular emphasis is placed on the
reliability of predicted probabilities, with post-hoc isotonic calibration applied to improve alignment between
predicted risks and observed outcomes. Model performance is assessed using complementary discrimination and
calibration metrics, while clinical relevance is examined through decision curve analysis across plausible operating
thresholds. Evaluation on an independent, temporally held-out test set shows that ensemble aggregation improves
the stability of risk estimates, while calibration yields more consistent threshold-based behavior without altering
ranking performance. Decision curve analysis indicates that calibrated predictions provide higher net benefit
than default decision strategies across a broad range of early triage thresholds. These findings highlight that, in
early clinical decision-making, probability reliability plays a critical role alongside discrimination. The presented
framework offers a methodologically robust approach to early in-hospital mortality risk assessment under realistic
clinical and temporal constraints.
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Introduction

Recent advances in information and communication technologies have enabled the widespread
adoption of data-driven decision support systems in high-impact domains, including healthcare. The
increasing availability of electronic health records and national clinical registries has stimulated the
application of machine learning methods for predictive modeling, risk stratification, and outcome
forecasting across a broad range of clinical tasks. In this context, increasing attention has been paid to
early prediction of adverse clinical outcomes using routinely available clinical information collected
at the initial stages of patient assessment, where decisions must often be made before detailed
laboratory or imaging data become available [1-2].

204



KA3AKCTAH-BPUTAH TEXHUKAJIBIK
YHUBEPCUTETIHIH, XABAPIIBICHI Tom 23, Ne 3, 2026

Machine learning models have demonstrated promising results in mortality prediction tasks
across different clinical settings, including infectious disease outbreaks such as COVID-19.
Ensemble methods, tree-based algorithms, and neural networks are frequently reported to outperform
traditional statistical approaches in terms of discriminative ability [3—5]. However, strong predictive
discrimination alone does not guarantee reliable or clinically meaningful risk estimates. In early
clinical decision-making settings, even well-discriminating models may produce risk estimates that
are difficult to interpret or operationalize in practice when absolute probabilities are not sufficiently
reliable [3].

Another critical challenge limiting the real-world deployment of machine learning models in
healthcare is interpretability. Many high-performing models operate as “black boxes”, providing
limited insight into the mechanisms underlying their predictions. This lack of transparency reduces
clinicians’ trust and complicates the integration of such models into routine clinical workflows. As a
result, recent research increasingly emphasizes interpretable machine learning approaches that enable
assessment of feature contributions and facilitate understanding of individual risk predictions [6—8].

In addition to discrimination and interpretability, the reliability of predicted probabilities has
emerged as a central methodological consideration for clinical prediction models. When predicted
risks are intended to support patient-level decision-making, calibration becomes essential, particularly
under temporal distribution shift and evolving clinical conditions [9]. Closely related to this issue
is the evaluation of clinical utility. Traditional performance metrics, such as accuracy or the area
under the receiver operating characteristic curve, do not directly reflect the consequences of model-
based decisions. Decision curve analysis has therefore been proposed as an effective framework for
assessing the net benefit of predictive models across a range of risk thresholds and for explicitly
linking model outputs to actionable decision strategies [10—11].

Despite the growing body of literature on machine learning—based mortality prediction, many
studies continue to focus primarily on improving predictive performance or proposing novel model
architectures. Methodological aspects related to early-stage applicability, probability reliability, and
the translation of model outputs into clinically meaningful decision thresholds remain insufficiently
emphasized [12]. Furthermore, the use of lightweight clinical data available at the early stages
of hospitalization remains underexplored, despite its importance for timely clinical triage and
prospective decision support [13].

In this context, the aim of this study is to develop and evaluate an interpretable ensemble machine
learning approach for early prediction of in-hospital mortality using routinely available admission-
time clinical data collected at the initial stage of hospitalization. We hypothesize that combining
ensemble learning with calibration and interpretability techniques can enhance the reliability and
clinical usefulness of early mortality risk predictions when only limited clinical information is
available. To investigate this hypothesis, large-scale registry data are analyzed under strict temporal
separation, ensemble machine learning models are trained and post-hoc calibrated, discrimination
and probability reliability are jointly evaluated, and potential clinical utility is assessed using
decision curve analysis and operational risk thresholds. This study contributes a rigorously validated,
calibration-aware ensemble framework for early in-hospital mortality prediction, explicitly linking
probabilistic risk estimates to clinically actionable decision thresholds under temporal dataset
shift. The novelty of this study lies in its calibration-aware, decision-oriented evaluation of early-
stage ensemble models under strict temporal validation rather than in proposing a new algorithmic
architecture.

Materials and methods

Data source and cohort construction

This study was based on anonymized secondary registry data of hospitalized patients with
confirmed COVID-19 infection, with in-hospital mortality defined as a binary outcome. The registry
represents a large-scale, real-world clinical data source reflecting routine hospital practice across
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multiple pandemic waves. To support reproducibility, the data were consolidated into a unified year-
indexed panel with a fixed feature schema across years and stored in Parquet format.

