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ABSTRACT 

 
Stroke prediction models are often evaluated using accuracy and ROC-AUC, although these metrics can be 
misleading when the outcome is rare. This study presents a methodological benchmark—not a clinical 
validation study—for imbalance-aware evaluation of stroke risk prediction, emphasizing probability reliability, 
threshold performance, and decision-analytic utility. Logistic Regression (LR), Random Forest (RF), and 
Gradient Boosting (GB) were evaluated using the Kaggle Stroke Prediction Dataset (n = 5,110; 249 stroke 
cases; prevalence = 4.87%). Training folds were balanced by random oversampling, and an analytical prior 
correction was applied to adjust the class-prior shift introduced by oversampling. Evaluation included ROC-
AUC, precision-recall AUC, Brier score, expected calibration error, calibration slope and intercept, 
exploratory F2-optimal thresholds, and decision curve analysis. GB achieved the highest discrimination 
(AUC = 0.8415; PR-AUC = 0.2126), whereas LR showed the best calibration (ECE = 0.0048; slope = 0.967). 
RF produced high accuracy but very low sensitivity and severe miscalibration (slope = 0.556), making its 
probabilities unsuitable for threshold-based interpretation without further recalibration. LR and GB generated 
comparable net benefit within a prespecified exploratory threshold range of 1–10%. These findings show 
that calibration-aware and decision-analytic evaluation is necessary for imbalanced prediction tasks. 
Because the dataset has uncertain clinical provenance and no external validation was performed, the results 
are not intended for direct clinical implementation.  

 

Keywords: calibration, class imbalance, decision curve analysis, machine learning, stroke prediction.  

 

INTRODUCTION 

Stroke remains a major public health problem because it contributes substantially to 
mortality, disability, and long-term care burden. Global and regional epidemiological studies 
indicate that stroke is one of the leading causes of death and long-term disability, while Indonesian 
national health reporting has also identified stroke as a major non-communicable disease burden 
(Feigin et al., 2015; Hankey, 2017; Kementerian Kesehatan Republik Indonesia, 2018). Established 
clinical and epidemiological studies show that age, hypertension, heart disease, glucose-related 
factors, and lifestyle-related variables are consistently associated with stroke risk (Gorelick, 2020; 
Rothwell et al., 2005). These variables are often available in routine clinical records, which makes 
them attractive predictors for early risk stratification. 

Machine learning has become increasingly popular for stroke prediction because it can 
model nonlinear relationships and interactions among demographic, clinical, and lifestyle variables. 
Several recent studies using the widely used Kaggle Stroke Prediction Dataset have reported 
acceptable to high discrimination for logistic regression, random forest, boosting methods, support 
vector machines, neural networks, and explainable machine learning pipelines (Biswas et al., 2022; 
Dritsas & Trigka, 2022; Fang et al., 2022; Hassan et al., 2024; Kokkotis et al., 2022; Shoaib et al., 
2023). More recent studies continue to explore imbalanced stroke prediction and key risk factor 
identification (Akinwumi et al., 2025; Melnykova et al., 2025). A systematic review also indicates 
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that the stroke prediction literature is methodologically heterogeneous and often lacks complete 
reporting of calibration and decision-analytic utility (Asadi et al., 2024). 

The central problem is that many stroke prediction studies emphasize accuracy or ROC-
AUC. These indicators are useful but incomplete. When the event rate is low, a model can achieve 
high accuracy by predicting the majority class and can achieve reasonable ROC-AUC while still 
failing to identify clinically important positive cases. Precision-recall curves are more sensitive to 
minority-class performance because their baseline is the event prevalence rather than the overall 
distribution of both classes (Davis & Goadrich, 2006; Saito & Rehmsmeier, 2015). Therefore, PR-
AUC is a more informative complement to ROC-AUC when stroke cases represent a small minority 
of observations. 

Probability reliability is equally important. Clinical prediction models are not only ranking 
tools; they are often used to support decisions at specific risk thresholds. A predicted risk of 8%, 
for example, should be interpretable as a risk estimate rather than merely as a score. Calibration 
measures whether predicted probabilities agree with observed event rates, and poor calibration 
can make a model unsafe even when discrimination appears acceptable (Steyerberg, 2009; Van 
Calster et al., 2016, 2019). The TRIPOD+AI statement and recent guidance for evaluating clinical 
prediction models emphasize that discrimination, calibration, and clinical consequences should be 
reported together (Collins, Dhiman, et al., 2024; Collins, Moons, et al., 2024; Riley et al., 2024). 

