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Prediabetes can progress to type 2 diabetes (T2D), but individual risk varies widely. Few studies have
rigorously characterized subgroups at the point of prediabetes (PD) onset. Using electronic health
records (EHRs), we developed a machine learning approach to stratify PD and analyze T2D
progression risk. We defined PD onset based on strict HbA1c criteria and excluded patients with
missing follow-ups or atypical clinical events, yielding a high-fidelity cohort of 14,436 patients from an
initial pool of 74,054 (2017–2023, MedStar Health). An XGBoost model using routine features,
including HbA1c, BMI, blood pressure, lipids, ALT, medication history, and lifestyle factors, was
trained on 2018–2020 data and tested on 2021–2022 patients, achieving an AUC of 81.6%. Risk
scores enabled subtyping into high-, medium-, and low-risk groups with distinct progression
trajectories. Stratification patterns remained consistent in future cohorts. This approach supports
earlier, personalized intervention and diabetes risk prediction using real-world EHR data.

The risingglobal prevalenceof type2diabetes (T2D)hasbecomeamajor
public health concern1. Prediabetes, characterized by elevated glycemic
levels above normal but below the diabetes threshold, represents a sig-
nificant milestone in the progression towards T2D2. Recent statistics
showthat approximately98millionAmerican adults, representingmore
than 1 in 3, have prediabetes3. Individuals with prediabetes face a sig-
nificantly higher risk of developingT2D. Prediabetes onset also presents
the opportunity of clinical interventions, such as annual screening,
lifestyle programs, andmedication, which candelay or prevent the onset
of T2D4,5.

Patients with prediabetes show varying risks of progressing to
diabetes6. Personalized risk assessments could optimize resource allocation
and facilitate more targeted intervention, which help prevent over-
treatment for low-risk patients and under-treatment for high-risk
patients, thereby reducing patients’ psychological, financial, and other
potential burdens7–9. Despite its clinical importance, limited research has
systematically explored prediabetes-to-diabetes (PD2D) risk prediction,
with only six studies published to date (appendix)10–19. Most proposed
studies rely on survey program data, which limits the generalizability across
healthcare institutions. As a result, few tools are available for clinicians to
subgroup prediabetes-onset patient and characterize their progression to
diabetes14–21.

In this study, we propose to use the standard EHR data that is readily
available inmost health systems for PD2D risk prediction. However, unlike
survey data with standardized patient recruitment and structured follow-
ups, EHR-based risk prediction faces two critical challenges17,18. The first
involves phenotyping to accurately identify prediabetes onset cases, as
imprecise identification can contaminate the training dataset. The second
involves noisy labeling of outcomes, which is complicated by incomplete
clinical records, missing follow-ups, and atypical clinical events. These data
quality issues can result in model misalignment, where predictions deviate
from intended clinical outcomes.

Our approach detects adult patients at the point of prediabetes onset
and labels their one-year diabetes status, while explicitly accounting for
missing data and atypical clinical events (e.g., immediate initiation of anti-
diabetes treatment). Our machine learning model achieved an AUC of
81.59% on a holdout set of future, unseen patients, with robust and con-
sistent performance across the full range of prediabetes HbA1c levels
(5.7–6.4%)9. Notably, it identified high-risk patients from the 5.7–5.9%
HbA1c group and low-risk patients from the 6.0-6.4%HbA1c group. Based
onourAI risk scores, we classify PDonsetpatients into high-,medium-, and
low-risk subgroups. The subgroups serve as stronger predictors for diabetes
progression compared to PD onset HbA1c levels. The profiles and pro-
gression to diabetes for each subgroup were analyzed. Among patients with
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PDonsetHbA1c level of 5.7–5.9%,which typically was regarded as low risk,
29.9% of patients were classified as medium- or high-risk. In the 6.0-6.4%
HbA1c group, which is typically regarded as high risk, 42.6%were classified
as low- ormedium-risk. Survival analysis confirmed that our risk subgroups
significantly distinguish PD onset patients in terms of time to diabetes
progression. This highlights the value of our risk subgroups formore precise
risk identification.

