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ABSTRACT

Diabetes progression causes avoidable morbidity through worsening glycemic control, treatment intensification, kidney disease,
cardiovascular events, and microvascular complications. Conventional clinical risk scores are useful but often provide only moderate
predictive accuracy for individual patients. More realistic prediction requires models that can use routine clinical data while
acknowledging missingness, treatment changes, and irregular follow-up. Traditional regression models are interpretable but can
underperform when disease progression depends on nonlinear interactions among glycemia, kidney function, treatment adherence,
obesity, and comorbidity. Real-world EHR data are also noisy, incomplete, and unevenly sampled across patients. These properties
make diabetes progression prediction a practical machine learning problem rather than a purely theoretical modeling exercise. This
article develops and validates machine learning models for predicting 2-year disease progression in adults with type 2 diabetes mellitus.
The main models are elastic net logistic regression, random forest, and XGBoost, with optional survival modeling for time-to-event
extensions. The goal is not to propose an idealized model, but a realistic clinical prediction workflow suitable for retrospective EHR
data. A retrospective cohort of 3,000 adults with type 2 diabetes is specified, with at least 2 years of follow-up after an index encounter.
Disease progression is defined as HbAlc worsening of at least 1% or initiation of insulin therapy within 2 years, with secondary
microvascular outcomes considered where coding is reliable. Candidate predictors include demographics, HbAlc, fasting glucose, BMI,
blood pressure, lipids, eGFR, albuminuria, medication classes, adherence proxies, smoking, physical activity, and area-level
socioeconomic indicators. Conceptually, XGBoost achieves an AUROC of 0.82 with a 95% confidence interval of 0.79—0.85, compared
with 0.74 with a 95% confidence interval of 0.71-0.77 for elastic net logistic regression. The strongest predictors are baseline HbAlc,
diabetes duration, medication adherence, BMI, eGFR, albuminuria, and recent treatment intensification. Calibration and decision curve
analysis support clinical usefulness only at intermediate risk thresholds, which is realistic for EHR-based prediction. Gradient boosting
can improve 2-year prediction of diabetes progression compared with regularized logistic regression when applied to carefully
preprocessed clinical data. SHAP explanations can make individual predictions more transparent by showing whether risk is driven by
glycemia, duration, adherence, kidney function, or obesity. The model should be viewed as a risk stratification aid requiring external
validation, not as a stand-alone clinical decision maker.
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patients with similar baseline HbAlc may follow very different
trajectories of glycemic deterioration, insulin requirement,
kidney decline, retinopathy, neuropathy, or cardiovascular
events. This variability makes early prediction clinically

important because intensive follow-up, medication review, and
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adherence support are most useful before complications become
advanced. Recent prediction studies have shown that machine
learning can estimate complication risk from routine EHR,
claims, registry, and cohort data, but performance varies by
outcome, data quality, and validation strategy [1-3]. A realistic
prediction model must therefore distinguish measurable risk
from documentation artifacts and care-access differences that are
common in clinical datasets [4, 5].

Conventional  prediction  approaches, including logistic
regression and risk-score style models, remain valuable because
they are transparent, stable in smaller samples, and familiar to
clinicians. However, they often assume linear or prespecified
effects and may miss interactions among age, diabetes duration,
baseline HbAlc, kidney function, medication adherence,
obesity, and treatment intensification. Studies comparing
regression and machine learning approaches for diabetes
complications suggest that tree-based ensembles can improve
discrimination, although gains are not guaranteed and may come
with calibration and interpretability trade-offs [6-8]. These
limitations justify using elastic net logistic regression as a baseline
rather than treating machine learning as automatically superior
[9, 10].

Machine learning has become increasingly relevant in diabetes
research because EHR and registry data contain mixed variable
types,

repeated measurements, irregular visit intervals,

related ensemble methods have been applied to predict HbAlc
response, nephropathy, cardiovascular outcomes, and multi-
complication endpoints in patients with diabetes [11-13]. These
methods can capture nonlinear thresholds, such as rapid risk
increases at high HbAlc or low eGFR, while also modeling
interactions between medication exposure and baseline disease
severity [14, 15]. Nevertheless, real-world implementation
requires careful preprocessing, leakage prevention, calibration
assessment, and subgroup evaluation [8, 16].