Class imbalance handling further complicates probability interpretation. Random 
oversampling and related procedures are frequently applied to improve sensitivity for the minority 
class. However, oversampling modifies the class prior in the training data and can inflate predicted 
probabilities when these probabilities are interpreted on the original population scale (Fernández 
et al., 2018; Johnson & Khoshgoftaar, 2019; Pozzolo et al., 2015). If calibration metrics are 
computed directly on uncorrected probabilities from oversampled models, the resulting Brier score, 
ECE, and decision curves may reflect the artificial training prior rather than the original event 
prevalence. Analytical prior correction can address this sampling-induced prior shift, but it does not 
guarantee calibration or replace empirical recalibration. This distinction is especially important 
when thresholds are defined on the probability scale. 

The present study addresses these issues by applying an imbalance-aware evaluation 
framework to three commonly used classifiers: Logistic Regression (LR), Random Forest (RF), and 
Gradient Boosting (GB). The framework combines analytical prior correction, calibration 
slope/intercept, Brier score, expected calibration error (ECE), PR-AUC, exploratory F2-threshold 
optimization, and decision curve analysis (DCA). It does not propose a new algorithm or validate a 
clinical tool; instead, it demonstrates how established evaluation methods can be assembled into 
a coherent benchmark protocol for imbalanced binary prediction. The objective is to show that 
models with similar ROC-AUC can have very different probability reliability and decision-curve 
behavior. 

This study also responds to recent concerns about benchmark datasets and reporting 
quality. Public datasets can support reproducible methodological comparisons, but their 
provenance and representativeness must be examined carefully (Gibson et al., 2026; Soriano, 
2021). Accordingly, all results in this paper are interpreted strictly as benchmark findings rather 
than as evidence of clinical validity, transportability, or readiness for implementation. The 
contribution is a methodological article that clarifies how statistical evaluation can be conducted 
when a binary outcome is severely imbalanced and predicted probabilities are examined under 
threshold-based decision rules.  
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METHOD 

Study design and dataset 

This study used a quantitative methodological benchmark design and did not aim to develop 
or validate a clinical tool. The dataset was the Kaggle Stroke Prediction Dataset, which contains 
5,110 individual records and a binary stroke outcome (Soriano, 2021). It includes 249 stroke cases 
(4.87%) and 4,861 non-stroke cases (95.13%), yielding an imbalance ratio of 19.52. Predictors 
include age, average glucose level, body mass index (BMI), hypertension, heart disease, gender, 
ever-married status, work type, residence type, and smoking status. The public dataset contains 
no direct personal identifiers; it was used solely to compare evaluation procedures, and no 
participant contact or intervention occurred. 

The clinical provenance and validity of this dataset are uncertain, and recent provenance 
research has raised serious concerns about its reliability (Gibson et al., 2026). It was therefore 
treated only as a methodological benchmark, not as a source of validated clinical evidence. The 
analysis was not intended to produce a deployable stroke screening or risk-stratification tool; its 
purpose was to evaluate how discrimination, calibration, threshold metrics, and decision curves 
behave under severe class imbalance. 

BMI had 201 missing values (3.93%). Missing values were imputed using the median 
computed within the training fold to avoid information leakage. Median imputation is simple and 
transparent, but it assumes that missingness does not strongly distort the relationship between BMI 
and stroke risk. More sophisticated missing-data procedures could be considered in future work 
when richer data and stronger assumptions are available (Little & Rubin, 2019). 

 

Preprocessing and resampling 

Categorical variables were one-hot encoded with reference-level dropping, producing 15 
model features. Continuous predictors were standardized for LR using z-score transformation 
based only on training-fold statistics. Tree-based models were evaluated without standardization 
because their splitting rules are not sensitive to monotone scaling of numeric predictors. 

Random oversampling with replacement was applied exclusively within training folds. This 
step was designed to reduce the dominance of the non-stroke class during model training while 
avoiding leakage from validation folds. Random undersampling and no-resampling protocols were 
also evaluated for LR as a robustness check. The resampling strategy was implemented using 
standard imbalanced-learning practice, while acknowledging that resampling can change model 
calibration and should be interpreted carefully (Chawla et al., 2002; Lemaître et al., 2017). 