Results
Phenotyping for prediabetes onset patients
This study identified newly diagnosed adults with prediabetes (PD onset)
based on HbA1cmeasurements in EHR data. As shown in Fig. 1, patients
were included if they had a prediabetes-rangeHbA1c (5.7%–6.4%) record,

were over 18 years old, and had no prior diagnosis of diabetes or pre-
diabetes. To ensurewe include only newPDonset patients,we require that
before the PD onset HbA1c, patients must have had no HbA1c above
5.7%, no diagnosis related to prediabetes or diabetes (Type 1 or Type 2),
and no history of glucose-controlling medications use or insulin pre-
scriptions (appendix). We also define false PD onset as cases where a
patient receives a diabetes diagnosis or treatment within one month after
the apparent PD-onset HbA1c record, indicating pre-existing diabetes or
off-label early treatment; these are excluded to maintain cohort accuracy.
Previous studies failed to accurately identify PD onset patients due to
overlooking either historical HbA1c records or medications in their
analyses14–17,19. These methodological limitations risk misclassifying
medically controlled patients with diabetes as new prediabetes cases,

1,529,117 HbA1c records from 555,321 patients in 

2017-2023 MedStar EHR system 

Inclusion criteria 
• Patients with HbA1c measurements 

• HbA1c levels between 5.7% and 6.4% 

• Age ≥ 18 years 

• Gender is female or male

• Data from years 2018-2022
159,530 patients with 337,679 HbA1c records 

between 5.7% and 6.4%

Prediabetes-Onset Phenotyping criteria :

Before the prediabetes-onset HbA1c records:

• No HbA1c value >= 5.7%.

• No diabetes or prediabetes diagnosis.

• No insulin or diabetes medications.

74,054 Prediabetes-onset patients

Diabetes Labeling Criteria:

• Patients with the label of progressing to

diabetes within 1 year after PD-onset.

• Having-Diabetes patients: since PD-

onset, any diabetes events happened by

the 12th month.

• Not-Having-Diabetes patients: since PD-

onset, no diabetes events within one year,

and with at least one HbA1c<=6.4%

records during 10th to 14th months.

2018-2020 cohort as training data for

model development:

• 7628 (29.94% having-diabetes labels)

2021-2022 cohort as test data for model

evaluation:

• 6808 (26.81% having-diabetes labels)

Unreliable Label Exclusion Criteria:

• Unreliable Diabetes patients: exclude

unreliable diabetes labels where the PD-

onset patients who got medication,

insulin, diabetes diagnosis, or 

HbA1c>=6.5 within one month after PD-

onset. 

Training Cohort Test Cohort

Total Prediabetes-onset patients with Diabetes Labeling: 19,478:

• Having-Diabetes patients: 9,151 (46.98%)

 Progress to diabetes within 12th month since PD-onset.

• Not-Having-Diabetes patients: 10,327 (53.02%)

Remain prediabetes between 10th to 14th months since PD-onset.

Total Prediabetes-onset patients with Diabetes Labeling: 14,436:

• Having-Diabetes patients: 4,109 (28.46%)

 Progress to diabetes between 2nd to 12th month since PD-onset.

• Not-Having-Diabetes patients: 10,327 (53.02%)

Remain prediabetes between 10th to 14th months since PD-onset.

Fig. 1 | Data collection and cohort segmentation process. This flowchart sum-
marizes the process of identifying prediabetes-onset patients and segmenting
cohorts for model development. Starting with 1,529,117 HbA1c records from
555,321 patients (2017–2023) in theMedStar EHR system, inclusion criteria selected
159,530 patients (337,679 records) aged ≥18 years with HbA1c levels between 5.7%
and 6.4% (2018–2022). Prediabetes-onset phenotyping yielded 74,054 patients, and

our diabetes labeling method classified them as Having-Diabetes (9151; 46.98%) or
Not-Having-Diabetes (10,327; 53.02%) groups. After excluding unreliable labels,
14,436 patients remained (4109 Having-Diabetes labels; 28.46%). The dataset was
split into a training cohort (2018–2020; 7628 patients, 29.94%Having-Diabetes) and
a test cohort (2021–2022; 6,808 patients, 26.81% Having-Diabetes) for predictive
model development and evaluation.
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which could bias research findings and lead to suboptimal treatment
recommendations.

