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Abstract

Early-screening models for chronic disease are increasingly accurate at ranking
who is at risk, yet two properties that decide whether a clinician can act on them
are routinely neglected: the predicted risk probability is rarely trustworthy in
absolute terms, and the model exposes no defensible account of why a patient was
flagged. We reframe screening from a discrimination-only exercise into a calibrated,
interpretable risk-estimation problem and instantiate it as one leakage-safe pipeline
that imputes physiologically-impossible values, over-samples the minority class in
the training folds only, selects features by random-forest permutation importance,
compares gradient-boosted trees, a random forest, a support-vector classifier, and a
perceptron on all features versus the selected subset, and recalibrates the designated
boosted model with isotonic and Platt scaling on a held-out split, auditing the Brier
score and the expected calibration error on the untouched test split. Run on the
Pima diabetes, Cleveland heart-disease, and imbalanced Kaggle stroke cohorts, the
kernel classifier discriminated best on the two smaller cohorts, at an AUC of 0.826
and 0.873, while the tree ensembles led on stroke; selection preserved AUC within
0.02 while cutting up to sixteen features to one; and recalibration cut the stroke
expected calibration error from 0.184 to 0.015. The stroke cohort is the imbalance
lesson: an Accuracy near 0.950 hides an F1 near zero at a 0.049 prevalence, so the
precision-recall curve and calibration, not Accuracy, are the metrics that survive.
TreeSHAP on the uncalibrated boosted score recovered clinically plausible drivers
that cross-checked the selection.

1 Introduction

Chronic diseases such as type-2 diabetes and coronary-artery disease are most treatable when they
are caught early, and machine-learning models built on routinely collected tabular clinical variables
are an attractive front line for population screening: the measurements are already taken in ordinary
care, the models are cheap to run, and they can flag who should be referred for confirmatory testing.
Public benchmark cohorts have made this concrete, with routine clinical features and a recorded
outcome supporting tabular diabetes-risk screening on the Pima Indians cohort [Smith et al., 1988]
and heart-disease-risk screening on the Cleveland cohort [Detrano et al., 1989]. On these and similar
cohorts, learned classifiers predict diabetes onset [Naz and Ahuja, 2020] and coronary-artery disease
[Mohan et al., 2019] from a handful of routine variables, which is what makes tabular machine
learning a credible, low-cost complement to existing screening practice.

The applied literature has pushed these models toward higher discrimination, reporting strong area
under the ROC curve for diabetes [Naz and Ahuja, 2020] and heart-disease [Mohan et al., 2019]
risk, but three properties that decide whether a clinician can act on the output are routinely left
unaddressed. First, the models are opaque: a single risk score or an aggregate AUC tells a physician
nothing about which factors drove a patient’s flag, so the output is hard to trust, audit, or turn into a
conversation with the patient, and interpretability of such black-box models is exactly what a coherent
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interpretable-machine-learning methodology argues is necessary for trust [Molnar, 2022]. Second,
the typical pipeline feeds every available variable to the classifier, inviting collinearity and inflating
the cost of the measurements a screen must collect, where a compact informative subset would be
cheaper and more defensible [Guyon and Elisseeff, 2003]. Third, the real cohorts are messy in ways
that quietly bias both accuracy and the apparent drivers: physiologically-impossible zero entries
masquerade as data, and the at-risk class is often a small minority whose under-representation a
synthetic over-sampling step is meant to correct [Chawla et al., 2002], yet naive handling distorts
discrimination, calibration, and feature importance together.

A fourth gap is specific to screening and, we argue, decisive. A screening referral hinges on the
absolute predicted probability, not on the ranking of patients: a model that says one risk when the true
rate is far higher is dangerous even at high AUC. Yet modern high-accuracy classifiers are frequently
miscalibrated, so their scores need post-hoc recalibration before a predicted probability can be trusted
[Guo et al., 2017], and calibration has been called the Achilles heel of clinical predictive analytics
precisely because a discriminative model can still systematically mis-state absolute risk [Van Calster
et al., 2019]. The bottleneck for deployable screening is therefore no longer raw ranking power; it is
whether the model emits a trustworthy probability, exposes a defensible rationale through additive
feature attribution [Lundberg and Lee, 2017], and was trained without leaking the test split or the
synthetic minority examples into either.

We reframe chronic-disease screening from an AUC-maximizing exercise on all features into a
unified calibrated-and-interpretable risk-estimation problem, in which the goal is not merely to
order patients but to emit a probability a clinician can read as a probability and a compact set of
drivers a clinician can scrutinize. We instantiate this view as a single leakage-safe pipeline that
treats impossible values as missing and imputes them, rebalances the minority class with synthetic
over-sampling inside the training folds only, ranks features by random-forest permutation importance
and retains a validation-chosen compact subset, compares gradient-boosted trees, a random forest,
a support-vector classifier, and a compact multilayer perceptron on all features versus the selected
subset, then recalibrates the designated gradient-boosted model with isotonic and Platt scaling on
a held-out calibration split and explains its uncalibrated score with TreeSHAP, whose monotone
calibration map leaves the driver ranking unchanged. We exercise the identical pipeline across three
real public cohorts, the Pima diabetes, the Cleveland heart-disease, and the highly imbalanced Kaggle
stroke-prediction cohort, reporting discrimination and calibration together, and we study honestly
the accuracy-versus-parsimony and discrimination-versus-calibration trade-offs that this reframing
makes visible.

This work makes three contributions.

• A unified interpretable, imbalance-aware, and explicitly calibrated screening pipeline that
combines random-forest permutation feature selection, a cross-family model comparison,
isotonic and Platt probability calibration, and TreeSHAP explanation into one leakage-safe
procedure, in which selection determines what a model may use, the comparison tests
whether parsimony costs accuracy, recalibration makes the predicted risk trustworthy, and
the explanation audits the resulting drivers, exercised across several real clinical cohorts
rather than one.

• An honest cross-cohort empirical comparison of gradient-boosted trees, a random forest,
a support-vector classifier, and a compact multilayer perceptron on all features versus
a random-forest-selected subset, measuring both the accuracy-versus-parsimony and the
discrimination-versus-calibration trade-offs directly, with impossible-value handling, impu-
tation, and SMOTE class-imbalance handling built into the training folds across the Pima
diabetes, Cleveland heart-disease, and highly imbalanced Kaggle stroke-prediction cohorts.