 

Prior correction of oversampled probabilities 

Random oversampling changes the apparent class prior in the training folds from the original 
prevalence of 4.87% to approximately 50%. Because probabilities from a model trained on this 
altered distribution are not automatically probabilities under the original prevalence, an analytical 
prior correction was applied before probability-based evaluation. The correction factor was alpha = 
(0.0487/0.9513)/(0.50/0.50) = 0.0512 (Pozzolo et al., 2015). This adjustment addresses only the 
class-prior shift introduced by oversampling, under the assumption that the class-conditional 
feature distributions are otherwise unchanged. It does not correct model misspecification, 
guarantee calibration, or replace empirical recalibration methods such as logistic/Platt scaling or 
isotonic regression (Ojeda et al., 2023; Van Calster et al., 2016). 

The mathematical notation used in the evaluation framework is defined as follows. Let y_i 
indicate the observed class for individual i, where y_i = 1 denotes stroke and y_i = 0 denotes non-
stroke. Let p_i be the raw probability produced by a model trained on the oversampled training fold, 
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and let p_i* be the probability after correction to the original event prevalence. The true event 
prevalence and imbalance ratio were first defined using Equations (1) and (2). 

 
  𝜋 =  𝑛1 / (𝑛0  −  𝑛1) (1) 

 

where 𝜋 is the event prevalence, 𝑛1 is the number of stroke cases, and 𝑛0 is the number of non-
stroke cases. 

 
 𝐼𝑅 =  𝑛0 / 𝑛1 (2) 

 

where 𝐼𝑅 is the imbalance ratio. In this dataset, 𝐼𝑅 = 4861/249 = 19.52, which confirms severe 
class imbalance. 

 
  𝛼 =  [𝜋_𝑟𝑒𝑎𝑙 / (1 −  𝜋_𝑟𝑒𝑎𝑙)] / [𝜋_𝑡𝑟𝑎𝑖𝑛 / (1 −  𝜋_𝑡𝑟𝑎𝑖𝑛)] (3) 

 

where 𝛼 is the prior-correction factor, 𝜋_𝑟𝑒𝑎𝑙 is the original dataset prevalence, and 𝜋_𝑡𝑟𝑎𝑖𝑛 is 
the apparent prevalence after oversampling. 

 
 𝑝𝑖

∗ =  𝛼𝑝𝑖 / [𝛼𝑝𝑖  +  (1 −  𝑝𝑖)]  (4) 

 

Equation (4) maps raw oversampled probabilities back to the original prevalence scale. In 
this study, 𝜋_𝑟𝑒𝑎𝑙 = 0.0487, 𝜋_𝑡𝑟𝑎𝑖𝑛 = 0.5000, and 𝛼 = 0.0512. 

This correction was applied before computing Brier score, ECE, calibration slope/intercept, 
exploratory F2-optimal thresholds, and decision curves. It was not used to alter the observed labels 
or the cross-validation structure. Its purpose was to return probabilities to the original prevalence 
scale. Crucially, prior correction was treated as a prevalence adjustment rather than a complete 
calibration procedure: post-correction calibration was still evaluated, and no additional recalibration 
model was fitted in this benchmark. 

 

Model development and evaluation 

Three classifiers were evaluated: LR, RF, and GB. Hyperparameters were selected using 
five-fold stratified inner cross-validation, and primary performance estimation used ten-fold 
stratified outer cross-validation with out-of-fold probability aggregation. A nested cross-validation 
check was conducted for LR to examine whether the two-stage procedure introduced noticeable 
bias. This design follows established recommendations that model selection and model evaluation 
should be separated when estimating generalization performance (Kohavi, 1995). For the threshold 
analysis, the F2-optimal cutoff for each model was selected by maximizing F2 on the pooled prior-
corrected out-of-fold predictions. The same pooled predictions were then used to summarize 
sensitivity, specificity, precision, and F2 at that cutoff. Consequently, these threshold-specific 
estimates are exploratory and may be optimistic; they are not independently validated operating 
points. A deployment-oriented analysis would select the cutoff within training data and evaluate it 
in a separate validation or external dataset. 

The evaluation framework included discrimination, calibration, threshold performance, and 
decision-analytic utility. Discrimination was evaluated with ROC-AUC and PR-AUC. PR-AUC was 
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emphasized because stroke prevalence was low and precision-recall analysis is especially 
informative when the positive class is rare (Davis & Goadrich, 2006; Saito & Rehmsmeier, 2015). 
Classification performance at selected thresholds was summarized using sensitivity, specificity, 
precision, accuracy, F1 score, and F2 score. F2 was used as an illustrative recall-oriented criterion 
because it weights recall more strongly than precision (Powers, 2020); it should not be interpreted 
as establishing a clinically validated cost ratio. 