The final analytical cohort comprised approximately 2.53 million hospital admissions, with an
overall in-hospital mortality proportion of 0.284. Notably, outcome prevalence varied substantially
across calendar years, with mortality rates of 0.305 in 2020, 0.299 in 2021, and 0.214 in 2022,
indicating pronounced temporal heterogeneity in baseline risk. This variability reflects changes in
patient characteristics, clinical management, and pandemic dynamics over time and motivated the
explicit consideration of temporal generalization in subsequent modeling stages.

At the cohort assembly stage, data processing decisions were deliberately conservative.
Aggressive record exclusion, extensive feature engineering, or heavy imputation were intentionally
avoided in order to preserve the natural structure of the registry data. Data quality was assessed
through reproducible exploratory checks of demographic distributions, missingness patterns, and
indicator correlations; these diagnostics confirmed expected clinical gradients and the absence of
critical schema inconsistencies. This design choice was motivated by the study’s focus on probability
calibration and clinical utility, as excessive preprocessing may introduce implicit assumptions that
distort risk distributions and bias downstream decision-curve analyses. By retaining the original data
structure as much as possible, the constructed cohort provides a realistic basis for evaluating early-
stage risk prediction under real-world conditions.

Validation design and leakage control (temporal generalization)

Consistent with the exploratory cohort-level analysis described above, all validation and evaluation
procedures were explicitly designed to account for pronounced temporal non-stationarity and baseline
risk shifts observed across pandemic waves. To approximate real-world deployment conditions and
explicitly address dataset shift over time, a strict temporal validation design was adopted [14—16]. All
models were trained using data from 2020-2021 and evaluated on an independent, chronologically
held-out test set from 2022, ensuring that no information from the future period was available at any
stage of model training, calibration, or model selection.

This validation strategy was chosen in response to substantial temporal drift observed in both
outcome prevalence and age-stratified risk distributions across calendar years. Under such conditions,
risk estimates, predicted probabilities, and clinically meaningful decision thresholds learned
on earlier data cannot be assumed to remain valid in later periods without explicit re-validation
[14, 16]. In particular, evaluation protocols based on random splits or cross-validation may yield
overly optimistic performance estimates by implicitly sharing information across time and thereby
introducing temporal leakage [15].

By enforcing a fully out-of-time evaluation, the adopted design provides a more realistic
assessment of temporal generalization, calibration stability, and clinical utility under evolving
epidemiological and clinical conditions [14, 16]. This approach is especially critical for early-stage
mortality risk prediction, where models are intended to support prospective decision-making and
must remain robust to non-stationary data-generating processes.

Feature set and preprocessing principles (early triage constraints)

The predictive pipeline was deliberately constrained to an early-stage (EHR-lite) feature set,
consisting exclusively of variables routinely available at the time of initial hospital admission and
suitable for early clinical triage. This restriction reflects the intended use case of the models, namely
prospective risk stratification before the availability of laboratory dynamics, imaging results, or in-
hospital treatment trajectories.

Preprocessing emphasized consistency and transparency rather than maximal feature
enrichment [12]. All yearly data extracts were mapped to a unified feature schema to ensure
comparability across pandemic waves, while inclusion criteria were applied uniformly to avoid
introducing year-specific biases. Importantly, preprocessing decisions were explicitly separated from
model training, allowing their effects on probability calibration and downstream threshold-based
decision-making to be evaluated in isolation.
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Operations such as missing-value imputation, construction of derived variables, and additional
filtering were treated as methodological choices requiring explicit justification, rather than as
default preprocessing steps. This design reduces the risk of inadvertently encoding outcome-related
information into the feature set and supports interpretability of predicted risk distributions under
early-triage constraints.

Model family and ensemble construction

Consistent with best practices for clinical risk prediction under dataset shift, multiple model
families were evaluated within a unified training and validation framework to assess robustness of
early mortality risk prediction [17]. Candidate models included regularized logistic regression (L2),
elastic net logistic regression, random forest, histogram-based gradient boosting, LightGBM, and
XGBoost. All models were trained using the same early-stage (EHR-lite) feature set and evaluated
under an identical temporal validation protocol.

Model selection was guided not only by discriminative performance but also by stability of
predicted probabilities and robustness across time. While individual models achieved comparable
AUROC values, tree-based gradient boosting methods consistently demonstrated superior precision—
recall characteristics and more stable probability distributions under temporal generalization, in line
with prior observations in clinical machine learning.

Based on these observations, the final predictive model was constructed as an ensemble of
three high-performing gradient boosting learners with complementary inductive biases. Ensemble
aggregation was performed by averaging predicted probabilities across the selected base models. This
simple aggregation strategy was chosen to reduce variance and mitigate model-specific error patterns
while preserving interpretability and calibration properties. More complex stacking architectures
were deliberately avoided to limit overfitting and to preserve interpretability of the modeling pipeline.

The resulting ensemble demonstrated improved stability of risk estimates compared to individual
models and served as the primary prediction engine for subsequent calibration, discrimination, and
decision-analytic evaluation.