• A TreeSHAP-based clinical driver analysis that explains the uncalibrated gradient-boosted
score, reports a global importance ranking cross-checked against the random-forest permu-
tation selection, and so turns the boosted model from an opaque score into a defensible,
screening-ready account of which physiological and clinical factors govern risk, with the
monotone calibration map preserving the ranking, all at second-scale CPU-only compute.
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2 Related Work

Our pipeline sits at the meeting point of three lines of work, each of which supplies one ingredient of
trustworthy screening but stops short of the whole. We organize the discussion by theme rather than
chronology: machine learning for chronic-disease risk prediction, interpretable machine learning and
feature selection, and probability calibration with class-imbalance handling.

2.1 Machine Learning for Chronic-Disease Risk Prediction

The tabular clinical cohorts used for chronic-disease benchmarking are drawn largely from public
repositories, with the UCI repository the standard source of the diabetes, heart-disease, and kidney
cohorts [Kelly et al., 2023], including a chronic kidney disease dataset whose mixed-type features and
heavy missingness make it a screening cohort that stresses imputation [Rubini et al., 2015]. On the
diabetes side, systematic comparisons benchmark several classifier families on the Pima cohort with
feature-importance analysis [Chang et al., 2023], and learned models are weighed against traditional
statistical methods for detecting undiagnosed diabetes [Choi et al., 2023]. On the cardiovascular side,
multiple algorithms are compared for coronary-artery-disease prediction on the Cleveland cohort
with a reproducibility focus [Akella and Akella, 2021], risk models are developed and validated
on real clinical cohort data [Wang et al., 2021], and surveys catalogue the methods, datasets, and
features that recur across this literature [Alizadehsani et al., 2019]. These studies report strong
discrimination, but they share a habit that limits clinical use: each typically optimizes a single cohort
for AUC, with all features and one model family, and reports no reliability of the probabilities. The
evaluation culture that would correct this exists, since prediction-model performance is argued to
require discrimination, calibration, and clinical usefulness together rather than discrimination alone
[Steyerberg et al., 2010], yet it is rarely applied in these applied comparisons, which is the gap our
cross-cohort, calibration-aware protocol is built to close.

2.2 Interpretable Machine Learning and Feature Selection

Making a screening model auditable rests on attributing a prediction to its inputs. Additive feature
attribution gives a unified, model-agnostic account of an individual prediction, and its tree-specialized
form computes exact attributions efficiently for ensembles, supporting global driver rankings and
dependence views in clinical models [Lundberg et al., 2020], while local surrogate explanation offers a
contrasting route that fits an interpretable model around each prediction of any classifier [Ribeiro et al.,
2016]. Applied to clinical risk, attribution-based ranking has identified the leading predictors of type-
2 diabetes incidence in a large cohort [Lugner et al., 2024], surfaced the drivers of cardiovascular and
heart-failure risk [Gan et al., 2025], and exposed the drivers of chronic kidney disease in explainable
models that pair attribution with surrogate explanation [Ghosh and Khandoker, 2024]. The same
machinery has been used for stroke-risk prediction, an interpretable model for a highly imbalanced
screening task [Vu et al., 2024], and diabetes pipelines have combined over-sampling for class
imbalance with attribution and surrogate explanations into an interpretable, imbalance-aware model
[Tasin et al., 2023]. These works show that explanation is mature, but they typically demonstrate it on
one cohort and rarely wire it into a complete screening pipeline that also selects features and confronts
the impossible-value and calibration problems, which is the integration our pipeline contributes.

2.3 Probability Calibration and Class-Imbalance Handling

The third ingredient turns a score into a probability a clinician can act on. Classifier scores can be
transformed into accurate probability estimates by post-hoc calibration such as isotonic regression
[Zadrozny and Elkan, 2002], and supervised learners differ in how well-calibrated their scores
are, with Platt scaling and isotonic regression recalibrating them to good probabilities [Niculescu-
Mizil and Caruana, 2005]. A calibration hierarchy formalizes mean, weak, moderate, and strong
calibration as distinct levels of probability reliability for a risk model [Van Calster et al., 2016],
giving the vocabulary in which a screening model’s probabilities should be judged. The imbalance
correction that screening cohorts invite interacts with this directly: synthetic over-sampling can
damage the calibration of a clinical risk model, a caution that motivates leakage-safe, calibration-
aware handling [van den Goorbergh et al., 2022], even as cost-sensitive learning and resampling
are compared for handling imbalance in medical data [Mienye and Sun, 2021] and over-sampling
combined with ensembles predicts diabetes incidence in a large imbalanced cohort [Alghamdi et al.,
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2017]. These works establish that calibration matters and that imbalance handling can undermine it,
but the reliability of the probability is rarely measured side by side with the discrimination and the
explanation it is meant to make trustworthy, which is precisely the joint measurement we report.

The single nearest line of work is the interpretable, imbalance-aware clinical pipeline that pairs
over-sampling with attribution on one cohort [Tasin et al., 2023]: it selects, resamples, and explains,
but it optimizes and reports discrimination and leaves the reliability of the probability unmeasured,
so its explanation is attached to a risk whose absolute value is unaudited. We resolve all three gaps at
once by treating discrimination, calibration, and explanation as one leakage-safe procedure, reporting
reliability beside discrimination as a matter of evaluation hygiene [Steyerberg et al., 2010], and
exercising the identical selection, comparison, calibration, and explanation across several real cohorts
rather than one. The next section formalizes that pipeline.

3 Method

We present the unified interpretable, calibrated, imbalance-aware screening pipeline, a single leakage-
safe procedure that prepares a clinical cohort, selects a compact feature subset, compares several
classifier families, recalibrates the designated gradient-boosted model’s probabilities, and explains its
drivers. The same procedure runs unchanged across the cohorts: feature selection decides what a
classifier may read, the cross-family comparison tests whether committing to a small subset costs
discrimination, probability calibration makes the predicted risk usable as an absolute number rather
than a ranking, and TreeSHAP audits which retained factors govern that risk. Figure 1 shows the
overall data flow. The guiding principle is that a deployable screening model must emit a probability
a clinician can act on and a rationale a clinician can scrutinize, so the design prefers a smaller,
calibrated, auditable model over a sharper opaque one.

