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ABSTRACT
Objectives: The incidence of stroke is higher among type 2 diabetes mellitus (T2DM) patients with a higher mortality rate. Prognostic scores for stroke 
patients can assist with treatment planning and counseling. The objective of this study was to create a machine-learning-based prognostic score to estimate 
in-hospital mortality in acute stroke with T2DM.

Materials and Methods: This study used data from claims-based diabetes registry at Dr. Sardjito General Hospital, Yogyakarta, Indonesia, to identify 
patients diagnosed with acute stroke and T2DM between January 2016 and December 2020. Four machine learning algorithms were trained and evaluated 
based on standard performance metrics. Important features were selected from the best-performing model and implemented in a web-based in-hospital 
mortality prediction scoring system.

Results: Of the 18,652 patients in the registry, the final analytic dataset comprised 749 patients (557 survivors and 192 non-survivors). The random forest 
showed superiority compared to other models. The six most important features were length of stay, sepsis, pneumonia, age, dyslipidemia, and hemiplegia. 
Using these features, the web-based system estimates the probability of in-hospital death for an individual patient.

Conclusion: Machine learning analysis may support an in-hospital mortality prediction score for patients with acute stroke and T2DM patients by 
leveraging the key features identified by the random forest model.
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INTRODUCTION
Globally, stroke is the leading contributor to disability 
and the second-leading contributor to mortality.[1,2] In the 
INTERSTROKE case–control study across 32 countries, 
type  2 diabetes mellitus (T2DM) was among the ten risk 
factors associated with 90% of stroke cases.[3] Similarly, a 
community-based survey in Sleman, Yogyakarta, Indonesia, 
found that T2DM, age, and hypertension showed a significant 
association with stroke.[4] T2DM not only increases stroke 
risk but is also linked to higher in-hospital and long-term 
mortality, stroke recurrence, multiple comorbidities, and in-
hospital complications across stroke types.[5,6]

Prognostic scores can assist clinicians with treatment 
planning and counseling. For example, the stroke subtype, 
Oxford Community Stroke Project classification, age, and 

pre-stroke modified Rankin Scale (mRS) score predict in-
hospital and 7-day mortality in acute stroke.[7,8] Another 
study identified total anterior circulation stroke, estimated 
glomerular filtration rate <15, 1-year increments in age, 
liver disease, 1-point increments in pre-stroke mRS, atrial 
fibrillation, coronary heart disease, chronic obstructive 
pulmonary disease, and hypertension as predictors of 10-
year mortality.[9] Severity indices such as the acute physiology 
and chronic health evaluation II (APACHE II) and the 
sequential organ failure assessment (SOFA) have also been 
used to predict stroke mortality using clinical and laboratory 
data.[10,11] However, these scores may not generalize to 
all populations because of differences in racial/ethnic 
composition, hospital type, healthcare systems, and available 
treatments;[12] and the required variables are not always 
available in routine practice.
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A systematic review of machine-learning methods for 
predicting stroke mortality showed that many studies used 
detailed clinical and laboratory variables as explanatory 
features.[13] Most models addressed binary outcomes 
(survival vs. mortality) and commonly employed support 
vector machines, logistic regression, random forests, 
k-nearest neighbors (KNN), artificial neural networks, and 
eXtreme gradient boosting (XGBoost).[13] Compared with 
conventional statistical methods, machine learning has 
demonstrated superior performance in predicting mortality 
in acute coronary syndrome and ischemic stroke,[14,15] and in 
some cases, has outperformed traditional stroke prognostic 
scores.[13] Nevertheless, reliance on granular clinical or 
laboratory data can limit implementation. Claims-based 
registries derived from electronic medical records offer 
a scalable alternative by capturing comorbidities and in-
hospital complications without requiring detailed laboratory 
measurements.

Accordingly, we aimed to develop a machine-learning-based 
scoring system to predict in-hospital mortality among acute 
stroke patients with T2DM using demographic and clinical 
information, comorbidities, and in-hospital complications 
available from a claims-based registry. We also evaluated 
whether these routinely available variables could predict 
in-hospital mortality using real-world data as effectively as 
models that depend on detailed clinical and laboratory data.