Calibration was assessed using the Brier score, expected calibration error (ECE), calibration 
intercept, and calibration slope. These metrics were computed after prior correction because raw 
probabilities from oversampled models are not on the original prevalence scale. The Brier score in 
Equation (5) summarizes the mean squared distance between the observed class and the 
corrected probability (Brier, 1950). 

 
 

 𝐵𝑟𝑖𝑒𝑟 =  (1 / 𝑛) ∑ (𝑦𝑖  − 𝑝𝑖)
𝑖=𝑛

 (5) 

 

A lower Brier score indicates better overall probabilistic accuracy. For an uninformative 
model, the approximate no-skill Brier score is 𝜋(1 − 𝜋). 

 
 

 𝐸𝐶𝐸 = ∑ 𝑀
𝑚=1

(|𝐵𝑚|/𝑛) |𝑎𝑐𝑐(𝐵𝑚)  −  𝑐𝑜𝑛𝑓(𝐵𝑚)| (6) 

 

In Equation (6), 𝐵𝑚 denotes the m-th probability bin, 𝑎𝑐𝑐(𝐵𝑚) is the observed event rate 
in that bin, and 𝑐𝑜𝑛𝑓(𝐵𝑚) is the mean predicted probability in the bin. Smaller ECE values indicate 
closer agreement between predicted and observed risks. 

 
 𝑙𝑜𝑔𝑖𝑡{𝑃𝑟(𝑌𝑖  = 1)}  =  𝛽0  +  𝛽1𝑙𝑜𝑔𝑖𝑡(𝑝𝑖

∗) (7) 

 

Equation (7) defines the calibration model. The intercept 𝛽0 assesses calibration-in-the-
large, while the slope 𝛽1 assesses whether predictions are too extreme or too compressed. The 

ideal values are 𝛽0 = 0 and 𝛽1 = 1. 

Threshold-based performance was evaluated using sensitivity, specificity, precision, F2 
score, and decision curve analysis. Sensitivity and specificity describe the true-positive and true-
negative rates, whereas precision is especially important under class imbalance because it reflects 
the proportion of predicted positive cases that are truly positive. Decision-curve interpretation was 
restricted a priori to an exploratory threshold interval of 0.01–0.10. This interval brackets the sample 
prevalence of 4.87% and illustrates low-threshold decision settings with a relatively high tolerance 
for false positives: based on threshold odds, t = 0.01 and t = 0.10 assign one false positive 
approximately 0.0101 and 0.1111 times the weight of one true positive, respectively. Equivalently, 
about 99 and 9 false positives have the same total weight as one true positive at the two endpoints. 
This range is operationally illustrative, not a guideline-endorsed clinical cutoff, and would need to 
be re-specified for a defined target population and action (Kerr et al., 2016; Vickers & Elkin, 2006). 
The main threshold formulas are shown in Equations (8) to (11). 

 
 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 𝑇𝑃/(𝑇𝑃 + 𝐹𝑁), 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  𝑇𝑁/(𝑇𝑁 + 𝐹𝑃) (8) 
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𝑇𝑃, 𝑇𝑁, 𝐹𝑃, and 𝐹𝑁 denote true positives, true negatives, false positives, and false 
negatives, respectively. 

 
 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑇𝑃/(𝑇𝑃 + 𝐹𝑃) (9) 

 

Precision was interpreted together with recall because a model may achieve high sensitivity 
by classifying many non-stroke cases as high risk. 

 
𝐹𝛽 =  (1 + 𝛽2)(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙)/[(𝛽2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛) + 𝑅𝑒𝑐𝑎𝑙𝑙], 𝛽 = 2 (10) 

 

The F2 score places greater weight on recall than precision. In this study it was used to 
illustrate a recall-oriented operating point under class imbalance; it does not by itself establish the 
relative clinical costs of false negatives and false positives. 

 
 𝑁𝐵(𝑡) = (𝑇𝑃/𝑛) −  (𝐹𝑃/𝑛)[𝑡/(1 − 𝑡)] (11) 

 

Equation (11) defines net benefit at decision threshold t. The term t/(1 − t) weights false 
positives according to the decision exchange rate implied by the threshold probability. 