Probability Test splitClinical cohort Leakage-safe split calibration (held out)

Blood Training Calibration Test split fit g on
Patient Glucose Pressure

BMI Age
folds split (held out) calibration split

Evaluation on
Calibration map g

fit everything fit calibration evaluate only (isotonic /Platt) test split
map only

Results (test only)

calibrated risk
Data handling RF permutation Model bank

p = g(s)
(training folds only) feature selection (all d vs subset Sk)

raw Discrimination:
Mask impossible score s AUC,PR-AUC

zeros →missing Random forest
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Impute missing TreeSHAP
(train stats) XGBoost explanation

Heart disease permutation importance j

TreeSHAP ondesignated f*
Calibration:uncalibrated

Standardize Brier, ECE,
(train stats)

score s
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(top-k)SMOTE over-sample
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Figure 1: Overview of the unified screening pipeline: leakage-safe splitting, impossible-value
handling, imputation, and training-fold-only SMOTE, random-forest permutation feature selection,
the compared model families (RF, XGBoost, SVM, MLP) on all features versus the selected subset,
isotonic and Platt calibration of the gradient-boosted model fitted on a held-out calibration split, and
TreeSHAP explanation of the uncalibrated gradient-boosted score, with discrimination and calibration
both evaluated on the untouched test split, applied identically across the clinical cohorts.

3.1 Problem Formulation

We cast early screening across the clinical cohorts as one supervised binary-classification setup with
several instances. Let X be a feature matrix whose rows are patients and whose d columns are
routinely collected clinical and physiological measurements, and let xi denote the feature vector of
the i-th patient. The target yi ∈ {0, 1} is a binary disease-risk label, at-risk versus not, obtained from
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the cohort’s recorded outcome: diabetes onset, coronary-artery disease present, or the cohort-specific
screening label. A classifier f maps a feature vector to a raw score s for the positive class, which the
calibration stage maps to a predicted risk probability p̂. Casting every cohort in one notation lets us
run the identical preparation, selection, comparison, calibration, and explanation procedure on each,
and read the accuracy-versus-parsimony and discrimination-versus-calibration trade-offs the same
way across cohorts that differ in size, dimension, and class balance. Crucially, the screening objective
is not to order patients but to emit a probability a clinician can read as a probability, which is what
makes calibration a first-class stage rather than an afterthought. The procedure is leakage-safe by
construction and rests on a three-way role split: the training folds fit the classifier f together with
imputation, over-sampling, and feature ranking; a held-out calibration split, carved from the training
data and never from the test, fits only the calibration map g; and a stratified test split, touched by no
fitting step, is where both discrimination and calibration are finally reported. Every reported number
is read on the untouched test split.

3.2 Notation

The symbols used throughout the method are collected in Table 1, and each is defined at its first use
in the surrounding text. The notation is shared across cohorts so the single pipeline reads identically
on each.

Table 1: Notation.

Symbol Meaning

X feature matrix of clinical and physiological measurements
xi feature vector of the i-th patient
yi binary disease-risk label in {0, 1} (at-risk vs not)
d number of candidate input features
k number of features retained after permutation selection
Ij random-forest permutation importance of feature j
Sk the selected top-k feature subset
f the trained classifier (RF, XGBoost, SVM, or MLP)
s raw (uncalibrated) model score for the positive class
p̂ calibrated predicted risk probability
g the fitted calibration map (isotonic or Platt)
BS Brier score, mean squared error of p̂ against the outcome
ECE expected calibration error, bin-weighted gap between accuracy and mean p̂
ϕj SHAP value (additive attribution) of feature j
ϕ0 SHAP base value (expected model output)

3.3 Data Handling: Impossible Values, Imputation, and Imbalance

Real clinical cohorts arrive with corrupt entries and skewed labels, so the pipeline treats cleaning
and rebalancing as explicit steps rather than silent preprocessing. Several routine variables admit
physiologically-impossible values that a naive reader would mistake for data: a recorded plasma
glucose, blood pressure, skin-fold thickness, serum insulin, or body-mass index of zero cannot occur
in a living patient, so we treat such entries as missing rather than as measurements. The resulting
gaps, together with genuine missingness, are filled by missing-value imputation estimated from the
observed distribution of each feature on the training data alone, after which the kernel and neural
models receive standardized inputs whose statistics are likewise fit on training data only. The at-risk
class is a minority in every cohort, severely so in the highly imbalanced screening cohort, so we
apply SMOTE, which synthesizes minority-class examples by interpolating between a patient and its
nearest like-labelled neighbours [Chawla et al., 2002]. Over-sampling is applied to the training folds
only, never to the calibration or test data, so the reported discrimination reflects the original class
prior and the reliability estimate is read on untouched data.

The design rationale is that the obvious shortcuts each bias the result, and the bias falls precisely
on the quantities we care about. Deleting every patient with an impossible or missing entry would
discard a large fraction of small cohorts and shift the class balance, while leaving the impossible zeros
in place lets them masquerade as low-but-real values and distorts both the learned boundary and the
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feature importances. Leaving the imbalance untouched lets a classifier reach a high apparent accuracy
by predicting the majority label, ignoring exactly the at-risk patients a screen exists to catch. Imputing
on the training distribution and rebalancing inside the folds keeps the held-out data untouched and the
evaluation honest, at the cost of introducing synthetic minority examples whose artifacts we revisit
in the failure analysis. The order of these steps is fixed deliberately: impossible-value masking and
imputation precede selection and over-sampling, so the random forest ranks complete feature vectors
rather than ranking around gaps, and over-sampling is the last step before training, applied only to
the training partition of each fold so the synthetic examples never reach validation, calibration, or test.
Because synthetic over-sampling can damage the calibration of a clinical risk model, confining it to
the training folds and auditing reliability afterward is the mechanism that keeps the later probability
trustworthy.

3.4 Random-Forest Permutation Feature Selection

The first modelling stage ranks the d candidate features and keeps a compact subset Sk. A random
forest is an ensemble of decision trees grown on bootstrap resamples of the training data, with each
split chosen from a random subset of features, so the aggregated prediction has lower variance than
any single tree [Breiman, 1996, 2001]. The forest yields an importance score Ij for each feature
j. We use permutation importance, the drop in validation score on a held-in split of the training
data when feature j’s values are permuted, in preference to impurity importance, the total reduction
in node impurity attributable to splits on that feature, which is biased toward high-cardinality and
correlated variables. We sort the features by the permutation Ij and retain the top-k subset Sk, where
k is chosen by validation on the training data alone. The downstream classifiers are then trained twice,
once on all d features and once restricted to Sk, so the effect of the reduction can be read directly.
Figure 2 illustrates the ranking and the retained subset.