MATERIALS AND METHODS
Data collection

This study used a claims-based diabetes registry data 
at Dr.  Sardjito General Hospital, a tertiary hospital in 
Yogyakarta, Indonesia, covering patients diagnosed with 
acute stroke and T2DM between January 2016 and December 
2020. The dataset consisted of demographic features, 
diagnosis information, and discharge status, including 
comorbidity data derived from International Classification 
of Diseases, 10th  Revision (ICD-10) codes. The inclusion 
criteria specified hospitalized adult patients (18  years old 
or older) with either acute hemorrhagic or ischemic stroke 
and T2DM requiring treatment in a tertiary care hospital. 
The exclusion criteria ruled out patients without a confirmed 
T2DM diagnosis, those with sequelae of stroke or post-stroke 
diagnosis, incomplete data, or patients with any other type of 
diabetes. The data cleaning process involved categorization of 
comorbid diseases, data transformation, and the translation 
of ICD-10 codes into disease names.

Data pre-processing

Feature/variable selection was conducted based on clinical 
judgments and a descriptive analysis of the top 10 comorbid 
diseases in the stroke and T2DM population. The data 

were divided at random into a training set (75%) and a 
testing set (25%). This split was performed using the initial 
split function from the tidymodels package in R,[16] which 
allows for a random allocation of data and preserves the 
distribution of variables between the training and testing 
sets. The models were developed based on the training 
dataset and evaluated for performance using the testing 
dataset. This helped to ensure a balanced representation of 
the dataset in both training and testing phases. The case of 
missing data was addressed using multivariate imputation 
by the chained equation technique, where appropriate. This 
technique iteratively imputes each variable with missing 
values using predictive models built from the remaining 
variables. The cycle repeats until the imputations stabilize, 
preserving multivariable relationships under a missing-at-
random assumption.

The tidy models framework in R was utilized for data 
pre-processing. This included a series of steps for feature 
selection, data transformation, and handling missing values. 
The same pre-processing steps were consistently applied to 
both the training and test data. A workflow was developed to 
combine the pre-processing recipe and model specification. 
This workflow incorporated a 10-fold cross-validation to 
yield a reliable performance estimate.

Machine learning model development and identification 
of important features

Four machine learning algorithms were implemented: 
Random Forest, Logistic Regression, XGBoost, and KNN. 
These were chosen based on their known performance and 
interpretability in similar prediction tasks.[13] A 10-fold cross-
validation resampling procedure was used to ensure robust 
model validation. This method trained and validated each 
algorithm multiple times on different subsets of the data to 
provide a comprehensive overview of performance.

The model was evaluated with standard metrics – accuracy, 
precision, sensitivity, specificity, and area under the receiver 
operating characteristic curve (AUC-ROC). Following the 
model evaluation, the best-performing model was selected 
and applied to the test data for an unbiased estimate of its 
generalizability. To identify a concise, clinically usable set of 
predictors, we derived model-based importance scores from 
the selected model for all candidate variables. These scores 
reflect each variable’s relative contribution to distinguishing 
the binary outcome between survivors and non-survivors. 
Variables were ranked by their importance, and the top 10 
variables or features were selected as key predictors. In 
addition, we used SHapley Additive exPlanations (SHAP) 
to identify the ten features with the greatest influence on the 
model’s predictions. These features will be used to develop a 
scoring system to aid in patient outcome predictions.
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Prediction scoring system user interface development

For practical use in the clinical setting, the predictive scoring 
system model was embedded into an interactive Shiny web 
application and then deployed online, allowing real-time 
predictions based on individual patient data. The application 
visualizes the SHAP values, providing a personalized 
interpretation of prediction results.

Validation with real-world data

A secondary dataset was used, derived from the stroke 
registry of Dr.  Sardjito General Hospital in Yogyakarta, 
Indonesia, covering January to December 2024. This dataset 
included all patients diagnosed with acute stroke and T2DM 
to evaluate the performance of the in-hospital mortality 
prediction scoring system. The required variables for input 
into the scoring system were prepared based on patients’ 
discharge data and aligned with the identified critical 
features. The prediction scores were collected and analyzed 
for comparison between patients who survived with those 
who died.