 
 

𝐴𝑃 =  ∑ (𝑅𝑘  −  𝑅𝑘−1)𝑃𝑘
𝑘

 (12) 

 

Average precision summarizes the precision-recall curve, where 𝑃𝑘 and 𝑅𝑘 are precision 
and recall at the k-th operating point. This is useful because PR-AUC is more sensitive than ROC-
AUC when the event class is rare. 

 

RESULTS AND DISCUSSION 

Descriptive context and discrimination performance 

The dataset contained a small minority of stroke cases, making it an appropriate benchmark 
for examining the limitations of accuracy and ROC-AUC under imbalance. Age, average glucose 
level, hypertension, heart disease, BMI, marital status, work type, and smoking status showed 
meaningful bivariate associations with stroke in the source analysis. These associations are 
plausible because they align with the known epidemiology of vascular events and stroke risk factors 
(Gorelick, 2020; Rothwell et al., 2005). 

Table 1 presents classification performance at the default threshold. GB achieved the 
highest AUC (0.8415) and PR-AUC (0.2126), and LR achieved the highest sensitivity (0.8073). RF, 
however, had an apparently high accuracy of 0.9415 but an extremely low sensitivity of 0.0320. Its 
accuracy was lower than the 0.9513 accuracy of a trivial always-negative rule, and its sensitivity 
indicates that it missed 96.8% of stroke cases. This is a direct illustration of the accuracy paradox: 
when the positive outcome is rare, accuracy can make a practically ineffective classifier appear 
strong. Accuracy should therefore not be interpreted without sensitivity, PR-AUC, and probability 
calibration. 
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Table 1. Classification performance (mean ± SD, 10-fold CV; threshold 0.50 applied to raw 
probabilities) 

Model AUC PR-AUC Sensitivity Specificity Precision Accuracy F1 
Logistic 

Regression 
0.8371 ± 
0.0238 

0.2089 ± 
0.0387 

0.8073 ± 
0.0852 

0.7322 ± 
0.0173 

0.1338 ± 
0.0118 

0.7358 ± 
0.0151 

0.2294 ± 
0.0200 

Random 
Forest 

0.8045 ± 
0.0343 

0.1543 ± 
0.0247 

0.0320 ± 
0.0299 

0.9881 ± 
0.0042 

0.1111 ± 
0.1054 

0.9415 ± 
0.0039 

0.0492 ± 
0.0462 

Gradient 
Boosting 

0.8415 ± 
0.0288 

0.2126 ± 
0.0501 

0.7665 ± 
0.0997 

0.7657 ± 
0.0191 

0.1440 ± 
0.0196 

0.7658 ± 
0.0185 

0.2423 ± 
0.0319 

 

Based on Table 1, LR and GB provide more informative minority-class trade-offs than RF 
because they identify a substantially larger proportion of stroke cases. The small difference 
between LR and GB in AUC should not be overinterpreted because the value of a model under 
threshold-based use depends on calibration and net benefit, not discrimination alone. The result is 
consistent with recent stroke prediction studies that report good discrimination but often leave 
calibration underdeveloped (Akinwumi et al., 2025; Hassan et al., 2024; Melnykova et al., 2025). 

 

Calibration after prior correction 

Table 2 shows calibration metrics computed after prior correction. LR had the lowest ECE 
(0.0048) and a calibration slope close to 1.0 (0.967). GB also had good calibration, with slope 0.929 
and corrected Brier score 0.0424. RF was the weakest model by calibration, with slope 0.556 and 
intercept 0.423. A slope far below 1.0 indicates that predicted probabilities do not vary appropriately 
with observed risk and are not reliable for threshold-based use. 

This finding is important because RF still had an acceptable ROC-AUC. The discrepancy 
between discrimination and calibration demonstrates why calibration should be evaluated 
separately. A model may rank some high-risk and low-risk individuals correctly while producing 
probability values that are too compressed or otherwise misaligned with observed event rates. This 
is the problem described by Van Calster et al. (2019) as a central weakness of predictive analytics 
when calibration is neglected. 

The added equations clarify why the same model can appear acceptable under one metric 
and problematic under another. ROC-AUC evaluates ranking over all possible thresholds, whereas 
Equations (5) to (7) evaluate whether the numerical probabilities themselves are trustworthy. For 
any threshold-based application, this distinction is essential: a predicted probability of 0.10 should 
correspond approximately to a 10% observed event rate among comparable observations. When 
the calibration slope is far below one, as observed for RF, predictions are excessively compressed 
and cannot be interpreted directly as individualized probabilities. 

 

Table 2. Prior-corrected calibration metrics and calibration slope/intercept 

Model 
Brier 
(raw) 

Brier 
(corr.) 