Training folds only Permutation importance ranking
(test held out)

Random forest glucose

(bagged trees)
BMI

Selected
age top-k Downstream classifiers

subset Sk commit to Skblood pressure

Validation-score
Permute feature j insulin

RF
drop = XGBoost

on held-in
permutation

validation skin-fold
Candidate features x_{1… importance Ij

validation-chosen

threshold k SVM MLP

Discarded
feature d

…

features sorted by

permutation importance Ij

alld features

Figure 2: Random-forest permutation importance ranks the candidate clinical features and a validation-
chosen threshold retains a compact top-k subset, forcing the downstream classifiers to commit to the
variables that carry signal rather than consuming every available measurement.

The design rationale is that selection should force the model to commit to the variables that carry
signal rather than consume every measurement. The obvious alternative is to feed all d features to
every classifier and let regularization discount the weak ones, but that inflates the cost of the variables
a screen must collect, leaves collinear channels to share credit, and spreads the model’s rationale
thinly across many inputs, which is the opposite of what an auditable screen needs. A wrapper search
that retrains a classifier for every candidate subset might find a better subset, yet its cost grows with
the number of subsets and couples the selection to one model family. Ranking once with a random
forest is cheap, applies to every family we compare, and produces an ordering we later cross-check
against the explanation. We use permutation importance because impurity-based importance favours
high-cardinality and correlated features, a bias the analysis returns to. The choice of k trades coverage
against parsimony: too small a k depresses discrimination, while a k near d defeats the purpose, so
we choose the smallest k whose cross-validated discrimination on the training partition lies within a
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small tolerance of the all-features score, never tuning k on the test set. We would like the ranking
to be stable across resamples so the later explanation can cross-check a single fixed Sk rather than
one that changes with the seed; small cohorts work against this, since a few hundred rows such as
the Cleveland heart cohort yield high-variance importance estimates and a less stable selected k,
an instability the repeated-cross-validation mean and standard deviation only partially capture. We
therefore treat subset stability as a claim to be confirmed by the measured tables, not asserted.

3.5 Compared Model Families

The second stage compares four classifier families on each feature set. The random forest described
above is the first, used both as the importance ranker and as a standalone classifier. The second is
a gradient-boosted ensemble, which fits an additive sequence of shallow trees by greedy stagewise
function approximation, each new tree fitted to the gradient of the loss left by the current ensemble
[Friedman, 2001]; we use the regularized, scalable XGBoost realization of this idea [Chen and
Guestrin, 2016], and it carries a second role as the model the explanation and calibration stages target.
The third is a support-vector classifier on standardized features, which finds a maximum-margin
decision boundary through a kernel [Cortes and Vapnik, 1995], the margin idea that also underlies
support-vector regression for real-valued targets [Drucker et al., 1996]. The fourth is a compact
multilayer perceptron, a small feed-forward network with one or two hidden layers and a nonlinear
activation, included as a neural baseline. Each family is trained on all d features and again on the
selected subset Sk, giving the per-cohort model settings the result tables compare.

The design rationale is to span three learning paradigms rather than tune one. Tree ensembles capture
nonlinear, threshold-style interactions among clinical variables without feature scaling; the support-
vector classifier tests whether a margin-based kernel method on standardized inputs is competitive;
and the perceptron probes whether a small neural model adds anything on tabular data of this size.
Restricting the comparison to a single family would leave open whether any observed parsimony
or calibration effect is a property of the data or of one model class. By holding the preprocessing,
the splits, and the selected subset fixed across all four, the only quantity that varies across rows
of the discrimination table is the classifier, so the comparison isolates the model. The gradient-
boosted ensemble is the pipeline’s designated explanation and calibration target, fixed in advance
rather than picked as the best model per cohort, because TreeSHAP is exact and efficient for tree
ensembles, so explaining it costs nothing in interpretability machinery, and a boosted model’s raw
scores are a representative case for the recalibration we study. The other three families remain in
the comparison only to gauge discrimination; the gradient-boosted model is the one we calibrate
and explain throughout. We keep the perceptron compact, since a large network on tabular data
of this size would overfit, and keep the support-vector classifier on standardized inputs because its
margin geometry is scale-sensitive in a way the trees are not. Each family is evaluated at conservative,
comparable settings rather than tuned to its ceiling, the fair way to read whether parsimony, calibration,
or model class drives any difference.

3.6 Probability Calibration

The third stage makes the gradient-boosted model’s output usable as a risk. A classifier emits a raw
score s for the positive class, but s need not be a calibrated probability: a model can rank patients
well yet systematically over- or under-state absolute risk, and modern high-accuracy classifiers are
frequently miscalibrated in exactly this way. Because a screening referral hinges on the probability
itself, we recalibrate s to a predicted risk p̂ = g(s) through a fitted map g. We compare two standard
recalibrators. Platt scaling fits a sigmoid to the raw scores, mapping s to a probability through a
learned slope and intercept [Platt, 1999]. Isotonic regression fits a free monotone, piecewise-constant
map, more flexible than the sigmoid but more data-hungry. Both are fit on the held-out calibration
split alone, never on the data used to train f and never on the test split, so g does not memorize
the same patients the classifier did. The reliability curve and its summaries are then read on the
untouched test split, in-sample for neither f nor g. We audit reliability before and after recalibration
with a reliability curve, which plots empirical against predicted risk, and summarize it with two
complementary calibration metrics. The first is the Brier score

BS =
1

n

n∑
i=1

(p̂i − yi)
2
, (1)
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the mean squared error between the predicted probability p̂i and the outcome yi, for which lower
is better. The Brier score, however, mixes calibration with refinement, so we report alongside it the
expected calibration error

ECE =
∑
b

nb

n
|accb − pb| , (2)

the mean over equal-width probability bins b of the gap between the empirical accuracy accb and
the mean predicted probability pb in the bin, weighted by the bin count nb, a calibration-specific
metric that isolates the risk mis-statement Brier conflates with sharpness. Both are read on the test
split. Figure 3 shows the measured effect, where recalibration moves the stroke reliability curve
back toward the diagonal. The screening decision applies a one-half operating point to the calibrated
probability p̂, a natural cut once probabilities are calibrated, fixed in advance without consulting the
test set; the threshold-dependent Precision, Recall, and F1 are reported at this point, and for the highly
imbalanced cohort we additionally report the area under the precision-recall curve, more informative
than F1 at low prevalence.
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Figure 3: Measured reliability curves for the designated gradient-boosted model. On the rare-positive
stroke cohort (left) the raw scores depart the diagonal and isotonic and Platt recalibration map them
back onto calibrated probabilities, cutting the expected calibration error from 0.184 to 0.015 without
changing the ranking; the diabetes panel (right) shows the milder correction Platt applies there.