Probability calibration

Because model outputs were intended to support threshold-based clinical decision-making,
particular emphasis was placed on the reliability of predicted probabilities rather than ranking
performance alone [9]. In early triage settings, inaccurate probability estimates directly affect
threshold selection and may lead to inappropriate clinical actions, even when discrimination metrics
appear satisfactory.

To address this, post-hoc probability calibration was applied using isotonic regression, a non-
parametric calibration method that does not impose parametric assumptions on the relationship
between raw model scores and observed outcome frequencies [18—19]. Calibration models were
trained exclusively on the training data, ensuring that evaluation on the temporally held-out test set
reflected true out-of-sample probability reliability without information leakage.

Both uncalibrated (raw) and calibrated probability estimates were retained for downstream
analysis. This design enabled direct comparison of discrimination metrics, calibration quality, and
decision-curve behavior before and after calibration. Importantly, isotonic calibration preserved
ranking performance while improving alignment between predicted risks and observed outcome
frequencies, thereby supporting more consistent and interpretable threshold-based decision-making.

Evaluation metrics (discrimination and reliability)

Model performance was evaluated on the independent 2022 temporally held-out test set
using complementary metrics designed to capture both discriminative ability and probability
reliability [20]. This dual evaluation strategy reflects the study’s focus on clinically meaningful risk
estimation rather than ranking performance alone.

Discrimination was assessed using the area under the receiver operating characteristic curve
(AUROC) and the area under the precision—recall curve (PR-AUC), the latter being particularly
informative given the non-negligible prevalence of in-hospital mortality. To quantify the accuracy
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of probabilistic predictions, overall calibration quality was evaluated using the Brier score, which
jointly reflects calibration and refinement.

For the final isotonic-calibrated ensemble, performance on the 2022 test set reached AUROC =
0.812, PR-AUC = 0.483, and Brier score = 0.140, indicating strong discrimination accompanied by
reliable probability estimates. Reporting discrimination and reliability metrics jointly enables a more
comprehensive assessment of model suitability for threshold-based clinical decision support.

Clinical utility via Decision Curve Analysis

To assess whether improvements in predictive performance translate into clinically meaningful
decision support, we evaluated model utility using Decision Curve Analysis (DCA) on the independent
2022 test set [10—11]. DCA quantifies net benefit by comparing model-assisted decision-making with
default reference strategies, specifically “treat all” and “treat none,” across a range of clinically
relevant probability thresholds.

The isotonic-calibrated ensemble demonstrated consistent dominance over both reference
strategies across a broad threshold interval, approximately 0.15-0.50, indicating a favorable balance
between correct identification of high-risk patients and avoidance of excessive false-positive
decisions [21-22]. This pattern indicates that improved probability reliability supports more consistent
threshold-based clinical decision-making rather than improvements in ranking performance alone.

In addition, an operational triage interval between 0.20 and 0.35 was identified as a practically
relevant region in which the calibrated ensemble maintained positive net benefit while remaining
robustly superior to baseline strategies. This interval represents a clinically plausible compromise
between sensitivity and specificity under early triage constraints and illustrates how calibrated risk
estimates can support informed threshold selection in real-world settings.

Implementation and reproducibility

All preprocessing, modeling, calibration, and evaluation steps were implemented within
reproducible computational workflows, ensuring traceability of analytical decisions across the entire
pipeline. Data handling, model training, validation, and performance assessment followed a fixed
and auditable sequence designed to minimize procedural variability and support methodological
transparency.

To facilitate reproducibility, non-sensitive artifacts—including the preprocessing schema, feature
definitions, validation protocols, and evaluation procedures—can be made available upon reasonable
request. Code components required to reproduce the analytical workflow and key experimental
results may also be provided, subject to institutional and regulatory constraints.

Access to raw patient-level data is restricted due to privacy, ethical, and legal considerations.
These data protection requirements are consistent with the use of secondary clinical registry data and
do not affect the reproducibility of the methodological framework presented in this study.

Results and discussion

Cohort characteristics and descriptive analysis

The final analytical cohort comprised approximately 2.53 million hospital admissions with
confirmed COVID-19 infection and a binary outcome defined as in-hospital mortality. The dataset
represents a large-scale, real-world clinical registry covering multiple pandemic waves and reflecting
routine hospital practice under varying epidemiological and organizational conditions.

As an initial descriptive and exploratory analysis step, cohort-level characteristics and outcome
dynamics were examined to assess data integrity, temporal structure, and baseline risk heterogeneity
prior to predictive modeling. This exploratory analysis was intended to verify clinically plausible
gradients, identify temporal non-stationarity, and inform subsequent choices related to validation
design, calibration strategy, and decision-oriented evaluation.

Overall in-hospital mortality across the full cohort was 0.284. Substantial temporal variation in
outcome prevalence was observed across calendar years, with mortality rates of 0.305 in 2020, 0.299
in 2021, and 0.214 in 2022. This marked decline in observed mortality during later pandemic periods
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reflects changes in patient composition, clinical management, and broader epidemiological dynamics
over time.