We applied this method to curate the PD2D dataset from theMedStar
Health System, an extensive network of clinical facilities in themid-Atlantic
region in the United States, including 10 hospitals and over 300 care loca-
tions. The MedStar EHR system contained 1,529,117 HbA1c records from
555,321 patients between 2017 and 2023. Our dataset focuses on the PD
onset patients between 2018 and 2022, ensuring a minimum one-year
observation period before onset for input data collection and a one-year
follow-up period for diabetes status labeling. We identified 337,679
prediabetes-range HbA1c records from 159,530 adult patients. By applying
PD onset phenotyping criteria, we established a cohort of 74,054 adult PD
onset patients.

Labeling diabetes status within one-year of prediabetes onset
We use a one-year window after PD onset to evaluate whether a patient has
sufficient records to determine their diabetes status. Commonly in clinical
practice, some patients did not return for follow-up visits during this period,
resulting in incomplete medical records22. Previous research typically cate-
gorized these patients as not-having-diabetes cases by default, which intro-
duces noise. Our study explicitly labeled patients with insufficient data as
missing cases and excluded them from training and evaluating diabetes risk
scores.Among74,054PDonsetpatients, 54,576were labeledasmissing cases.

Among the remaining 19,478 patients, our method labels patients as
havingdiabetes if theymeet anyof these criteria during the follow-upperiod:
HbA1c≥ 6.5%, ICD-10 code forT2D, or diabetesmedication prescription23.
Although these criteria are well-known, further review is necessary to
determine label uncertainties. First, we excludedType 1 diabetes patients, as
their pathway differs from Type 2. Second, we excluded patients with aty-
pical diabetes-related clinical events that led to having-diabetes labels. These
cases involved patients labeled having-diabetes within one month of PD
onset, based on medication (e.g., insulin) or ICD-10 codes, despite
HbA1c ≤ 6.5%. This unusually rapid progression suggests these patients
were likely already with diabetes but misclassified as PD onset because of
incomplete EHRs, or the physician was certain about the high risk of the
patient.Wewant to focus on the PD-onset patients’ progression to diabetes
if they are not treated or identified as diabetes within onemonth. Therefore,
we excluded patients labeled having-diabeteswithin onemonth of PD onset
to reduce labeling errors14–17,19. Among 19,478 PD onset patients, 9151 were
initially screened as having diabetes. Among them, 62 patients had ICD-10
codes for T1D, and 4980 startedmedications within onemonth. They were
excluded based on above rationale. The remaining 4109 patients were
included as having diabetes cases in the training dataset for risk prediction.

To determine not-having-diabetes labels, we confirmed there are no
diabetes indicators: HbA1c ≥ 6.5%, T2D diagnosis, or diabetes medication

prescription. Furthermore, we assessed whether patients remained pre-
diabetes at the end of follow-up. Specifically, we considered HbA1c records
< 6.5% between the 10th and 14th months post-onset as evidence of con-
tinued prediabetes. Such patientswere reassessed at the end of the follow-up
period and confirmed to remain prediabetes. Our not-having-diabetes
definition is more strict than in previous studies, requiring clear EHR evi-
dence of continued non-diabetic status (appendix)14,15,19. Among 74,054 PD
onset patients, 10,327 remained prediabetes one year after onset.

The next stage subgroup development is based on the 14,436 PD onset
patients with reliable future diabetes status in the one-year post window, of
whom 4,109 (28.46%) progressed to T2D, and 10,327 (71.54%) remained
prediabetes.While the portion of patients progressing to T2D is higher than
typical estimate of 5-10%, this is likely due to the incomplete data issue that
excludes more patients who are not diabetes.

Noise-reduced dataset for PD2D task
As shown in Table 1, the final dataset comprises 14,436 PD onset patients
with reliable risk labels, systematically categorized by gender, race, age
groups, andHbA1Cvalue ranges spanning from2018 to2022. Patientswere
stratified into two ranges based on PD onset HbA1c values: 5.7–5.9% and
6.0–6.4%. In total, 28.46%of patients progressed to diabeteswithin one year.
Gender distribution revealed a higher prevalence in females (8699) com-
pared to males (5737). In terms of race, patients identified as Black or
AfricanAmerican constituted themajority of thepopulation, accounting for
6854 individuals, followed by patients identified asWhite (5549) and those
of other races (2033). Regarding age, the 40–59 age group had the highest
number of patients (5907).