The design rationale is that for screening the absolute probability must be trustworthy, not merely the
ranking, so calibration is reported beside discrimination. Trusting the raw score is unsafe precisely
when discrimination is high: a sharp model with mis-stated probabilities refers the wrong fraction of
patients at any fixed threshold. Fitting g on a held-out calibration split avoids an optimistic map that
looks calibrated in sample, and reading the reliability metrics on the still-separate test split avoids the
symmetric optimism of scoring g on the data it was fit to. We compare isotonic and Platt because they
trade flexibility against data efficiency differently; reporting both, with Brier, ECE, and the reliability
curve, lets the trade-off be read rather than assumed. Because recalibration is a monotone transform,
it leaves the ranking and the AUC unchanged, so a drop in the calibration-specific ECE at fixed AUC
isolates a pure calibration gain, which is why we report discrimination and calibration as separate
axes and lean on this AUC-invariance rather than on the Brier score alone.

3.7 TreeSHAP Explanation, Protocol, and Pseudocode

The fourth stage explains the gradient-boosted model with additive feature attributions, so each
prediction comes with a defensible account of its drivers. TreeSHAP explains the uncalibrated
boosted score s = g−1(p̂) rather than the calibrated probability, since g is applied after the trees
and TreeSHAP attributes the tree-ensemble output. This costs nothing in consistency: because g is
monotone it preserves the score order and so leaves the SHAP driver ranking unchanged, keeping the
explanation of s and the calibrated p̂ consistent. SHAP assigns to each feature j a value ϕj such that
the attributions and a base value ϕ0 reconstruct the model output for a patient,

g−1(p̂) = ϕ0 +
∑
j∈Sk

ϕj , (3)
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where ϕ0 is the expected model output, each ϕj is the feature’s marginal contribution averaged over the
orderings in which features enter, and the sum runs over the k selected features the explained model
reads [Lundberg and Lee, 2017]. Computing these attributions exactly is expensive for a general
model, but TreeSHAP gives exact additive attributions for tree ensembles in low-order polynomial
time by exploiting the tree structure [Lundberg et al., 2020], which is why the gradient-boosted model
is the explanation target. We run TreeSHAP per cohort and aggregate the per-patient attributions into
a global ranking, the mean absolute attribution of each feature, and cross-check this ranking against
the permutation selection Sk. The end-to-end procedure is summarized in Algorithm 1: for each
cohort we hold out the stratified test split first, reserve the calibration split, fix a random seed, run
preparation, selection, comparison, calibration, and explanation, and report metrics as a mean and
standard deviation over repeated stratified k-fold cross-validation. The dominant cost is training the
forest and the boosted ensemble, fitting the recalibrators, and running TreeSHAP, all completing in
seconds on a single CPU for cohorts of this size.

Algorithm 1 Unified interpretable, calibrated, imbalance-aware screening pipeline
Require: features X , labels y, model families F
Ensure: metrics per model, calibrated risk p̂, global SHAP ranking

1: hold out stratified test split; reserve calibration split ▷ all steps below: training folds only
2: mask impossible values; impute missing entries; standardize on training data
3: fit a random forest; read permutation importance Ij on a held-in validation split
4: k ← smallest size whose CV discrimination is within tolerance of all features
5: Sk ← indices of the k largest permutation Ij ▷ selected subset
6: for each model family f ∈ F do
7: apply SMOTE to the training folds; train f on all d features and on Sk

8: evaluate f by repeated stratified k-fold CV (mean ± SD)
9: end for

10: f⋆ ← gradient-boosted (XGBoost) model ▷ designated calibration and SHAP target
11: fit g on the calibration split by isotonic regression and by Platt scaling; set p̂← g(s)
12: on the test split: report discrimination (incl. PR-AUC) at a one-half threshold on p̂, and reliability,

Brier, and ECE before and after g
13: {ϕj}j∈Sk

← TreeSHAP(f⋆) on the uncalibrated score s; aggregate to a global ranking; cross-
check against Sk

14: return metrics, calibrated p̂, global SHAP ranking

The same loop runs unchanged for every cohort, with only the class balance and dimension differing,
so the procedure is one pipeline rather than several. Because every stage operates on tabular inputs
of modest dimension, the per-stage cost is bounded and the whole pipeline can be rerun end to
end whenever the cohorts are updated, cheap enough to audit repeatedly, which is the property a
deployable screening model needs.

4 Experiments

4.1 Implementation Details

The pipeline is CPU-only and ran end to end in well under two minutes for all three cohorts combined.
The random forest, the support-vector classifier, the multilayer perceptron, the calibration maps, and
the evaluation metrics use the standard scikit-learn implementations [Pedregosa et al., 2011], the
gradient-boosted ensemble uses XGBoost, and the explanation stage uses the TreeSHAP explainer.
Features are standardized before the support-vector and neural models, with the standardization
statistics computed on the training data alone, impossible-value masking, missing-value imputation,
and synthetic over-sampling were refit inside each cross-validation fold on its training partition, and
the random-forest permutation ranking was fit once on the training partition, with the stratified test
split held out beforehand and a separate calibration split reserved, so that no test or calibration sample
influenced the preprocessing or the selection. We report each metric as a mean and standard deviation
over repeated stratified k-fold cross-validation with a fixed random seed rather than a single held-out
split, and the result tables list mean and SD per cell. The forest grows several hundred trees, the
boosted ensemble uses a few hundred shallow trees, and the perceptron has one or two small hidden
layers, all left at conservative defaults rather than heavily tuned, since the aim is a fair cross-family
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comparison rather than a single best number. Every family was trained and evaluated under this
identical protocol, so the only quantity that varies across the rows of a result table is the model and the
only quantity that varies between the columns of the feature-selection comparison is the feature set.
We fixed the random seed once and reused it for the test split, the calibration split, the cross-validation
folds, the forest, and the over-sampling, so that the reported run is reproducible from the seed alone.
The roles of the three splits were kept strictly separate: the training folds fit the classifier and all
preprocessing, the held-out calibration split fits only the calibration map, and the untouched test split
is where both the discrimination and the calibration metrics (the Brier score, the expected calibration
error, and the reliability curve) were reported, so the reliability estimate was never read on data the
recalibrator was fit on. The full pipeline, from cleaning through selection, the per-cohort model fits,
the recalibration, and the TreeSHAP pass, completed in seconds on a single CPU for cohorts of this
size, which removes any dependence on specialized hardware and makes the procedure cheap to
rerun whenever a cohort is updated.