Ethical consideration

Approval for this study was obtained from the Ethics 
Committee, Faculty of Medicine, Public Health and Nursing, 
Universitas Gadjah Mada, Ref. No.: KE/FK/0388/EC/2024.

RESULTS
Patients’ selection and characteristics

The patient selection procedure for this study began with 
the initial extraction of data from the claims-based diabetes 
registry of the Dr.  Sardjito General Hospital main database 
for the years 2016–2020. This data included 18,652 patients 
of all ages diagnosed with diabetes using either the primary 
or secondary ICD-10 codes, regardless of whether they 
were hospitalized or treated as outpatients. A  series of 
inclusion and exclusion criteria was applied to the dataset 
after the initial data extraction. Specifically, only adults 
18  years or older with T2DM who had any form of stroke 
(either hemorrhagic or ischemic) requiring hospitalization 
were included. The goal of focusing on inpatient care was to 
target patients with potentially severe conditions requiring 
hospitalization. Following this thorough selection procedure, 
a final dataset comprised 749 patients [Figure 1].

The characteristics and comorbidities of patients who 
were discharged as survivors (n = 557) and deceased/non-
survivors (n = 192) among the total number of participants 
in the study (n = 749) are presented in Table  1. Overall, 
patients had a median length of stay of 8 (interquartile range 
[IQR] 5, 13) days. The average length of stay was significantly 
shorter in non-survivors compared to survivors. The overall 

Figure  1: Schematic workflow of the patient selection process. 
T2DM: Type 2 diabetes mellitus.

mean age of the subjects was 62 (standard deviation ± 11) 
years old. The proportion of male was similar in survivors 
and non-survivors. The majority of patients were diagnosed 
with hypertension (62%). Hypertension, sepsis, kidney 
failure, pneumonia, anemia, hypoalbuminemia, leukocytosis, 
dyslipidemia, and coronary artery disease were significantly 
different between survivors and non-survivors using the 
bivariate analysis.

Machine learning models and their performance metrics

After training each machine learning algorithm, we assessed 
its performance using the test set and standard metrics. 
Figure 2 illustrates the mean accuracy, precision, sensitivity, 
and specificity of the four predictive models. Overall, the 
random forest model demonstrated superior performance 
compared to the other evaluated algorithms, particularly in 
terms of sensitivity, precision, and accuracy. These results 
demonstrate the model’s robust ability to correctly identify 
patients who were deceased on hospital discharge and its 
overall accuracy of prediction.

As presented in Figure 3, the AUC-ROC values for Logistic 
Regression, Random Forest, KNN, and XGBoost values 
were 0.821, 0.884, 0.756, and 0.874. Primarily based on the 
AUC-ROC metric, the random forest model emerged as the 
top-performing model. The AUC-ROC is commonly used 
for binary classification because it integrates the sensitivity-
specificity trade-off across thresholds. The random forest 
model demonstrated a robust balance between sensitivity 
and specificity.
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Table 1: Patients’ characteristics.

Characteristic Overall n=7491 
(%)

Survive on hospital discharge 
n=5571 (%)

Non‑survivor on hospital 
discharge, n=1921 (%)

p2

Hypertension 0.003
No 283 (38) 193 (35) 90 (47)
Yes 466 (62) 364 (65) 102 (53)

Sepsis <0.001
No 655 (87) 539 (97) 116 (60)
Yes 94 (13) 18 (3) 76 (40)

Kidney failure <0.001
No 574 (77) 457 (82) 117 (61)
Yes 175 (23) 100 (18) 75 (39)

Pneumonia <0.001
No 543 (72) 447 (80) 96 (50)
Yes 206 (28) 110 (20) 96 (50)

Urinary Tract Infection 0.3
No 610 (81) 458 (82) 152 (79)
Yes 139 (19) 99 (18) 40 (21)