Model performance for PD2D risk score
The model demonstrates robust performance among the unseen future
patients (2021-2022), as shown in both Table 2 and Fig. 2. The overall AUC
is 81.59%, showing the performance for distinguishing PD onset patients,
whose condition progressed to diabetes within one year or not. Testing on
future unseen patients, our model still maintains high predictive perfor-
mance. As such, the model’s predictions can be confidently used for iden-
tifying patients at higher risk of developing diabetes, thereby supporting
proactive healthcare interventions.Moreover, to assesswhether themodel is
primarily driven by the PD onset HbA1c, we examined its performance
acrossdifferentHbA1c ranges.AUCscores remainhigh: 77.99% forpatients
with the 5.7–5.9% PD onset HbA1c range and 77.97% for patients with
higher PD onset HbA1c levels (6.0–6.4%). This indicates the prediction
power is not driven solely by baseline HbA1c levels but also by other EHR
information.

To evaluate model calibration, we computed the Brier score and
expected calibration error (ECE) and plotted calibration curves for the test

Table 1 | Patient Characteristics

All Patients Cohort Prediabetes onset patients with PD-onset HbA1c Group

Training Cohort.(2018–2020) Test Cohort.(2021–2022) Low PD-onset HbA1c.(5.7–5.9%) High PD-onset HbA1c (6.0–6.4%)

Total 14,436 (28.46%) 7628 (29.94%) 6808 (26.81%) 9449 (18.52%) 4987 (47.30%)

Black 6854 (30.51%) 3971 (30.57%) 2883 (30.42%) 4217 (20.87%) 2637 (45.92%)

Other 2033 (24.89%) 874 (26.43%) 1159 (23.73%) 1372 (15.60%) 661 (44.18%)

White 5549 (27.25%) 2783 (30.15%) 2766 (24.33%) 3860 (16.99%) 1689 (50.68%)

Female 8699 (27.68%) 4492 (28.78%) 4207 (26.50%) 5810 (18.42%) 2889 (46.31%)

Male 5737 (29.65%) 3136 (31.60%) 2601 (27.30%) 3639 (18.69%) 2098 (48.67%)

18-39 1967 (31.52%) 910 (30.22%) 1057 (32.64%) 1479 (23.94%) 488 (54.51%)

40-59 5907 (23.75%) 3157 (23.88%) 2750 (23.60%) 3997 (15.26%) 1910 (41.52%)

60-74 4682 (29.24%) 2571 (31.82%) 2111 (26.10%) 2893 (17.49%) 1789 (48.24%)

75+ 1880 (38.14%) 990 (44.14%) 890 (31.46%) 1080 (25.93%) 800 (54.62%)

This table displays patient counts by race, gender, and age groups, with data split between Training (2018–2020) and Test (2021–2022) cohorts, and stratified by HbA1c ranges (5.7–5.9% and 6.0–6.4%).
All data includes percentages shown in parentheses, indicating the number of PD-onset patients and progression to diabetes rate within one year.
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cohort and two HbA1c subgroups (Fig. 2). The model demonstrated good
calibration, with Brier = 0.144 and ECE = 0.014 in the overall test cohort.
Calibration remained stable across both HbA1c subgroups (5.7–5.9%: Brier
= 0.121, ECE = 0.017; 6.0–6.4%: Brier = 0.195, ECE = 0.019). These results
indicate that predicted probabilities closely matched observed diabetes
progression rates, supporting themodel’s reliability for risk communication
and clinical decision-making.

Table 2 also shows our AI score ranking outperforms the PD onset
HbA1c values in terms of identifying high-risk PD onset patients.Method 1
ranks patients based solely on their PD onset HbA1c levels, whileMethod 2
uses our AI risk scores to rank the PD onset patients. As shown in the table,
Method2 consistently outperformsMethod1 across allmetrics. Specifically,
Method 2 achieves higher AUROC scores (81.59% overall) compared to
Method 1 (74.18% overall), indicating better predictive performance.
Additionally, Method 2 identifies a greater proportion of high-risk patients
among the top 10% (76.47% vs. 62.65%) and significantly reduces the
misclassification of low-risk patients as high-risk among the bottom 10%
(2.93% vs. 14.81%).