ECE 
(corr.) 

Calib. 
Slope 

Calib. 
Intercept 

Slope 
95% CI 

Brier 
95% CI 

Interpretation 

Logistic 
Regression 

0.1724 0.0426 0.0048 0.9670 -0.0543 [0.861–
1.079] 

[0.0382–
0.0474] 

Well-
calibrated 

Random 
Forest 

0.0488 0.0476 0.0438 0.5563 0.4233 [0.485–
0.639] 

[0.0421–
0.0536] 

Severely 
miscalibrated 

Gradient 
Boosting 

0.1503 0.0424 0.0088 0.9291 0.0586 [0.821–
1.055] 

[0.0380–
0.0473] 

Well-
calibrated 
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Figure 1. Calibration curves based on prior-corrected probabilities 

 

Based on Figure 1, LR and GB track the diagonal calibration line more closely than RF. The 
RF curve is confined to a narrow low-probability range, explaining why RF provides little value 
within the prespecified exploratory threshold range after prior correction. This result also confirms 
that raw Brier scores from oversampled models can be misleading. Prior correction is necessary to 
return probabilities to the original prevalence scale, but it remains only a first step; calibration must 
still be assessed and, when necessary, improved through a separate recalibration procedure 
(Ojeda et al., 2023; Pozzolo et al., 2015). 

The calibration results are also compatible with the broader calibration literature. Logistic 
regression is often a strong baseline for probability estimation when the functional form is adequate, 
whereas more flexible machine learning models may require recalibration or careful probability 
assessment (Ojeda et al., 2023; Van Calster et al., 2016). GB performed well in this benchmark, 
but RF probabilities were unsuitable for direct threshold-based interpretation. This suggests that 
model choice should be guided by probability reliability, not only by ranking performance. 

 

Threshold optimization and decision utility 

Table 3 compares performance at the default cutoff and at exploratory F2-optimal cutoffs. 
The default threshold of 0.5 is poorly aligned with an event prevalence of approximately 5%. After 
prior correction, LR reached its highest pooled out-of-fold F2 score at 0.070, whereas GB reached 
its highest score at 0.080. These low cutoffs should not be interpreted as screening 
recommendations; they are data-dependent operating points obtained from the same pooled out-
of-fold predictions used for the threshold summary. RF improved when the threshold was lowered 
to 0.010, but its performance remained constrained by poor probability separation. 

The threshold analysis shows that cutoff selection is not a secondary technical detail 
because it determines the resulting sensitivity, specificity, and precision. Reporting only the default 
cutoff can misrepresent performance and favor models that are not useful under the intended 
decision rule. F2 optimization provides a transparent recall-oriented summary, but a final cutoff 
should be linked to a clearly defined action, relative consequences, resource constraints, and 
independent validation (Powers, 2020; Riley et al., 2024). 
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Table 3. Performance at default and F2-optimal thresholds 
Setting Threshold Sensitivity Specificity Precision F₂ 

LR (default 0.5, 
raw) 

0.50 0.8073 0.7322 0.1338 0.4023 

LR (F₂-optimal, 
corrected) 

0.070 0.7189 0.8000 0.1555 0.4169 

RF (default 0.5, 
raw) 

0.50 0.0320 0.9881 0.1111 0.0373 

RF (F₂-optimal, 
corrected) 

0.010 0.4538 0.8733 0.1550 0.3275 

GB (default 0.5, 
raw) 

0.50 0.7665 0.7657 0.1440 0.4111 

GB (F₂-optimal, 
corrected) 

0.080 0.6667 0.8424 0.1781 0.4305 

 

 
Figure 2. Decision curve analysis based on prior-corrected probabilities 

 

Figure 2 presents the decision curve analysis. Interpretation is restricted to the prespecified 
exploratory threshold range of 1-10%. Within this interval, LR and GB produced positive estimated 
net benefit relative to the treat-all and treat-none strategies under the decision weights encoded by 
the selected thresholds. This is a methodological comparison of decision-curve behavior, not 
evidence of clinical usefulness or readiness for implementation. RF produced near-zero net benefit 
above approximately 5%, consistent with its weak calibration and probability separation. DCA 
therefore reinforces the conclusion that RF should not be preferred merely because its accuracy 
appears high. 