Anemia 0.003
No 621 (83) 475 (85) 146 (76)
Yes 128 (17) 82 (15) 46 (24)

Hypoalbuminemia <0.001
No 524 (70) 415 (75) 109 (57)
Yes 225 (30) 142 (25) 83 (43)

Leukocytosis 0.002
No 691 (92) 524 (94) 167 (87)
Yes 58 (8) 33 (5.9) 25 (13)

Hypokalemia 0.6
No 583 (78) 436 (78) 147 (77)
Yes 166 (22) 121 (22) 45 (23)

Hyponatremia 0.8
No 648 (87) 481 (86) 167 (87)
Yes 101 (13) 76 (14) 25 (13)

Dyslipidemia <0.001
No 551 (74) 379 (68) 172 (90)
Yes 198 (26) 178 (32) 20 (10)

Coronary artery disease 0.023
No 635 (85) 482 (87) 153 (80)
Yes 114 (15) 75 (13) 39 (20)

Hemiplegia <0.001
No 538 (72) 367 (66) 171 (89)
Yes 211 (28) 190 (34) 21 (11)
Age (years) 62 (11) 62 (11) 63 (11) 0.3

Sex >0.9
Male 400 (53) 297 (53) 103 (54)
Female 349 (47) 260 (47) 89 (46)

Length of stay (days) 8 (5, 13) 8 (6, 13) 6 (3, 13) <0.001
1n (%); Mean (Standard deviation); Median (interquartile range). 2Pearson’s Chi‑squared test; Welch Two Sample t‑test; Wilcoxon rank‑sum test. P<0.05 is 
considered significant.
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Important features from random forests model

The top ten characteristics, as determined by the Random 
Forests model, are displayed in Figure 4. Length of stay, sepsis, 
pneumonia, age, dyslipidemia, hemiplegia, anemia, urinary 
tract infection, kidney failure, and hypertension were the 
top ten most influential variables. The y-axis displays these 

variables, and the x-axis displays their importance scores. 
Length of stay emerged as the most significant factor for 
predicting the outcomes of patients with stroke and T2DM. 
Comorbidities such as sepsis, pneumonia, dyslipidemia, 
hemiplegia, anemia, urinary tract infection, kidney failure, 
and hypertension were also found to be important. Age was 
also an important factor in the prediction.

Figure 2: Bar diagram of model performance.

Figure 3: Receiver operating characteristic curve of model performance. 
KNN: K-nearest neighbors, XG Boost: eXtreme Gradient Boosting.

Figure 4: Feature importance in the random forest model. 
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Web-based in-hospital mortality prediction tool

A web-based in-hospital mortality prediction tool, developed 
using the R Shiny framework and accessible at ugm.id/
dmstroke, enables users to input predictor variables and 
generates predictions that are visualized as SHAP plots 
[Figure  5]. The tool includes a predictive model based on 
the random forest algorithm using variables selected for 
their clinical significance and the results of our variable 
importance analysis. The variables used by this model were 
those with an importance score >20%: Length of stay, sepsis, 
pneumonia, age, dyslipidemia, and hemiplegia. The variables 
of sepsis, pneumonia, dyslipidemia, and hemiplegia were 
inputted as nominal variables, choosing between yes/no. The 
variables of length of stay and age can be inputted as numeric 
variables by entering their respective representative values.

The SHAP plot is then generated to illustrate the contribution 
of each input variable to the predicted outcome. The 
influence of each variable on the prediction is quantified 
using SHAP values, which are a robust unified measure of 
feature importance. We used the SHAP method to interpret 
the random forest model’s predictions because it accounts 
for complex interactions between variables and provides 
consistent attribution of each feature’s contribution.