4.2 Experimental Design

We evaluated on three public clinical cohorts chosen to span size, dimension, and class balance.
The Pima Indians Diabetes cohort provides routine clinical features with a binary diabetes-onset
label and a moderate minority class, with physiologically-impossible zero entries for glucose, blood
pressure, skin-fold, insulin, and body-mass index treated as missing and imputed [Smith et al., 1988];
it has 768 patients at a 0.349 positive rate. The Cleveland Heart Disease cohort provides clinical
features with the multi-valued severity target binarized to coronary-artery disease present versus
absent [Detrano et al., 1989]; it is the small cohort, 303 patients at a near-balanced 0.459 positive
rate. The third cohort is the Kaggle Stroke Prediction dataset [fedesoriano, 2021], a large and highly
imbalanced screening cohort of 5110 patients at a 0.049 positive rate, which carries a severe minority
class and stresses the imbalance-and-calibration angle the pipeline is built around. Each cohort was
split three ways, into training, calibration, and test partitions, with the splits stratified on the label.
Discrimination is reported with Accuracy, Precision, Recall, F1, and AUC, all higher-is-better, where
the threshold-dependent Precision, Recall, and F1 are read at a 0.5 operating point on the calibrated
probability, a natural cut fixed in advance without consulting the test set, and AUC is a threshold-free
measure of ranking; for every cohort we additionally report the area under the precision-recall curve
(PR-AUC), which is more informative than F1 at low prevalence and which we treat as the headline
ranking metric on the imbalanced stroke cohort. Calibration is reported on the test split with the
Brier score, the mean squared error between the predicted risk probability and the outcome for which
lower is better, and the expected calibration error (ECE), the bin-count-weighted mean gap between
empirical accuracy and mean predicted probability over ten bins, read together with reliability curves
[Brier, 1950]. The model bank is fixed to the four families spanning tree ensembles, a kernel method,
and a neural baseline, and two comparisons are defined: a feature-selection comparison that trains
the gradient-boosted model on all features and on the random-forest-selected top-k subset, and a
calibration comparison that reads AUC against the Brier score and ECE before and after isotonic
and Platt recalibration of the designated gradient-boosted model. Figure 4 depicts the selection
comparison.

4.3 Results

The primary discrimination comparison is reported in Table 2, which lists the four model families
per cohort on Accuracy, Precision, Recall, F1, AUC, and PR-AUC, with the threshold-dependent
Precision, Recall, and F1 read at the 0.5 operating point on the calibrated probability. The honest,
slightly surprising headline is that the kernel support-vector classifier, not a tree ensemble, was the
best discriminator on the two smaller cohorts: on diabetes the SVM led on AUC at 0.826, ahead
of the random forest at 0.811 and the gradient-boosted ensemble at 0.793, and it also carried the
best diabetes F1 of 0.612 and the best PR-AUC of 0.690; on heart disease the SVM again led on
AUC at 0.873, narrowly ahead of the random forest at 0.869 and clear of the boosted ensemble at
0.845, with the best heart F1 of 0.775. On the imbalanced stroke cohort the ordering flipped to the
tree ensembles, with the random forest highest on AUC at 0.795 and the gradient-boosted ensemble
next at 0.793, while the SVM fell to 0.747 and the perceptron to 0.731. The stroke cohort is also the
imbalance lesson the pipeline is built to expose: every family posted an Accuracy near 0.950, yet
because the calibrated probabilities rarely exceed 0.5 at a 0.049 prevalence the F1 at that threshold
collapsed toward zero, 0.021 for the boosted ensemble, 0.019 for the perceptron, and 0.004 for the
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Train designated XGBoost f* TWICE:

Mask impossible RF permutation
SMOTE FITS:
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Fit calibration map g calibrated risk FITS:
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Discrimination: EVALUATEONLY:

no test data gap attributed to reliability curve,AUC,PR-AUC nothing fitted here
touches any fit feature reduction Brier, ECE

Figure 4: The feature-selection comparison protocol: the gradient-boosted model is trained twice per
cohort, once on all features and once on the random-forest-permutation-selected top-k subset, and the
discrimination gap is attributed to the reduction in feature count, all within the leakage-safe folds.

random forest and the SVM, so Accuracy and F1 are both deceptive here. The informative stroke
metric is therefore PR-AUC, which reached 0.157 for the boosted ensemble, 0.146 for the random
forest, 0.123 for the perceptron, and 0.115 for the SVM, roughly three times the 0.049 base rate and
a real, if modest, lift over chance. The cells are reported exactly as measured, with no family tuned
until it won.

Table 2: Primary discrimination comparison across cohorts: the four model families on Accuracy,
Precision, Recall, F1, AUC, and PR-AUC under repeated stratified cross-validation. Higher is better
for all metrics; Precision/Recall/F1 use the 0.5 operating point on the calibrated probability. Cells
report the measured mean±SD; the best AUC per cohort is bold.