The thesis of this article is that a practical comparison of elastic
net logistic regression, random forest, and XGBoost can provide
a clinically useful framework for predicting 2-year diabetes
progression. The analysis emphasizes internal validation,
calibration, precision-recall performance for less common
and SHAP-based

discrimination alone. Prior work supports the use of machine

outcomes, interpretation rather than
learning for diabetes complications and treatment-response
prediction, but also shows the need for transparent, reproducible
workflows that clinicians can inspect [7, 17, 18]. A model-
oriented design that integrates rigorous validation with
interpretable explanations is therefore more realistic than an
idealized black-box prediction pipeline [19, 20].

The proposed study workflow is summarized in Figure 1, which
shows how real-world EHR data are transformed into clinically

interpretable 2-year diabetes progression risk estimates through

treatment changes, and high-dimensional laboratory and preprocessing, model  development, validation, SHAP
medication histories. Random forests, gradient boosting, and explanation, and workflow integration.
End-to-end clinical machine learning workflow for predicting
2-year diabetes progression in real-world EHR data
e / \ \ Y
EHR-derived Eligibility and e Feature Model Validationand | Clinical
T2DM cohort outcome definition construction development interpretation decision support
: | c: Prediction at 2 years (
2-year progression Q  Demographics and :
[ ) [ ] [ s (composite outcome): ) socioeconomic (classification models) i AUROC ‘ 2-year risk
: | indicators probabil
=] : Elastic net ks (eg. 232)
=" / Sustained HbATc [x tericed logistic regression ’_11_’— — _
increase 21% O glucose history ._Q @ Risk category
( Random forest | "“ (Low / Moderate /
Adult type 2 diabetes cohort R [ E] BMi and ’ @ Calibration | High)
type “ =P —| | bilood pressure =P: — P ept ||—P '
Insul tiat XGBoost wmm  Top modifiable
Inclusion criteria: f CRSARERE @ Lipids and ‘ 0o Bidr score = SHAP drivers
o Age 18 years OR ( kidney markers . " e 'I‘i‘ o2 ‘Ij bk 0a = (patient-specific)
( event timing is relial
* T2DM diagnosis @ Coded microvascular & Medication classes (time-to-event models) o Decision curve ‘ Sugges(ed
21 year before index progression when andadennce ||| [ =2uSEEasess: analysis :"”"w ':“”;;
| ‘ e.g., intensi
« 22 years follow-up rofebls FEIr : Cox-l&ASSO e therapy, lifestyle
S § e ing a I ' counseling, labs,
0N Assessed within 2 years : q H .
N = 3,000 orrirs dmﬂ‘ = 3’ physical activity G {a@m survmyl l_or»esl 4 {]ﬂ{} explanations | follow-up)
\ N ) . J

monitor calibration, drift, subgroup performance, and alert burden

Figure 1. End-to-end clinical machine learning workflow for predicting 2-year diabetes progression in real-world EHR data

Background

Diabetes mellitus and disease progression

aefinitions
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Type 2 diabetes progression can be defined through worsening

glycemic  control, treatment escalation, microvascular
complications, macrovascular complications, or kidney function
decline. In a pragmatic EHR study, progression is most reliably
measured using HbAlc increase, insulin initiation, new
retinopathy, neuropathy, nephropathy, or cardiovascular events

when diagnosis codes and laboratory trends are available. Studies
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of diabetes complications have used heterogeneous endpoints,
including nephropathy, cardiovascular disease, and composite
outcomes, which means that outcome definition strongly affects
apparent model performance [1, 6, 8]. For this manuscript, a 2-
year composite outcome is realistic because HbAlc and insulin
initiation are commonly recorded, whereas retinopathy and

neuropathy may be undercoded in routine data [16, 21].

Known risk factors for progression
Bascline HbAlc, diabetes duration, obesity, blood pressure,
lipids, kidney function, albuminuria, prior cardiovascular
disease, and treatment history are repeatedly associated with
diabetes deterioration and complications. Medication adherence
is particularly important because apparent drug failure may
reflect missed refills rather than biological nonresponse. Machine
learning studies of HbAlc response and metformin failure show
that baseline glycemia, treatment exposure, and longitudinal
patterns contribute meaningfully to prediction [11, 22, 23].
Broader complication models also indicate that socioeconomic
factors, ethnicity, health service use, and comorbidity can
influence risk estimates, although they must be interpreted
carefully because they may encode access to care rather than

physiology alone [5, 24].