For illustration, we present four example cases of patients with 
acute stroke and T2DM, each with different clinical features 
during hospitalization. All cases had a confirmed acute stroke 
diagnosis based on clinical presentation and head computed 

tomography scan. In case 1, Henry, a 59-year-old male, 
presented with hemiplegia and urinary tract infection during 
his 12-day hospital stay. In case 2, Bobby, a 67-year-old male, 
suffered from sepsis, pneumonia, kidney failure, hemiplegia, 
urinary tract infection, and hypertension on his second day 
of hospitalization. In case 3, Sussie, a 55-year-old female, 
presented with loss of consciousness and was diagnosed with 
sepsis, pneumonia, kidney failure, urinary tract infection, 
and hypertension by the fourth day of her hospitalization. 
In case 4, Annie, a 53-year-old female, had weakness of 
her left extremities on her 6th  day of hospitalization. Each 
patient had unique SHAP plots, highlighting how their 
distinct characteristics could influence the model’s prediction 
[Figure  5]. The green SHAP bars indicate the features that 
increased the probability of in-hospital mortality, meanwhile 
the red SHAP bars decrease it. Each feature affected the in-
hospital mortality probability to varying degrees.

The in-hospital mortality probabilities predicted for Henry, 
Bobby, Sussie, and Annie were 0.032, 0.906, 0.972, and 0.01, 
respectively. Henry had a 0.032 probability, meaning a 3.2% 
predicted chance of in-hospital mortality. In his case, the 
positive contributors to mortality (shown in green) were the 
absence of dyslipidemia; whereas the negative contributors to 
mortality (shown in red) were the absence of sepsis, a 12-day 
hospitalization, the presence of hemiplegia, the absence 
of pneumonia, and age 59. As shown in Figure 5, in SHAP 
contributions for Bobby, Sussie, and Annie varied, reflecting 
the complex interaction between features.

Figure 5: Web-based prediction system and SHapley Additive exPlanations analysis.
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Validation with real-world data

Between January and December 2024, a total of 451 patients 
with acute stroke were identified, comprising 323  cases 
of acute ischemic stroke and 128  cases of intracerebral 
hemorrhage. Among these, 121  patients (105 with acute 
ischemic stroke and 16 with intracerebral hemorrhage) were 
also diagnosed with T2DM and included in the validation of 
the scoring system.

The median probability scores for in-hospital mortality were 
0.01 (IQR: 0.00–0.09) in the survivor group (n = 105) and 
0.63 (IQR: 0.18–0.81) in the deceased group (n = 16), with the 
difference being statistically significant (p < 0.05) according 
to the Wilcoxon rank-sum test. In the subgroup analysis of 
acute ischemic stroke patients, the median probability scores 
for in-hospital mortality were 0.01 (IQR: 0.00–0.09) for 
survivors (n = 94) and 0.66 (IQR: 0.45–0.83) for those who 
died (n = 11), showing a statistically significant difference 
(p < 0.05) by the Wilcoxon rank-sum test. Similarly, in the 
subgroup analysis of intracerebral hemorrhage patients, the 
median probability scores for in-hospital mortality were 
0.00 (IQR: 0.00–0.02) for survivors (n = 11) and 0.26 (IQR: 
0.03–0.64) for those who died (n = 5), also demonstrating a 
statistically significant difference (p < 0.05) by the Wilcoxon 
rank-sum test. Figure 6 presents a visual comparison of the 
prediction score.

DISCUSSION
Supervised machine-learning approaches enable flexible 
prediction from heterogeneous clinical data and have 
been applied to stroke outcome prediction for more than a 
decade.[13] Prior studies have used machine learning for 30-day 
mortality prediction in subarachnoid hemorrhage patients 
using random forest,[17] for 10-day mortality model using an 
artificial neural network plus multivariable statistics,[18] for 
post-stroke survival in post-stroke patients using Support 
Vector Machine,[19] for mortality rate prediction in stroke 
patients using deep learning,[20] for survival prediction in 
stroke patients using logistic regression,[21] and for 1-year 
mortality prediction using XGBoost.[22] Some of these studies 
also compared several machine learning models to identify 
the best prediction model for their datasets, an approach 
we also adopted for predicting in-hospital mortality among 
patients with acute stroke and T2DM.