All records were harmonized into a unified feature schema to ensure consistency across yearly
data extracts. The cohort construction deliberately preserved the original structure of the registry
without aggressive record exclusion or extensive feature transformation. As a result, the observed
descriptive patterns reflect naturally occurring variability in routinely collected clinical data rather
than artifacts introduced by preprocessing.

Baseline descriptive characteristics demonstrated pronounced heterogeneity in patient-level risk
across the cohort. Temporal shifts in outcome prevalence translated into changes in baseline risk
distributions, underscoring the non-stationary nature of the data-generating process. These findings
motivated the use of strict chronological separation between training and evaluation data and the
explicit assessment of model robustness under temporal distribution shift.

Figure 1 summarizes the exploratory temporal analysis of outcome dynamics by presenting
the weekly in-hospital mortality rate over the full observation period together with leakage-safe
smoothing based on a lagged three-week moving average. The figure highlights pronounced wave-
like behavior and temporal non-stationarity in outcome prevalence, providing empirical justification
for temporal validation, probability calibration, and threshold-based decision analysis in subsequent
modeling stages.
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Figure 1 — Weekly in-hospital mortality rate illustrating temporal non-stationarity
and leakage-safe smoothing using a lagged 3-week
moving average (lag=1)

Discrimination and calibration performance

Model performance was evaluated on the independent 2022 temporally held-out test set using
metrics reflecting both discriminative ability and probability accuracy. Evaluation was conducted for
individual base learners, the ensemble model, and their calibrated variants using a unified and fixed
evaluation protocol.

Across all evaluated configurations, ensemble aggregation consistently yielded higher
discriminative performance compared to single-model counterparts. Individual base learners
demonstrated comparable but lower AUROC and PR-AUC values, whereas ensemble predictions
achieved more stable performance across evaluation runs. This pattern was consistent across both
raw and calibrated probability outputs.

For the final ensemble model, post-processing with isotonic calibration preserved discriminative
performance while improving probability accuracy. On the 2022 test set, the isotonic-calibrated
ensemble achieved an AUROC of 0.812, a PR-AUC 0f 0.483, and a Brier score of 0.140. Compared to
the uncalibrated ensemble, calibration resulted in a reduction of the Brier score, indicating improved
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alignment between predicted probabilities and observed outcomes, while AUROC and PR-AUC
values remained largely unchanged.

When comparing raw and calibrated probability estimates, discrimination metrics (AUROC
and PR-AUC) exhibited minimal variation across model variants. In contrast, probability accuracy
differed more substantially, with calibrated outputs consistently demonstrating lower Brier scores
than their uncalibrated counterparts. This pattern was observed both for individual base learners and
for the ensemble model.

Comparative analysis between single models and the ensemble further indicated that ensemble
predictions demonstrated more favorable combinations of discrimination and reliability metrics.
While individual models achieved reasonable AUROC values, their probabilistic accuracy was
generally inferior to that of the ensemble, particularly after calibration. These results suggest that
ensemble aggregation and calibration contribute complementary improvements to overall model
performance.

A quantitative summary of discrimination and reliability metrics for individual models, the
ensemble, and their calibrated variants is presented in Table 1, enabling direct comparison of
performance across evaluated configurations.

Table 1 — Discrimination and calibration performance of individual models, ensemble model,
and calibrated ensemble on the temporally held-out 2022 test set

Model AUROC PR-AUC Brier
LR 0.786 0.451 0.146
LR (Elastic Net) 0.770 0.428 0.150
RF 0.784 0.437 0.145
HGB 0.793 0.453 0.141
LGBM 0.793 0.453 0.143
XGB 0.792 0.453 0.143
Ensemble (raw) 0.802 0.475 0.141
Ensemble (isotonic) 0.812 0.483 0.140

Calibration assessment

Calibration performance was evaluated on the independent, temporally held-out 2022 test set by
comparing predicted probabilities with observed outcome frequencies using calibration curves and
probabilistic error measures. Calibration analysis was conducted for individual base learners, the
ensemble model, and their post-processed variants obtained via isotonic regression.

Calibration curves indicated that the ensemble model exhibited good probability alignment
already in its raw (uncalibrated) form, particularly within the clinically relevant range of predicted
probabilities. While minor local deviations from the reference diagonal were observed, no evidence
of systematic miscalibration was identified for ensemble predictions.

Post-hoc isotonic calibration preserved this overall alignment and resulted in modest but
consistent improvements in probability reliability. For the ensemble model, isotonic calibration led
to a reduction in the Brier score relative to the uncalibrated variant, while discrimination metrics
remained largely unchanged. Similar calibration patterns were observed for individual base learners,
although the magnitude of calibration effects varied across model families.