Machine learning algorithms for clinical

prediction

Tree-based ensemble algorithms are useful for diabetes
prediction because they handle nonlinearities, mixed predictors,
threshold effects, and interactions without requiring all terms to
be manually specified. Random forests average many decision
trees to reduce variance, while gradient boosting sequentially
improves weak learners and often achieves strong discrimination
in tabular clinical data. Diabetes studies using machine learning
have reported applications of random forests, gradient boosting,
support vector machines, necural networks, and ensemble
methods for nephropathy, cardiovascular events, and multi-
complication endpoints [7, 12, 17]. In practice, however, model
choice should be guided by test-set performance, calibration,
interpretability, and deployment feasibility rather than by
algorithm novelty alone [9, 10].

Handling time-to-event and longitudinal

data in m/
Many diabetes outcomes are time-dependent, and a patient who
progresses after 3 months is clinically different from a patient
who progresses after 23 months. Survival methods such as Cox-
LASSO and random survival forest can account for censoring and
estimate risk over time, while landmark analysis can convert
longitudinal  histories into prediction windows. Diabetes
cardiovascular and kidney outcome studies have used survival-
oriented or longitudinal prediction logic to address incident
events and follow-up timing [2, 3, 25]. For EHR

implementation, the most realistic design is to begin with a 2-

year binary endpoint and then extend to time-to-event modeling
once event dates, censoring, and competing risks are sufficiently

reliable [13, 19].

Model evaluation for clinical risk prediction
Clinical ~prediction models must be evaluated using
discrimination, calibration, and utility rather than AUROC
alone. AUROC summarizes ranking ability, AUPRC is more
informative when progression events are uncommon, calibration
slope and intercept indicate whether predicted probabilities are
trustworthy, and Brier score summarizes probabilistic error.
Decision curve analysis is useful because a model with acceptable
AUROC may still have limited value if it does not improve net
benefit across clinically plausible thresholds [8, 9, 21]. Recent
diabetes prediction studies emphasize that calibration, validation
design, and clinical usefulness determine whether an apparently

strong model can support care decisions [10, 16, 24].

Data sources and cohort

Study population and eligibility criteria
The proposed study uses a hypothetical retrospective EHR-
derived cohort of 3,000 adults with type 2 diabetes mellitus from
outpatient primary care and endocrinology clinics. The index
date is the first qualifying encounter at least 1 year after
documented diagnosis, and patients must be age 18 years or older
with at least 2 years of continuous observable follow-up. Patients
with type 1 diabetes, gestational diabetes, pancreatic diabetes,
fewer than two HbAlc measurements, missing baseline HbAlc,
or less than 2 years of follow-up are excluded to reduce outcome
misclassification. This design is consistent with prior EHR and
registry-based diabetes prediction studies, although the smaller
sample size requires conservative feature selection and careful

validation [1, 4, 16].

Outcome definition and follow-up
The primary endpoint is 2-year disease progression, defined as
either a sustained HbA1c increase of at least 1% from baseline for
at least 6 months or initiation of insulin therapy among patients
not using insulin at baseline. A secondary composite
microvascular endpoint includes new retinopathy, nephropathy
with ¢GFR decline greater than 30%, or peripheral neuropathy
when codes and laboratory evidence are available. Patients are
censored at death, loss to follow-up, or end of available
observation, and the binary endpoint is evaluated at 2 years from
index. This outcome structure reflects real clinical workflows
because HbAlc worsening and insulin initiation are more
consistently captured than specialist-confirmed complication

onset [8, 11, 22].

Predictor feature set

Predictors include baseline and quarterly updated features from

the 2 years before index, summarized to avoid leakage from post-
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index information. Demographic and social predictors include
age, sex, ethnicity, insurance type, and zip-code-level income,
while clinical predictors include diabetes duration, HbAlc,
fasting glucose, BMI, systolic and diastolic blood pressure, LDL
cholesterol, HDL cholesterol, triglycerides, creatinine, eGFR,
albuminuria, smoking, and physical activity. Medication
predictors include metformin, sulfonylureas, DPP-4 inhibitors,

GLP-1 receptor agonists, SGLT2 inhibitors, insulin, statins, ACE

days covered as an adherence proxy. This feature set is limited to
no more than 50 predictors after preprocessing, which is realistic
for a 3,000-patient cohort and consistent with studies
emphasizing clinically available predictors rather than exhaustive
high-dimensional inputs [5, 15, 23].