DCA is useful because it translates predictions into a net-benefit scale under explicit 
threshold assumptions. A small difference in AUC may not matter if two models produce similar net 
benefit over the threshold range relevant to a defined decision. Conversely, a model with 
acceptable AUC may offer little estimated benefit if its net benefit is near zero. This study therefore 
follows the recommendation that prediction models be evaluated not only by discrimination but also 
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by calibration and potential decision impact (Huber et al., 2023; Kerr et al., 2016; Vickers & Elkin, 
2006). 

Equation (11) makes the decision weighting explicit. At t = 0.05, for example, a false positive 
receives a weight of 0.05/0.95 = 0.0526 relative to a true positive. DCA therefore asks whether the 
gain from identifying additional positive cases exceeds the threshold-weighted cost of false 
positives. Under the illustrative assumptions used here, LR and GB performed more favorably than 
RF. This result does not establish that 5%, or any other cutoff in the plotted range, is an appropriate 
clinical action threshold. 

 

Feature importance and robustness 

 
Figure 3. Feature importance proxies for LR, RF, and GB 

 

Figure 3 shows that age was the dominant predictor across model-specific importance 
measures. Hypertension and heart disease were the strongest modifiable risk factors in the LR 
model. These findings are clinically plausible and consistent with the established role of age and 
cardiovascular risk factors in stroke occurrence (Hankey, 2017; Rothwell et al., 2005). They also 
align with recent machine learning studies that identify age, hypertension, glucose-related 
measures, and cardiovascular history as important predictors (Hassan et al., 2024). 

However, feature importance should be interpreted cautiously. The LR coefficient-based 
summary is model-specific and affected by regularization. RF and GB used mean decrease 
impurity, which can be biased toward certain feature structures. A model-agnostic explanation 
method, such as SHAP, could provide a more consistent comparison of feature contributions 
across algorithms (Lundberg & Lee, 2017). Therefore, the feature importance results are best 
viewed as supportive evidence rather than causal conclusions. 

The robustness check showed that LR discrimination was relatively stable across random 
oversampling, no resampling, and random under sampling. Random oversampling achieved the 
highest PR-AUC, but the AUC differences were small. This suggests that for this dataset, 
resampling changed the sensitivity and probability scale more strongly than the overall ranking 
ability of LR. It reinforces the need to report both resampling protocol and probability correction 
when evaluating imbalanced binary classifiers (Fernández et al., 2018; Johnson & Khoshgoftaar, 
2019). 

 

Table 4. LR robustness across three resampling protocols 
Protocol AUC (Mean+/-SD) PR-AUC Rank 

ROS (train-only) 0.8371 ± 0.0238 0.2089 1 
No Resampling 0.8333 ± 0.0213 0.2013 2 
RUS (train-only) 0.8268 ± 0.0202 0.1892 3 
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Comparison with previous stroke prediction studies 

The present results should be interpreted in relation to prior stroke prediction studies using 
similar or identical benchmark data. Earlier studies reported AUC values ranging from acceptable 
to very high, but many did not report PR-AUC, calibration slope, prior correction, or decision curves 
(Biswas et al., 2022; Dritsas & Trigka, 2022; Fang et al., 2022; Kokkotis et al., 2022; Shoaib et al., 
2023). More recent work has improved model complexity and explainability, yet complete 
probability evaluation remains inconsistent (Akinwumi et al., 2025; Hassan et al., 2024; Melnykova 
et al., 2025). 

The main contribution of this paper is therefore not a higher AUC. Instead, it demonstrates 
how prior-corrected calibration, PR-AUC, exploratory F2-threshold optimization, and DCA reveal 
different aspects of model behavior under probability-based decision rules. This contribution is 
aligned with TRIPOD+AI, which emphasizes transparent reporting of model development, 
evaluation, calibration, and intended use (Collins et al., 2024). It is also aligned with contemporary 
guidance that external evaluation and model updating are required before any consideration of 
clinical implementation (Collins, Dhiman, et al., 2024; Riley et al., 2024). 

Table 5 positions the present study relative to selected prior work. Previous studies often 
emphasized discrimination and did not consistently include calibration or decision analysis. By 
adding prior correction and calibration slope, this study examines whether probability estimates 
remain reliable after resampling. By adding DCA, it estimates relative net benefit under explicitly 
stated threshold assumptions. These additions strengthen methodological interpretation but do not 
overcome the dataset's provenance limitations or provide clinical validation. 

 

Table 5. Comparison with selected prior studies on the Kaggle Stroke Prediction Dataset 

Study Year Models 
AUC 

(best) 
PR-AUC 

Calibration 
Reported 

DCA 
Prior 
Corr. 