Comparative analysis further demonstrated that ensemble predictions exhibited smaller overall
calibration deviations than single-model predictions, both before and after calibration. Post-
calibration curves for the ensemble were smoother and remained closely aligned with observed
outcome frequencies, whereas calibration curves for individual models showed greater residual
variability.
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Representative calibration curves for raw and isotonic-calibrated ensemble predictions are shown
in Figure 2, illustrating probability alignment within the operational risk range and the stabilizing
effect of post-hoc calibration.
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Figure 2 — Calibration of ensemble predictions on the 2022 test set using
quantile-based binning with 95% bootstrap confidence intervals

Decision Curve Analysis

Decision Curve Analysis (DCA) was conducted on the independent 2022 temporally held-out
test set to evaluate the clinical utility of the final isotonic-calibrated ensemble model across a range
of probability thresholds. Net benefit curves were compared against the default reference strategies
“treat all” and “treat none”.

Across the evaluated threshold range, the isotonic-calibrated ensemble demonstrated consistently
positive net benefit relative to both reference strategies, particularly within the clinically plausible
threshold interval of approximately 0.15 to 0.50. Within this range, the model-assisted decision
strategy remained stably superior to baseline approaches, indicating a favorable balance between
true-positive identification and avoidance of unnecessary interventions. This pattern indicates that
the observed decision-analytic gains are primarily attributable to improved probability reliability
rather than changes in ranking performance.

At lower thresholds, net benefit values approached those of the “treat all” strategy, reflecting
increasingly liberal decision policies, whereas at higher thresholds the net benefit gradually converged
toward the “treat none” strategy. This behavior is consistent with expected decision-analytic dynamics
under increasing decision stringency.

Overall, these results indicate that the calibrated ensemble model provides meaningful clinical
benefit across a broad range of early triage thresholds. Net benefit curves for the evaluated strategies
are shown in Figure 3.
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Figure 3 — Decision curve analysis for the isotonic-calibrated ensemble model
on the independent 2022 test set, showing net benefit across threshold probabilities
in comparison with default strategies (“treat all” and “treat none™)

Operational risk thresholds

To complement decision-curve—based evaluation, model performance was additionally examined
at a set of operational probability thresholds relevant for early clinical triage. Thresholds were
selected within the region where the calibrated ensemble demonstrated sustained positive net benefit
in Decision Curve Analysis, focusing on values commonly considered in early risk stratification
settings.

Three representative thresholds—0.20, 0.30, and 0.35—-were evaluated on the independent 2022
temporally held-out test set. For each threshold, standard classification metrics were computed,
including sensitivity, specificity, and positive predictive value, alongside corresponding net benefit
estimates. This threshold-based evaluation enables direct comparison of model behavior across
different operating points.

At lower thresholds, the calibrated ensemble identified a larger proportion of high-risk patients,
resulting in higher sensitivity and lower specificity. As the threshold increased, sensitivity decreased
while specificity increased, reflecting the expected trade-off between false-positive and false-negative
decisions. Across all evaluated thresholds, the calibrated ensemble maintained positive net benefit
relative to baseline strategies.

Comparative analysis indicated that threshold-based performance of the calibrated ensemble was
more stable than that of uncalibrated predictions. In particular, calibrated outputs exhibited smaller
fluctuations in net benefit across adjacent thresholds, whereas uncalibrated outputs showed greater
sensitivity to threshold selection. This pattern was consistent with the calibration improvements
observed for the ensemble model.

A summary of threshold-specific performance metrics for the calibrated ensemble is provided in
Table 2, including sensitivity, specificity, positive predictive value, and net benefit at each evaluated
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threshold. These results illustrate how calibrated probability estimates support consistent model
behavior across a range of practical operating points.

Table 2 — Performance of the isotonic-calibrated ensemble model at selected probability thresholds
on the 2022 test set

Threshold Sensitivity Specificity PPV Net benefit
0.20 0.922 0.508 0.337 0.1002
0.30 0.814 0.629 0.373 0.0488
0.35 0.723 0.703 0.398 0.0289

This study investigated early-stage machine learning models for in-hospital mortality prediction
under conditions closely approximating real-world clinical deployment. By combining strict temporal
validation, probability calibration, and decision-analytic evaluation, the results demonstrate that
predictive discrimination alone is insufficient for reliable early clinical decision support, particularly
in non-stationary settings such as infectious disease outbreaks [3—4].

Consistent with prior research, ensemble aggregation outperformed individual base learners in
terms of discriminative performance. Ensemble methods are known to reduce variance and improve
robustness when applied to large-scale observational healthcare data. However, the present findings
show that improved discrimination does not automatically translate into clinically reliable risk
estimates. Despite comparable AUROC and PR-AUC values, uncalibrated models exhibited local
deviations in probability alignment, highlighting the limitations of relying solely on ranking-based
metrics in threshold-dependent clinical applications [3].

Probability calibration emerged as a critical determinant of downstream model behavior.
Calibration assessment and Brier score analysis demonstrated that isotonic post-processing resulted
in modest but consistent improvements in agreement between predicted risks and observed outcomes
without altering the underlying ranking structure. Together, these results reinforce the need to
explicitly evaluate probability reliability when model outputs are used to guide early triage decisions,
where absolute risk estimates directly influence threshold selection and resource allocation [9, 18].