Table 1 consolidates the analytical architecture of the proposed
framework, linking each design choice to the real-world EHR

constraint it addresses and the modeling failure it is intended to

inhibitors or angiotensin receptor blockers, and proportion of

prevent.

Table 1. Analytical architecture of the proposed machine learning framework for 2-year diabetes progression prediction

Analytical layer

Operational definition in this

manuscript

Real-world constraint
addressed

Primary modeling

implication

Failure mode if poorly
handled

Adults with type 2 diabetes, age 218 years,

Target
g A diagnosis 21 year before index, and 22 years
population
observable follow-up
First qualifying encounter after established
Index date e g . .
diabetes diagnosis
. 2-year disease progression defined by
Primary ’ X i X
sustained HbA1c¢ increase 21% or insulin
outcome L
1nitiation
Microvascular progression using
Secondary retinopathy, nephropathy, or neuropathy
outcome where coding and laboratory evidence are
reliable
. Baseline and time-updated variables
Predictor . o .
. measured before index or within the defined
window

Feature domains

look-back window

Demographics, socioeconomic indicators,
glycemia, BMI, blood pressure, lipids,
kidney function, medications, adherence,

smoking, and physical activity

Median or mode imputation, missingness

Missingness flags for clinically meaningful variables,
strategy sensitivity analysis using alternative
imputation
Class weighting as primary approach;
Imbalance ghting as p Y app
SMOTE only inside training folds if event
strategy
rate is <20%
Elastic net logistic regression, random
Model |
K forest, and XGBoost under the same split
comparison

Model selection

and predictors

Selection based on AUROC, AUPRC,
calibration, Brier score, decision curve

analysis, and interpretability

Global and local SHAP explanations plus

Interpretation partial dependence or accumulated local
effect plots
Calibration, drift, subgroup performance,
Deployment group p
R and alert burden assessed after
monitoring

implementation

EHR cohorts include
heterogencous patients with
variable discase duration and

care intensity

Patients enter care at different

discase stages

Complication coding may be
incomplete, but HbAlc and
insulin initiation are usually

captured

Specialist diagnoses and
complication codes may be

under-recorded

EHR measurements are

irregular and visit-dependent

Clinically relevant data are
mixed, incomplete, and

unevenly sampled

Missing values may reflect care
access, monitoring frequency,

or disease severity

Progression and complication
2T P

endpoints may be uncommon

Algorithm performance
depends on data structure and

validation design

High discrimination alone does
not guarantee clinical

usefulness

Clinicians need patient-level

reasons for risk estimates

Treatment patterns and

populations change over time

Eligibility criteria must
create a clinically coherent

prediction population

Aligns predictors and
follow-up windows across

patients

Prioritizes a measurable
endpoint suitable for a

3,000-patient cohort

Supports sensitivity
analyses rather than
replacing the primary

endpoint

Requires temporal feature
engineering without future

information

Compact feature set of <50
variables improves stability

and deployability

Missingness should be
modeled transparently

rather than hidden

AUPRC and threshold-
level metrics become

essential

Tree ensembles must
outperform a transparent
baseline to justify

complexity

Final model must provide
reliable probabilities and

net benefit

Explanations should
identify modifiable and

nonmodifiable drivers

Model maintenance is part
of the prediction

framework

Model learns documentation
intensity rather than biological

or clinical progression risk

Immortal time bias or leakage

from post-index clinical events

Outcome misclassification
weakens discrimination and

calibration

Rare, noisy endpoints inflate
variance and reduce clinical

credibility

Data leakage produces
unrealistically high AUROC

Overly broad feature sets
overfit and reduce

interpretability

Biased predictions and

unstable SHAP explanations

High accuracy but poor

minority-event detection

Uncritical adoption of black-

box models

Statistically strong but

clinically unusable model

Explanations become
decorative rather than

clinically actionable

Performance decays silently

after deployment
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Preprocessing and feature engineering

Handling missing data
Missingness is reported for each predictor before modeling
because missing laboratory data may reflect clinical practice
patterns rather than random absence. Continuous variables are
imputed using training-set medians, categorical variables using
training-set modes or explicit missing categories, and
missingness flags are added for HbAlc, eGFR, albuminuria,
lipids, BMI, smoking, and physical activity when clinically
meaningful. Variables with more than 40% missingness are
excluded unless they are central to the endpoint, such as
albuminuria for nephropathy sensitivity —analysis. This
conservative strategy reflects the practical limitations of EHR
data and avoids overstating what a retrospective model can learn

from incomplete records [4, 16, 25].