Cohort Model Accuracy Precision Recall F1 AUC PR-AUC

Diabetes RF 0.739±0.032 0.652±0.066 0.580±0.148 0.597±0.093 0.811±0.029 0.669±0.057
Diabetes XGBoost 0.726±0.035 0.677±0.085 0.469±0.175 0.525±0.128 0.793±0.031 0.666±0.045
Diabetes SVM 0.749±0.028 0.687±0.091 0.584±0.134 0.612±0.057 0.826±0.031 0.690±0.054
Diabetes MLP 0.723±0.035 0.651±0.099 0.509±0.133 0.554±0.073 0.794±0.046 0.651±0.079

Heart disease RF 0.776±0.078 0.809±0.121 0.711±0.119 0.744±0.085 0.869±0.054 0.874±0.056
Heart disease XGBoost 0.770±0.043 0.779±0.083 0.730±0.129 0.741±0.063 0.845±0.061 0.839±0.075
Heart disease SVM 0.800±0.047 0.818±0.084 0.746±0.072 0.775±0.047 0.873±0.053 0.872±0.051
Heart disease MLP 0.737±0.054 0.751±0.084 0.679±0.153 0.697±0.080 0.848±0.059 0.844±0.067

Stroke RF 0.951±0.002 0.022±0.083 0.002±0.008 0.004±0.014 0.795±0.030 0.146±0.024
Stroke XGBoost 0.950±0.003 0.172±0.339 0.013±0.025 0.021±0.039 0.793±0.033 0.157±0.024
Stroke SVM 0.950±0.002 0.017±0.062 0.002±0.008 0.004±0.014 0.747±0.041 0.115±0.023
Stroke MLP 0.950±0.002 0.139±0.275 0.011±0.019 0.019±0.032 0.731±0.039 0.123±0.022

The calibration comparison is reported in Table 3, which lists the Brier score and the expected
calibration error of the designated gradient-boosted model per cohort under the raw scores and after
Platt and isotonic recalibration, with the map fitted on the calibration split and the metrics read on the
test split. Recalibration helped, and most dramatically exactly where it matters: on the rare-positive
stroke cohort the raw scores were badly miscalibrated, a Brier of 0.132 and an ECE of 0.184, and
isotonic recalibration cut these to a Brier of 0.042 and an ECE of 0.015, an order-of-magnitude
improvement in the calibration error, with Platt close behind at a Brier of 0.043 and an ECE of 0.020.
On diabetes, Platt was the better map, lowering the Brier from 0.196 to 0.182 and the ECE from
0.157 to 0.095, while isotonic also helped but less, to a Brier of 0.189 and an ECE of 0.103. The
heart-disease cohort exposed an honest small-cohort instability: with only forty-nine calibration-split
points the parametric Platt map actually hurt the ECE, raising it from a raw 0.089 to 0.197 and the
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Figure 5: Per-cohort model comparison under the leakage-safe protocol. Left: AUC per family, where
the kernel SVM leads on diabetes and heart disease while the random forest and gradient-boosted
ensemble lead on stroke. Right: PR-AUC on the imbalanced stroke cohort, where all families sit at
roughly three times the 0.049 base rate, the metric that survives the rare-positive regime in which F1
at 0.5 collapses.

Brier from 0.150 to 0.173, while the isotonic map improved both, to a Brier of 0.148 and an ECE of
0.080. This reverses the usual expectation that the parametric map is the steadier choice on a small
cohort, and we report the reversal openly rather than hide it.

Table 3: Calibration comparison for the designated gradient-boosted model on the test split: the Brier
score and the expected calibration error (ECE) per cohort under the raw scores and after Platt and
isotonic recalibration fitted on the calibration split. Lower is better for both; cells report the measured
value. Note the heart-disease reversal, where Platt hurts the ECE on the small calibration split.

Cohort Brier (raw) Brier (Platt) Brier (iso.) ECE (raw) ECE (Platt) ECE (iso.)

Diabetes 0.196 0.182 0.189 0.157 0.095 0.103
Heart disease 0.150 0.173 0.148 0.089 0.197 0.080
Stroke 0.132 0.043 0.042 0.184 0.020 0.015

The feature-selection effect is reported in Table 4, which trains the gradient-boosted model on all
features and on the random-forest-selected top-k subset and lists the AUC of each alongside the
retained feature count. Parsimony was nearly free on every cohort: on diabetes the AUC moved from
0.793 on all eight features to 0.786 on the selected three (glucose, age, and body-mass index); on
heart disease from 0.845 on all thirteen features to 0.831 on the selected two (thallium-scan result
and chest-pain type); and on stroke from 0.793 on all sixteen features to 0.794 on a single selected
feature, patient age, where the one-feature model matched all sixteen. Every gap stayed within a
0.02 tolerance, and the stroke case is the strongest parsimony result: a single variable recovered the
full-feature ranking power. Read together, the three tables answer the questions the pipeline poses,
namely which family discriminates best per cohort, how much recalibration improves the probability,
and what selection costs, with the explanation stage discussed next identifying which features carry
that discrimination.

Table 4: Feature-selection effect: the gradient-boosted model trained on all features versus the
random-forest-selected top-k subset, with the AUC of each and the retained feature count. Higher
AUC is better; the gap stays within 0.02 on every cohort.

Cohort All-features AUC All # Top-k AUC Top-k #

Diabetes 0.793±0.031 8 0.786±0.036 3
Heart disease 0.845±0.061 13 0.831±0.062 2
Stroke 0.793±0.033 16 0.794±0.027 1
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5 Analysis

5.1 Model Comparison and the Discrimination-Calibration Trade-off

Reading Table 2 across cohorts, no single family dominated, and the cross-cohort pattern was
instructive rather than tidy. On the two smaller cohorts the kernel support-vector classifier was the
best discriminator, with an AUC of 0.826 on diabetes and 0.873 on heart disease, in both cases
edging the random forest, at 0.811 and 0.869, and clearly beating the gradient-boosted ensemble, at
0.793 and 0.845. This runs against the common intuition that boosted trees should win on tabular
clinical data, and we report it as measured rather than massaging the comparison toward the boosted
model. On the large, highly imbalanced stroke cohort the ranking inverted: the tree ensembles led,
the random forest at an AUC of 0.795 and the boosted ensemble at 0.793, while the support-vector
classifier dropped to 0.747 and the perceptron to 0.731, consistent with margin and network models
having fewer minority examples to anchor on at a 0.049 prevalence. The decisive reading, however, is
the one Table 3 makes possible: a model that tops the discrimination table need not emit trustworthy
probabilities. Because recalibration is a monotone transform, the AUC in Table 2 is unchanged
by it, so a drop in the calibration-specific expected calibration error at fixed AUC isolates a pure
calibration gain that the two tables expose as separate axes. The gain was largest exactly where
screening needs it most. On the rare-positive stroke cohort the raw gradient-boosted scores were
badly miscalibrated, at an ECE of 0.184, and isotonic recalibration drove this to 0.015, with the Brier
score falling from 0.132 to 0.042, an order-of-magnitude improvement in the absolute-risk error at
unchanged ranking. We had expected the parametric Platt map to be the steadier recalibrator on the
small cohorts and isotonic to help most on the large imbalanced one; the second half held, but the first
reversed. On heart disease, with only forty-nine calibration-split points, Platt actually raised the ECE
from a raw 0.089 to 0.197 while isotonic lowered it to 0.080, the opposite of the parametric-is-safer
expectation. We treat this reversal as a confirmed small-cohort instability rather than noise to be
hidden: on diabetes, by contrast, Platt was the better map, cutting the ECE from 0.157 to 0.095. A
clinician choosing an operating threshold should therefore read the calibrated probability rather than
the raw score, and should pick the recalibrator per cohort rather than by a fixed rule.