We employed Logistic Regression, Random Forest, KNN, 
and XGBoost which represent various types of classifiers 
to identify the best model for mortality prediction. Logistic 
regression is a statistical classification method, originally 
designed for binary tasks, with model output a binary 
variable (for example: “yes” or “no”). KNN is a distance-based 
classifier method that measures similarity or dissimilarity 
between two observations in the provided dataset.[23] In 

Figure 6: Comparison of in-hospital mortality prediction score in acute stroke and type 2 diabetes 
mellitus patients using secondary data. (a) All stroke patients, (b) Sub-analysis of acute ischemic 
stroke patients, (c) Sub-analysis of intracerebral hemorrhage patients.
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a random forest, multiple decision trees are built and their 
votes are combined, typically by majority, to determine the 
class.[24] XGBoost is a fast and scalable implementation of a 
gradient-boosting library with a linear and a decision-tree 
algorithm.[25,26]

In this study, random forest outperformed the others in 
sensitivity, precision, accuracy, and AUC-ROC. The AUC-
ROC curve of random forests was 0.884, indicating an 
acceptable level of discrimination.[27] We used all features 
or parameters presented in Table  1 as the data input since 
our goal was an in-hospital mortality prediction scoring 
system that could be used throughout the dynamic course 
of hospitalization of acute stroke patients with T2DM. 
As a result, the random forests suggested length of stays, 
sepsis, pneumonia, age, dyslipidemia, hemiplegia, anemia, 
urinary tract infection, kidney failure, and hypertension 
as the top 10 important variables to predict the in-hospital 
mortality. Of the 10 variables, only the important variables 
that exceeded 20% importance values were employed in 
the prediction system. Our in-hospital mortality prediction 
model demonstrates strong discriminatory ability. Compared 
to previously reported mortality predictors in acute stroke, 
such as SOFA, APACHE II, and other machine learning 
studies utilizing clinical and laboratory data for features, our 
model achieves a similarly high level of discrimination.[10,11,13] 
However, the currently available mortality predictors may 
not be interchangeable due to the differences in the data 
features used by each prognostic score. Therefore, providing 
a prognostic score with different data features could benefit 
clinicians and users in clinical practice, enabling them to 
tailor predictions based on the available data.

The validation using an independent dataset demonstrated 
that our prediction scoring system effectively distinguishes 
between survivors and non-survivors in acute stroke patients 
with T2DM. Moreover, the findings were supported by 
subgroup analyses, highlighting its applicability to both 
major types of stroke: Acute ischemic stroke and intracerebral 
hemorrhage. Notably, this validation relied solely on data 
collected at the time of patients’ discharge. However, the 
prediction scoring system has the potential to be utilized 
continuously from admission to discharge, adapting to the 
dynamic changes in each patient’s condition throughout their 
hospital stay.

This work illustrates the practical value of machine learning 
in routine data environments. A  lightweight, web-based 
predictor can support clinical, managerial, and counseling 
needs; for example, facilitating goals-of-care discussions with 
patients and families and informing resource allocation – 
without requiring laboratory or imaging results, unlike most 
models reported in the previous studies.[13,17-22]

Our study is limited by a restricted dataset comprising 
demographic, clinical, and comorbidity information extracted 

from a claims-based diabetes registry at a tertiary hospital 
in Indonesia; detailed laboratory and imaging data were 
not captured. In addition, the real-world data validation 
relied solely on information collected at the time of patients’ 
discharge. Nevertheless, the prediction scoring system is 
dynamic and can be utilized throughout the hospital stay, 
adapting to changes in patients’ conditions as new input 
features become available. These data limitations underscore 
the need for further exploration and validation of the scoring 
system using real-world data across diverse geographical 
and clinical settings to ensure its reliability and broader 
applicability, as also noted by Abujaber et al.[22] in their report.

Data availability statement

Data will be made available upon request.

CONCLUSION
Using a random forest model, our machine learning 
approach offers an in-hospital mortality scoring system for 
patients with acute stroke and T2DM in a tertiary hospital 
setting. The key features incorporated into the web-based in-
hospital mortality scoring system were length of stay, sepsis, 
pneumonia, age, dyslipidemia, and hemiplegia. The web-
based in-hospital mortality prediction scoring system can 
be utilized dynamically during a patient’s hospitalization to 
account for changing conditions.
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