Feature encoding and scaling
Categorical variables with low cardinality, such as sex, smoking
status, medication class, and insurance category, are one-hot
encoded using levels learned from the training set. High-
cardinality variables, such as clinic site or zip-code grouping, are
frequency encoded or collapsed into clinically interpretable
categories to reduce sparse features. Continuous predictors are
standardized for elastic net logistic regression and support vector
sensitivity models, while tree-based models are trained on
unscaled values unless software requirements suggest otherwise.
Similar pragmatic encoding choices have been used in diabetes
ML studies because tabular clinical models perform best when

preprocessing is reproducible and leakage is controlled [12, 17,
20].

Feature reduction and selection
Feature reduction is performed before modeling to reduce
instability in a 3,000-patient cohort and to preserve clinical
interpretability. Near-zero variance predictors are removed,
pairs of highly correlated variables with absolute correlation
greater than 0.95 are reviewed, and only one clinically preferred
measure is retained unless both have clear temporal meaning.
Elastic net regularization provides embedded selection for the
baseline model, and recursive feature elimination with cross-
validation is used only as a sensitivity analysis to avoid excessive

tuning. This approach is more realistic than fitting hundreds of

weakly justified variables, especially because prior diabetes
prediction studies show that a compact set of glycemic, renal,
medication, and demographic predictors can carry substantial
signal [14, 19, 22].

Machine learning model development

Model training and hyperparameter tuning
The cohort is split at the patient level into 70% training, 15%
validation, and 15% testing, with stratification by progression
status and no patient overlap across partitions. Within the
training set, 5-fold cross-validation is used for hyperparameter
selection, while the validation set guides threshold choice,
calibration review, and early stopping for boosted models [26-
30]. Hyperparameters include number of estimators, maximum
depth, learning rate, minimum child weight, subsampling
fraction, column-sampling fraction, L1 and L2 regularization,
and minimum samples per leaf. This training strategy follows the
validation discipline used in diabetes ML studies while
acknowledging that a 3,000-patient cohort requires simpler
models than very large national datasets [3, 13, 31].

Candlidate algorithms

The baseline model is logistic regression with elastic net
regularization because it provides stable coefficients,
interpretable directionality, and a realistic comparator for
clinical prediction. The random forest model uses approximately
500 trees with tuned depth and leaf size, while XGBoost uses
early stopping and regularization to reduce overfitting;
LightGBM is reserved as a sensitivity model rather than a primary
model. These algorithms cover linear, bagging, and boosting
approaches and are widely represented in recent diabetes
prediction  studies for HbAlc response, nephropathy,
cardiovascular outcomes, and composite complications [7, 11,
15]. The expected performance pattern is that XGBoost
improves AUROC and AUPRC over elastic net, but the final
model is selected only if calibration and decision-curve
performance are clinically acceptable [32, 33].

Table 2 clarifies why elastic net logistic regression, random
forest, and XGBoost serve distinct analytical purposes, and why
the final model should be selected on calibration, clinical utility,

and interpretability rather than discrimination alone.

Table 2. Comparative contribution of candidate models to discrimination, calibration, interpretability, and clinical deployment

Role in oL Most informative Interpretation Best clinical use
Model . Expected strength Expected limitation R
manuscript performance metric strategy case
Stable in modest samples;
. Limited ability to Standardized Benchmark model for
Elastic net Transparent handles correlated Calibration slope,
L. capture nonlinear coefficients and determining whether
logistic baseline predictors through calibration intercept,
. o thresholds and high- odds-ratio complex ML adds
regression comparator regularization; produces . . AUROC o X .
order interactions directionality meaningful value

directional coefficients

132] Journal of Advanced Pharmacy Education & Research | Apr — Jun 2026 | Vol 16 | Issue 2



Flores et al.: Machine learning-based statistical prediction of disease progression in patients with diabetes mellitus

Nonlinear
Random
ensemble
forest
comparator
Primary high-
XGBoost performance
model
. Sensitivity
LightGBM . ’
boosting model
Optional time-
Cox-LASSO to-event
baseline
Random Optional
survival nonlinear
forest survival model
Neural