The clinical relevance of probability calibration was further illustrated through Decision Curve
Analysis. The isotonic-calibrated ensemble demonstrated consistently positive net benefit relative
to default decision strategies across a broad range of clinically plausible thresholds. This finding
indicates that improvements in probability reliability translate into more robust decision-analytic
performance, rather than merely improved statistical metrics. By framing evaluation in terms of
net benefit, Decision Curve Analysis provides a transparent link between predictive modeling and
clinical decision-making and complements conventional discrimination-based assessment [10—11].

A key methodological strength of this study is the use of strict temporal validation. Training
models on earlier pandemic waves and evaluating them on a fully independent, later time period
revealed substantial shifts in outcome prevalence and baseline risk distributions. Under such
conditions, commonly used random-split or cross-validation approaches may produce overly
optimistic performance estimates. The persistence of calibration quality and decision-analytic
benefit under temporal generalization suggests that the proposed framework offers a more realistic
assessment of model robustness in evolving clinical environments [14].

The study also demonstrates that meaningful early risk stratification can be achieved using an
EHR-lite feature set consisting exclusively of information available at hospital admission. While
richer longitudinal, laboratory, or imaging data may further enhance predictive accuracy, such data
are often unavailable at the time when early clinical decisions must be made. Similar observations
have been reported in prior large-scale evaluations of clinical prediction models, underscoring the
practical value of early-stage approaches under constrained data availability [4].

213



HERALD OF THE KAZAKH-BRITISH
Vol. 23, No. 3, 2026 TECHNICAL UNIVERSITY

Several considerations are important when interpreting the results of this study. The analysis
is based on a large-scale secondary clinical registry, which provides a realistic representation of
routine hospital data but may limit direct generalizability to healthcare systems with different patient
populations and data collection practices. At the same time, the use of strict temporal validation
allows for a more realistic assessment of model performance under temporal distribution shift, which
is critical for real-world deployment. In addition, while the present study focuses on fixed out-of-
time evaluation, real-world clinical use may require ongoing monitoring of probability calibration
as data distributions evolve over time. Future work may further explore adaptive recalibration and
model updating strategies to maintain the stability and reliability of probabilistic predictions [14].

The analysis focused on a single binary outcome. At the same time, preliminary subgroup-level
evaluation indicated broadly consistent model behavior across major demographic groups. However,
more detailed subgroup analysis, fairness assessment, and prospective evaluation in real-world
clinical workflows remain important directions for future work.

Conclusion

This study demonstrated that in early-stage in-hospital mortality prediction, probability reliability
and decision-oriented evaluation are essential complements to discriminative performance. While
ensemble learning improved overall predictive accuracy, post-hoc probability calibration contributed
to stabilizing risk estimates and supporting more consistent threshold-based decision-making.

Using strict temporal validation and an early-stage (EHR-lite) feature set, the results showed
that calibrated ensemble models maintained robust performance under dataset shift and achieved
consistently positive net benefit across a clinically plausible range of decision thresholds. These
findings highlight the importance of integrating calibration and decision-analytic methods into clinical
machine learning pipelines, particularly in settings characterized by temporal non-stationarity and
limited early information.

Overall, the proposed framework provides a practical and methodologically sound approach for
evaluating early clinical risk prediction models and may support the development of more reliable
machine learning—based decision-support tools in real-world hospital settings.
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NHTEPIIPETAIUAJTAHATBIH )KOHE KAJIUBPJIEHTI'EH
AHCAMBJIBAIK MAINWUHAJIBIK OKBITY MOJAEJIBAEPIH KOJIIAHA
OTBIPBIII AYPYXAHA INIHAET'T OJIIM-KITIMII EPTE BOJIZKAY