Nested 
CV 

Kokkotis et 
al. 

2022 XGBoost, 
AdaBoost, 
SVM, KNN 

0.921 NR NR No No No 

Dritsas & 
Trigka 

2022 Rotation 
Forest, 
Extra 
Trees, 
SGD 

0.990 NR NR No No No 

Biswas et 
al. 

2022 LR, NB, 
DT, RF, 

KNN 

0.870 NR NR No No No 

Fang et al. 2022 LR, SVM, 
DT, RF, 

GB 

0.840 NR NR No No No 

Shoaib et 
al. 

2023 RF, LR, 
NB, SVM, 

DT 

0.940 NR NR No No No 

Hassan et 
al. 

2024 LR, RF, 
XGBoost, 

GB 

0.890 NR NR No No No 

Melnykova 
et al. 

2025 RF, GB, 
LR, SVM 

0.880 0.320 NR No No No 

Present 
study 

2026 LR, RF, 
GB 

0.837–
0.842 

0.154–
0.213 

Brier, ECE, 
slope, CI 

Yes Yes 
(α=0.051) 

Yes (LR) 
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Implications for statistical and machine learning practice 

For statistical practice, the findings emphasize the value of simple but complete evaluation. 
LR was not the most complex model, yet it produced the best calibration and decision-curve 
performance comparable to GB within the exploratory range. This result supports the view that 
interpretable models can remain competitive when the outcome is rare and the objective is reliable 
probability estimation. Complex models may still be valuable, but their probability outputs should 
not be assumed to be valid without calibration assessment (Ojeda et al., 2023; Van Calster et al., 
2019). 

For machine learning practice, the results show that resampling should be followed by 
explicit correction for sampling-induced prior shift and by calibration assessment. Prior correction 
can restore the prevalence scale, but residual miscalibration may still require empirical 
recalibration. In threshold-based decision settings, the probability scale matters because cutoffs 
are directly connected to actions and relative consequences. Reporting discrimination, prior-
corrected calibration, and decision curves provides a clearer picture of what a model can and 
cannot support (Ojeda et al., 2023; Pozzolo et al., 2015). 

For JMST readers, the methodological lesson is transferable beyond stroke prediction. Any 
binary classification problem with a rare positive class may face similar evaluation challenges. 
Examples include early warning systems, fraud detection, rare disease screening, equipment 
failure detection, and educational risk prediction. In all such cases, a model should be evaluated 
by its ability to rank cases, estimate reliable probabilities, and support decisions under relevant 
thresholds. 

This study has several limitations. First, the dataset has uncertain provenance and should 
not be treated as a validated clinical cohort (Gibson et al., 2026; Soriano, 2021). Second, no 
external evaluation was performed, so transportability to other populations is unknown. Third, 
feature importance was based on model-specific proxies rather than a unified explanation 
framework. Fourth, confidence intervals for decision curves were not computed. Fifth, the prior-
correction parameter is prevalence-specific and must be recalculated when the target prevalence 
changes. Sixth, the F2-optimal cutoffs were selected and summarized using the same pooled out-
of-fold predictions, so threshold-specific performance is exploratory and may be optimistic. Finally, 
the 1-10% DCA interval was chosen as an operational illustration around the sample prevalence, 
not as a clinically validated action range. 

 

CONCLUSION 

This methodological benchmark demonstrates that evaluating stroke risk prediction under 
severe class imbalance requires more than accuracy and ROC-AUC. Using the Kaggle Stroke 
Prediction Dataset, GB achieved the highest discrimination, whereas LR achieved the best 
probability calibration and comparable decision-curve performance within the exploratory threshold 
range. RF appeared strong by accuracy but failed by sensitivity, calibration slope, and estimated 
net benefit. Prior correction, calibration slope, ECE, PR-AUC, exploratory F2-threshold analysis, 
and decision curve analysis therefore provide a more informative evaluation framework for 
imbalanced binary classifiers. Prior correction should not be confused with full recalibration, and 
data-dependent cutoffs should not be treated as validated operating points. Because the dataset 
has uncertain provenance and no external evaluation was conducted, none of the results should 
be interpreted as a clinical recommendation or as evidence that the models are ready for 
implementation. Future research should apply the framework to verified clinical cohorts, select 
thresholds within training data, evaluate them externally, compare recalibration methods, report 
decision-curve uncertainty, and use model-agnostic explanation methods such as SHAP. 
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