Exploratory
network or ’
model only

DeepSurv

Captures nonlinear effects
and interactions; relatively

robust to noisy predictors

Strong tabular-data
performance; models
nonlinearities,
interactions, and missing

split directions

Efficient training; useful
for larger feature spaces
and faster

experimentation

Handles censoring;
interpretable regularized

survival model

Captures nonlinear
survival effects without
proportional hazards

assumptions

Can model complex
longitudinal or survival

patterns in larger datasets

Probabilities may be
poorly calibrated; less
efficient for sparse

signal than boosting

Sensitive to
hyperparameter
tuning; can overfit
without carly stopping

and regularization

May be less stable in
smaller cohorts if not

tuned conservatively

Assumes proportional
hazards and may miss
nonlinear time-varying

effects

Requires adequate
event counts and
careful calibration of

survival probabilities

Requires larger sample
size, careful tuning,
and stronger external

validation

AUROC, AUPRC,

calibration curve

AUROC, AUPRC, Brier
score, decision curve net

benefit

AUROC and calibration
slope compared with
XGBoost

C-index and time-
dependent AUROC

C-index, integrated
Brier score, time-

dependent calibration

Time-dependent
AUROC, C-index,

calibration

Permutation
importance and
SHAP sensitivity

analysis

Global and local
SHAP values;
partial
dependence or
accumulated

local effects

SHAP values
with stability
checks

Penalized
coefficients and
hazard

directionality

Variable
importance and
survival-
stratified

explanations

SHAP or
integrated
gradients with

caution

Secondary model when
robustness is preferred
over maximum

discrimination

Main candidate for
EHR-based risk
stratification if

calibrated and clinically

useful

Sensitivity analysis for
whether boosting
results are algorithm-

specific

Time-to-insulin
initiation or time-to-
first coded
complication when

event dates are reliable

Secondary survival
analysis for

complication timing

Not primary for N =
3,000; suitable only if
richer longitudinal data

are available

Handling time-to-event optional extension
If reliable event dates are available, the binary 2-year model is
extended to time-to-first progression using Cox-LASSO and
random survival forest. The primary survival metric is the C-
index, supplemented by time-dependent AUROC at 1 and 2
years and calibration of predicted survival probabilities [34-38].
This extension is appropriate for outcomes such as insulin
initiation, cardiovascular events, nephropathy progression, or
first coded microvascular complication, where timing carries
clinical information beyond simple event occurrence. Prior
diabetes studies using complication and cardiovascular endpoints
support survival-oriented evaluation, but the extension should be
considered secondary unless censoring, competing risk, and

event-date quality are demonstrably adequate [2, 13, 25].

Handling imbalance, missing data, and

overtitting

Class imbalance strategies
If the 2-year progression rate is below 20%, class imbalance is
handled inside the training folds using either synthetic minority
oversampling or class-weighted loss functions, with no
resampling applied to validation or test data. This is important
because rare outcomes such as nephropathy progression,
retinopathy, neuropathy, or cardiovascular events may produce
misleadingly high accuracy when the model simply predicts non-

progression for most patients. AUPRC is therefore reported

alongside AUROC because precision-recall performance better
reflects minority-class detection in clinically imbalanced diabetes
datasets [7, 12, 14]. Balanced class weights are preferred as the
primary approach because they are simpler, less synthetic than
SMOTE, and easier to reproduce in EHR-based implementation
32, 39].

Missing data imputation robustness
Missing data are evaluated by comparing three approaches:
simple median or mode imputation, missingness-indicator
augmentation, and XGBoost’s native handling of missing split
directions. Multiple imputation is used only as a sensitivity
analysis because it can be computationally expensive and may
complicate deployment if the production environment cannot
reproduce the imputation workflow. Robustness is assessed by
comparing AUROC, AUPRC, calibration slope, SHAP ranking,
and threshold-specific sensitivity across imputation strategies.
This is necessary because diabetes EHR studies often contain non-
random missingness in albuminuria, lipids, smoking, physical
activity, and adherence variables, which can distort both

discrimination and explanation if ignored [4, 16, 25].

Overfitting prevention
Overfitting is controlled through early stopping in gradient
boosting, tuned tree depth, minimum leaf size, minimum child
weight, subsampling, column sampling, and regularization
penalties. Elastic net logistic regression uses cross-validated L1

and L2 penalties, while random forest complexity is constrained
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through maximum depth and minimum samples per leaf rather
than allowing fully grown trees. Final performance is reported
only on the held-out test set, and no model selection is
performed using test-set information [40-55]. These safeguards
are essential because diabetes ML studies often show optimistic
performance when feature engineering, imputation, or
hyperparameter search is not fully separated from evaluation [9,

8, 24].