Anjiarna

AypyxaHa XaFTaibIHIa MAIMCHTTIH OIIM-XKITIM KayIliH epTe Ke3eHne Oaraiay KIMHHUKAIBIK TOXKipuOeneri
MaHBI3IAB MiHAETTepAIH Oipi, acipece COVID-19 cHAKTHI KYKIanbel aypylap KeH TapalFaH Xarmaiga. MyHmait
Ke3Je menriMep kKoOiHe HayKacThl CTallMOHApFa KaObLIIay COTiHAE, MIEKTeyi 0acTanKbl KIMHUKAIBIK MOJTIMET-
Tep Heri3iHje KaObuigaHaabl. MalnHaIbIK OKBITY dicTepl Oyi1 OarbITTa KeHIHEH KOJIaHbUIFAHBIMEH, KOITETCH
3epTTeyNiep epTe KIMHHUKAIBIK TPHAX TaJlallTapblHA TOJBIK COMKEC KelMeini. byl eH alibIMeH, BIKTUMAJIIBIK
OoynKamMIapbIHBIH CEHIMALIITIHE, YaKbIT OOMbIHINA e3repicTepre OelimienyiHe jkoHe MIeNIiM KaObulaayFa Heri3-
JenTeH Oarajay TOCUIIepiHe JKETKUTIKTI KeHin OenminOeyiMeH TyciHmipizeni. Ochl KyYMBICTa aypyXaHara TYCKEH
COTTE KOJDKETIMII KYHAETIKTI KIMHHUKAJBIK JEPeKTep HETi3iHAe eJNIM-KITIM KaylliH epre Ooipkay Moceneci
KapacThIpbUIaibl. 3epTTey OapbIChIHAa HAKThl KIMHHMKAIBIK JKaFnaimapipl OeifHeney MakcaTblHAA JepeKTep
yakpIT OOWBIHIIIA KaTaH O6JIiHIMN, MOJCIbACD OChl Karuaara COWKEC OKBITBHUIBIN, Oarananabl. [ paaueHTTiK Oyc-
TUHTKE HETI3/IeJIreH aHCaMOJBIIK MOACIbACP KYpPBUIBII, OODKaMIApAbIH CCHIMIUTITIH apTThIPY YIIiH post-hoc
HM30TOHHKAIBIK KaHOPIIEy 9fici KOMMaHbUIIEL. MoAeIbIepIiH THIMIUIT AUCKPUMHUHAISIIBIK JKOHE KaIuOpiey
METPHUKAIAphl APKbLIbI KEIICH T OaFaIaHbII, OJIAPbIH KITMHUKAIBIK MAHBI3IBLUIBIFI MM KaObUIay KMCHIKTAPbIH
tannay (Decision Curve Analysis, DCA) omicimen 3eprrenmi. Toyenci3, yakpIT OOHBIHIIA OOIIHTEH TECTLTIK
JKUBIHJIA aJIbIHFaH HOTHXKeNep aHCaMONbIIK TOCUIAIH TOyeKes OaralapblHBIH TYPAKTBUIBIFBIH apTThIPATHIHBIH, ajl
KannOpIeyaiH MOJAENB/IH IIEeKTI MOHJEPJEri XYMBICHIH TypakKTaHAbIpaThIHbIH KepcerTi. COHbIMEH Karap, Ka-
JTUOpIICHreH OOJDKaMIap/IblH CTaHAAPTThI CTPATETUSIIAPMEH CaJIbICTBIPFaH/Ia IICKTI MOHACP/IH KCH ayKbIMBIHIA
JKOFapBI THIMIILUTIK KOPCETETiHI aHBIKTAJIBL. AJTBIHFaH HOTIDKEIIEp epTe KIIMHUKAIBIK IICeTTiM KaObLTAay JKaFTalbIHIa
BIKTIMAJIIBIK OOJKaMIapBIHBIH CEHIMIUTITT JUCKPUMUHALMSIIBIK KaOijeTIieH KaTtap MaHBI3AbI PO aTKapaThIHBIH
monenaeini. YChIHBUIFAaH TOCIT YakpIT OOWBIHINA ©3TepeTiH JCpeKTep JKargalblHaa JKoHe OacTamkbl aKmapar
IeKTeyi OOoNFaH Ke3Zle aypyxaHa ilIiHAeri eliM-XiTiM KaymiH Oaralayra apHaJFaH CEHIMI opi MPaKTHKAIBIK
TYPFBIZIAH HET13[eNTeH JJIiC.

Tyiiin ce3aep: MalIMHANBIK OKBITY, aypyXaHa ILIHIETT 6JIM-)KITIM, epTe KIMHUKAIBIK TPHaXK, aHCAMOJIbIIK

MOJICITBICP, BIKTUMAJIBIKTAP/IBI KAIUOpIIEy, MISIIiM KaObUIAay KUCBHIKTAPBIH Talaay, KJIMHUKAIBIK IICIIiMICp/i
KOJ1/1ay.

216



KA3AKCTAH-BPUTAH TEXHUKAJIBIK
YHUBEPCUTETIHIH, XABAPIIBICHI Tom 23, Ne 3, 2026

*Kynuuuxk B.I.,
nokropant, ORCID ID: 0009-0004-8580-7731,
*e-mail: kunichikval@gmail.com
ICaanpixoBa O.C.,
K.T.H., aCCOLIMMPOBAHHBIN mpodeccop,
ORCID ID: 0000-0002-8681-4552, e-mail: solga0603@mail.ru

'Kocranaiickuii pernoHaj bHbIA YHUBEPCUTET UM. AxMmeTa ballTypchiHyIbl,
r. Kocranaii, Kazaxcran

PAHHEE ITIPOITHO3UPOBAHUE BHYTPUBOJbHUYHOM JIETAJIBHOCTH
C HCITOJIb3OBAHUEM HHTEPIIPETUPYEMBIX U KAJINBPOBAHHBIX
AHCAMBJIEBBIX MOJAEJIEM MAIINHHOI'O OBYYEHUA