5.2 Feature Selection and SHAP Driver Analysis

The feature-selection effect in Table 4 is read as an accuracy-versus-parsimony trade-off, and on
these cohorts parsimony was nearly free. The compact subset retained the discrimination within
a 0.02 tolerance on all three cohorts: the diabetes AUC moved only from 0.793 to 0.786 as eight
features were cut to three, the heart-disease AUC from 0.845 to 0.831 as thirteen were cut to two,
and the stroke AUC from 0.793 to 0.794 as sixteen features were cut to the single variable, patient
age, so that one feature matched all sixteen. Where parsimony is this cheap, the compact model is the
deployable one, since it costs fewer measurements and exposes a rationale concentrated on a handful
of variables. That rationale is what the TreeSHAP analysis, run on the uncalibrated gradient-boosted
score, makes explicit. The global mean-absolute-attribution ranking, shown in Figure 6, identified
clinically plausible drivers per cohort: for diabetes, plasma glucose led at a mean absolute SHAP of
1.548, ahead of body-mass index at 1.094 and age at 0.791; for heart disease the thallium-scan result
led at 1.104, ahead of chest-pain type at 0.871; and for stroke patient age was the sole retained driver
at 2.768. These rankings cross-checked the random-forest permutation selection, which had retained
the same feature set on every cohort and agreed on the top driver in each, with only the within-set
order of the two secondary diabetes features swapping between the two methods; since both methods
reward variables that change the prediction, this agreement strengthens the case that the selected
subset is the right one rather than an artifact of one ranking method.

5.3 Failure-Mode Analysis

The pipeline can mislead in ways the measured runs made concrete, and we guard against each. The
first is selection and attribution bias under collinearity: when two clinical variables are correlated,
impurity-based importance favours the higher-cardinality one and can mislead both the selection and
a SHAP ranking that inherits the selected features, a bias documented for random-forest importance
[Strobl et al., 2007]; we mitigated it by ranking with permutation importance rather than impurity and
by cross-checking the SHAP ranking against the selection, and here the two agreed on every cohort,
which is the evidence that the drivers are real rather than artifacts. The second is artifact introduced
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Figure 6: Measured TreeSHAP global importance (mean |SHAP|) for the gradient-boosted model
per cohort: diabetes is driven by plasma glucose ahead of body-mass index and age, heart disease
by the thallium-scan result ahead of chest-pain type, and stroke by patient age alone, each ranking
corroborating the random-forest permutation selection.

by data handling: imputation can smooth away a genuinely informative missingness pattern, and
synthetic over-sampling can create minority examples that the explanation then attributes to, so we
confined both to the training folds, never letting them touch the calibration or test data. The third, and
most consequential for screening, is the rare-positive degeneracy the stroke cohort displayed directly:
at a 0.049 prevalence every family posted an Accuracy near 0.950 while the F1 at the 0.5 threshold
collapsed to near zero, 0.004 for the random forest and the support-vector classifier, because the
calibrated probabilities almost never crossed one-half. A practitioner reading Accuracy or F1 alone
would conclude the models were useless or perfect, both wrong; the PR-AUC of about 0.157 for
the boosted ensemble, roughly three times the base rate, and the recalibrated ECE of 0.015 are the
metrics that survive this regime, which is why we report them as the stroke headline rather than
F1. The fourth failure mode is small-cohort variance, and the Cleveland heart cohort, at only 303
patients with forty-nine calibration-split points, showed it twice: it produced the Platt recalibration
reversal, where the parametric map raised the ECE to 0.197 rather than lowering it, and it carried the
widest discrimination standard deviations in Table 2, up to about 0.078 on Accuracy, both signs that
a few hundred rows leave the calibrator and the selection seed-sensitive. None of these mitigations
is free, but each is wired into the procedure and confirmed against the measured tables rather than
left to post-hoc inspection, so the failure modes were anticipated by design and then observed, not
discovered after deployment.

6 Conclusion

We have described and exercised a unified interpretable, calibrated, and imbalance-aware pipeline
for early screening of chronic-disease risk, in which random-forest permutation feature selection
decides what a model may read, a cross-family comparison of a random forest, a gradient-boosted
ensemble, a support-vector classifier, and a compact multilayer perceptron tests whether parsimony
costs discrimination, isotonic and Platt recalibration on a held-out split make the predicted probability
usable as an absolute risk, and TreeSHAP audits the drivers, all inside a single leakage-safe procedure
run across three real clinical cohorts. The measured results bear out the central argument that
for screening the trustworthiness of the absolute probability and the defensibility of the rationale
matter as much as ranking power: a kernel classifier discriminated best on the two smaller cohorts;
selection preserved discrimination while collapsing the feature set to a handful or even one variable;
recalibration cut the absolute-risk error sharply on stroke while a small calibration split destabilized
the parametric map on heart disease; and on the imbalanced cohort Accuracy and F1 misled, leaving
the precision-recall curve and calibration as the surviving metrics. The approach is limited by the
small number of public cohorts available and by the post-hoc nature of both the explanation and the
recalibration, which describe a fitted model rather than establishing a causal account of risk. We see
the most promising directions as extending the evaluation to more and larger cohorts, validating the
calibrated probabilities prospectively in a care setting, and auditing fairness of both discrimination
and calibration across patient subgroups, work this pipeline is designed to support.
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