Model interpretation with shap and how-to

guides

Global feature importance
Global interpretation is performed using mean absolute SHAP
values from the final XGBoost model, with the top predictors
expected to include baseline HbAlc, HbAlc slope, diabetes
duration, medication possession ratio, BMI, eGFR, albuminuria,
systolic blood pressure, insulin-free treatment burden, and prior
acute care use. SHAP summary plots are interpreted in terms of
both magnitude and direction, so elevated HbAlc, longer disease
duration, poor adherence, lower eGFR, and albuminuria would
generally be expected to increase predicted progression risk.
Partial dependence or accumulated local effect plots are then
used for continuous predictors to check whether SHAP patterns
are clinically plausible rather than merely statistical artifacts.
Explainable diabetes prediction studies support this workflow
because it links model performance to modifiable clinical drivers

while preserving transparency for clinicians [14, 15, 20].

Local explanations for individual patients
Local explanations are generated using SHAP waterfall plots for
representative high-risk, medium-risk, and low-risk patients
selected from the test set. For a high-risk patient, the explanation
may show that elevated baseline HbAlc, rapid HbAlc increase,
long diabetes duration, low medication possession ratio, obesity,
and albuminuria push the predicted risk above the intervention
threshold. For a low-risk patient, stable HbAlc, preserved
e¢GFR, absence of albuminuria, consistent medication refills, and
lower BMI may pull the prediction below the threshold despite
older age. This patient-level interpretation is clinically useful
only if the displayed drivers are understandable, actionable, and
not dominated by proxies for poor access to care or

documentation intensity [5, 17, 23].

Clinical ~ deployment — and  workflow

integration

Real-time risk scoring in EHR
For deployment, the trained model is exported as a version-
controlled prediction service using a reproducible preprocessing
pipeline and a standardized model object such as ONNX, PMML,

or a containerized Python service. During routine visits, the EHR

sends the most recent eligible values for HbAlc, BMI, eGFR,
albuminuria, medications, adherence proxy, smoking, and blood
pressure to the model and receives a 2-year progression
probability. Alerts are restricted to clinically meaningful risk
thresholds to avoid fatigue, and predictions are suppressed when
essential variables are missing or outdated. Prior diabetes risk-
score and complication-prediction studies indicate that
deployment value depends less on AUROC alone and more on
whether the model fits into real clinical workflows without

overwhelming clinicians [3, 10, 16].

Clinical decision support interface
The decision support interface presents the predicted 2-year
progression risk, risk category, calibration warning if uncertainty
is high, and the top positive and negative SHAP contributors for
the individual patient. The display emphasizes modifiable factors
such as poor medication adherence, elevated HbAlc, obesity,
uncontrolled blood pressure, and delayed renal monitoring,
while avoiding language that implies causality from prediction
alone. Suggested actions may include medication review,
adherence counseling, HbAlc recheck, kidney screening,
nutrition referral, or closer follow-up, but the model does not
automatically prescribe treatment changes. This design aligns
with recent interpretable and treatment-response ML work in
diabetes, where clinical usefulness depends on translating risk
estimates into reviewable and actionable information [18, 22,

33].
Evaluation strategy and validation

Discrimination metrics
The primary discrimination metric is AUROC with 95%
confidence intervals estimated by bootstrapping or DeLong-type
methods, depending on software availability. AUPRC is reported
for the primary endpoint and all rarer secondary outcomes
because progression prevalence strongly affects the practical
value of a positive prediction. Model comparisons use paired
bootstrap testing on the same test-set patients, with elastic net
logistic regression treated as the reference model and random
forest and XGBoost evaluated as incremental alternatives.
Diabetes prediction studies for HbAlc response, cardiovascular
outcomes, nephropathy, and composite complications show that
ranking performance varies substantially by outcome and cohort,
so discrimination results must be interpreted alongside endpoint

prevalence and validation design [11, 13, 19].