AHHOTALUA

PanHee BBIsSIBIEHUE AITUEHTOB C BBICOKUM PUCKOM BHYTPHUOOILHUYHON JIETATHHOCTH OCTAETCS OTHOM U3 KITIO-
YEBBIX 3a/1a4 KIIMHUYCCKOU MPAKTUKH, OCOOCHHO B YCJIOBHSIX BCIIBIIICK WHPEKIMOHHBIX 3a00JICBAHUI, TAKUX KaK
COVID-19, xorna pemieHus JODKHBI IPUHUMATHCS YK€ Ha 3Tale TOCHUTAIU3AIUN PH OrPAHHYCHHOM 00BbeMe
nmocTymHOM nHpopManuu. HecMoTpst Ha MIMPOKOe MPUMEHEHHE METOIOB MATHHHOTO OOyYSHHS JUTSI IIPOTHO3UPO-
BaHUSI JICTATBHOCTH, MHOTHE CYIIECTBYIOIIIE MOJICIIH Pa3padaThIBalOTCS U OIICHUBAIOTCS B YCIIOBHAX, CHIKAFOIIINX
WX TIPUMEHUMOCTD /ISl pPaHHEH KIIMHUYIECKOW TPHAK-OICHKH, BKITIOYast HEJOCTaTOYHOE BHUMAHHE K HAJICKHOCTH
BEPOSTHOCTHBIX TIPOTHO30B, BPEMEHHON 0000111aeMOCTH U OPUEHTUPOBAHHOW HA IPUHSATHE PEIIeHUH orleHke. B pa-
0oTe paccMaTpuBaeTCs 3a/1aua paHHEro MPOTHO3UPOBAHUS PUCKA JIETATHHOTO UCXO0Ja HA OCHOBE PYTHHHO JOCTYTI-
HBIX KJIMHUYECKHX JTaHHBIX, COOMPACMBbIX IPH IMOCTYIUICHUH MMAlMCHTa B cTallnoHap. Pa3padaTeiBacTcss aHcamMOIb
MOJIeNIeH TPalueHTHOTO OyCTHHTA, aHAU3UPYEMBI B YCIIOBHSIX CTPOTOr0 BPEMEHHOTO pasieicHUs 00ydJaromeit
W TECTOBOH BBIOOPOK, YTO OTpPaKACT PEATUCTUYHEIC CIICHAPHH PAKTHUECKOrO BHeApeHus. OcoObIil akIeHT clie-
JIaH Ha HAJICKHOCTH MIPOTHO3UPYEMBIX BEPOSTHOCTEH: IS YAYUIIECHHS COTTIACOBAHHOCTH MEKIY MPENCKa3aHHBIMHI
pUCKaMHU 1 HaOIIOIAeMBIMU HCXOJaMHU TIPUMEHSETCS TMOCT-XOK M30TOHWYECKas: KanuOpoBka. KadecTBo Momeneit
OIICHUBACTCS C UCIOIB30BAHHEM COBOKYITHOCTH TUCKPUMUHAIIMOHHBIX M KaTHOPOBOYHBIX METPHK, & KIIMHAYCCKAsT
3HAYUMOCTb aHAJIM3UPYETCsl C TIOMOILBIO aHAJIM3a KPUBBIX MPUHITHS PELICHUI B Mana3oHe MPaKTUYeCKU 3HAYU-
MBIX ToporoB. OIIeHKa Ha HE3aBUCHMOI BPEMEHHO OTIIOKCHHOM TECTOBOW BBIOOPKE MTOKA3BIBACT, UTO aHCAMOIIEBast
arperarysi OBBIIIACT YCTOWYHBOCTH OIIEHOK PHCKA, a KaTHOPOBKa 00ecIeunBacT 0oliee COrIacOBAaHHOE MTOPOTOBOE
moBeIcHNEe 0e3 M3MEHEHHUS PamKUPYIONeil CIOCOOHOCTH MofieIel. AHAIN3 KPUBBIX MPUHATHS PELICHAN TEeMOH-
CTPHUPYET NMPEUMYIIECTBO OTKATUOPOBAHHBIX MPOTHO30B M0 YHCTOMY BBIUTPBINITY B ITUPOKOM JTHAIA30HE MTOPOTOB
paHHero KIMHUYECKOro Tpuaxa. [lonydeHHble pe3yabTaTbl TOAUYEPKUBAIOT, YTO HAAE)KHOCTH BEPOSTHOCTHBIX OIle-
HOK WIpaeT KJIFYCBYIO POJIb HAPSIY C TUCKPUMHHALMOHHOW CIIOCOOHOCTBIO Mojeiei. [1peayioxeH bl MOaX0/
MPEJCTABISCT COOOH METOMOIIOTHIESCKH 00O0CHOBAHHOE PEIICHUE U paHHEH OIEHKU PHCKAa BHYTPHOOIBHUIHOMN
JIETaFHOCTH B YCIIOBHUAX PEANEHON KIMHUYCCKOH MPAKTUKA M BPEMEHHOW HECTaOMIBHOCTH JaHHBIX.

KuroueBble c10Ba: MaltMHHOE 00ydYeHHE, BHYTPHOOIbHUYHAS JIETAIbHOCTD, PAHHUHN KIMHUYECKUN TPHAK,

aHcaMmOJIeBbIe MOJICIH, KaJTMOPOBKa BEPOSITHOCTEH, aHAJIN3 KPUBBIX MPHHSITHS PEILICHUH, TTO//IEPIKKA KIMHIYECKHX
pelIeHu.
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