Calibration assessment
Calibration is assessed by plotting predicted versus observed
progression probabilities across deciles of predicted risk, with
loess smoothing to inspect miscalibration at clinically relevant
ranges. Calibration intercept, calibration slope, and Brier score
are reported, and recalibration is considered if the model
systematically overpredicts or underpredicts risk in the validation

set. Hosmer-Lemeshow or Spiegelhalter-type tests may be
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reported, but visual calibration and slope estimates are more
informative because large samples can make trivial deviations
statistically significant. This is especially important in diabetes
EHR models because treatment patterns, coding intensity, and
outcome ascertainment can shift over time, reducing the
reliability of predicted probabilities even when AUROC remains
acceptable [24, 25, 31].

Decision curve analysis and clinical utility
Decision curve analysis estimates net benefit across threshold
probabilities from 0.05 to 0.40 and compares each model with
treat-all and treat-none strategies. A realistic result is that
XGBoost provides net benefit only across intermediate
thresholds, such as 0.10 to 0.25, where clinical intervention is
plausible and false-positive burden remains acceptable. At very
low thresholds, nearly all patients may qualify for additional
follow-up, while at very high thresholds, the model may miss
many patients who would benefit from earlier intervention. This
utility-focused evaluation reflects current diabetes ML literature
showing that prediction models must demonstrate practical

clinical value, not only statistical improvement [2, 8, 21].
Limitations

Retrospective  design  and  residual

confounding
The proposed study is retrospective, so it cannot prove that
modifying SHAP-identified predictors will reduce future
progression. Unmeasured factors such as diet quality, health
literacy, family support, medication affordability, genetic risk,
clinician prescribing behavior, and patient preferences may
influence both observed predictors and outcomes. Coding
quality may also vary across clinics, especially for neuropathy,
retinopathy, adherence, and lifestyle variables. These limitations
are common in diabetes prediction research and require cautious
interpretation of model explanations as associations rather than

causal mechanisms [1, 9, 10].

Generalizability and temporal drift
A model trained in one health system may not generalize to
populations with different ethnicity distributions, insurance
structures, medication access, laboratory testing frequency, or
complication coding practices. Temporal drift is also likely
because prescribing patterns for GLP-1 receptor agonists,
SGLT?2 inhibitors, insulin, and cardiovascular risk management
continue to change over time. External validation across sites and
calendar periods is therefore necessary before clinical
deployment, followed by monitoring of calibration, subgroup
performance, and alert burden after implementation. Recent
multi-cohort and national-data studies support broader
validation, but they also show that transportability should be

demonstrated empirically rather than assumed [5, 19, 31].

Conclusion

Machine learning offers a practical framework for predicting 2-
year disease progression in patients with type 2 diabetes when it
is applied to realistic clinical data with careful preprocessing,
leakage prevention, and validation. In this manuscript, elastic net
logistic regression, random forest, and XGBoost are compared
using the same cohort, predictors, and outcome definitions. The
expected finding is that gradient boosting improves
discrimination compared with regularized logistic regression,
while random forest provides a useful intermediate benchmark.
The final model is selected not only for AUROC but also for
calibration, precision-recall performance, interpretability, and
clinical usefulness.

The main technical contribution is a realistic prediction
workflow for diabetes progression rather than an idealized model
built under perfect data conditions. The workflow addresses class
imbalance, missingness, overfitting, and feature instability, all of
which are common in EHR-based chronic disease prediction. It
also uses SHAP explanations to connect patient-level risk
estimates with clinically recognizable drivers such as HbAlc,
diabetes duration, adherence, BMI, kidney function, and
albuminuria. This makes the model more transparent while
preserving the predictive advantages of nonlinear ensemble
learning.

The practical value of this approach is risk stratification that can
support ecarlier follow-up, medication review, adherence
counseling, renal screening, and lifestyle intervention. A model
that identifies patients at elevated risk of HbAlc worsening or
insulin initiation could help clinicians allocate limited care-
management resources more  cfficiently. However, the
prediction must remain advisory, because model output cannot
replace clinical judgment or shared decision-making. The most
useful deployment would combine risk probability, explanation,
uncertainty, and suggested review actions in a simple EHR
interface.

Future work should prioritize multi-site external validation,
prospective silent evaluation, and pragmatic trials of model-
guided intervention. Calibration should be monitored over time
because treatment patterns, coding practices, and patient
populations change. Subgroup performance should be evaluated
to avoid worsening inequities in care access or treatment
intensity. Only after these steps should the model be considered

for routine clinical decision support in diabetes management.
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