Notably, our method also shows robust performance across different
HbA1c subgroups. Patients with lower PD onset HbA1c values may be at
high risk of progressing to diabetes, while patients with higherHbA1c levels
may exhibit low risk. In the test cohort, for patients with 5.7–5.9% PDonset
HbA1c, the progression to diabetes ratewithin one year is 18.34%.While for
patients with 10% highest risk score, their diabetes rate is 60.26%. For the
patients of 6.0–6.4%PDonsetHbA1c, the diabetes rate is 45.46%.While for
patients with the 10% lowest risk scores, their diabetes rate is 11.21%. This
finding suggests that HbA1c levels alone may not fully capture a patient’s
progression risk, highlighting the importance of using a more holistic
approach to identify patients who are likely to progress to diabetes within
one year.

Profiling analysis for PD-onset subgroups
The subgroup analysis involved stratifying patients into risk subgroups
based on calculated AI risk scores. Our stratification approach utilized a
normalized scale (0-1) to define the PD onset subgroups: patients with
scores exceeding 0.8 were high-risk, below 0.2 were low-risk, and others
were medium-risk. Then we examined the association between these sub-
groups’ clinical profile patterns and diabetes-related clinical outcomes.

Figure 3A, B represent the risk distribution across different PD onset
HbA1c strata: 5.7–5.9% and 6.0–6.4% for both training (2018–2020) and
test (2021–2022) cohorts. In the 5.7–5.9%group, only around two-thirds are
low risk (67.0% in training cohort and 70.2% in the test cohort), indicating
that even individuals with lower HbA1c values may be at substantial risk of
developing diabetes. As HbA1c levels increase, the percentage of high-risk
individuals rises. In the 6.0–6.4% group, nearly 32.3% of the 2018–2020
cohort and 23.7% of the 2021–2022 cohort are high-risk subgroups,
reflecting a clear correlation between elevated HbA1c and increased dia-
betes risk.

Figure 3C, D compare distributions of key clinical factors across three
risk-subgroups for both training and test cohorts. Each box plot provides a
visual summary of how clinical characteristics such as HbA1c, age, BMI,
ALT, HDL, LDL, DBP, and SBP vary by risk category. Analysis revealed
significant associations between diabetes risk stratification and multiple
clinical parameters, aligning with established literature findings. HbA1c,
age, and BMI exhibited a marked elevation in higher risk categories. ALT
levels demonstrated substantial variability across all risk groups, with
numerous high-value outliers, particularly in the middle and high-risk
categories. Cardiovascular parameters showed distinct patterns: HDL dis-
played a negative association with risk (decreasing from low to high-risk),
while LDL showed less pronounced differences between groups but main-
tained slightly elevated levels in higher risk categories. Blood pressure
measurements revealed a positive associationwith risk level, with bothDBP
and SBP showing progressive increases across risk categories. These
observed relationships are mechanistically supported by extensive research
on insulin resistance, systemic inflammation, and metabolic syndromeT
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pathophysiology24,25. The box plots also reveal considerable overlaps
between risk categories for most parameters, suggesting the complex,
multifactorial nature of diabetes risk assessment.Also, the consistency in the
distribution of these clinical features between the two cohorts reflects the
robustness of the risk stratification model.

Diabetes outcome analysis for PD-onset subgroups
The Kaplan-Meier survival curves presented in Fig. 4 illustrate the progres-
sion of PD2D, categorized by their PD onset HbA1c levels, from two distinct
cohorts: 2018–2020 and 2021–2022 and two subgroups: 5.7–5.9%, and
6.0–6.4%.The survival probability, defined as the likelihood of remaining free
from diabetes, decreases over time across all groups. However, patients with
higher onset HbA1c levels (6.0–6.4%) demonstrate a more rapid decline in
survival probability, indicating a faster progression towards diabetes com-
pared to those with lower onset HbA1c levels. This trend is consistent across
both cohorts, even though they are from two different periods. It reflects the
inherent characteristics of the PD onset patients.

Figure 4 presents Kaplan-Meier survival curves demonstrating the
progression to diabetes over time for three patient subgroups (low-risk,
medium-risk, and high-risk) grouped by the risk scores. The left panel
shows data from the training (2018–2020) cohort, while the right panel
illustrates data from the test (2021–2022) cohort. The survival curves reveal
distinct patterns of diabetes progression among the three subgroups.
Patients in the high-risk group (depicted in red) exhibit a steep decline in
diabetes progression-free probability, with a large proportion progressing to
diabetes within the first few quarters of follow-up. In contrast, medium-risk

patients (shown in yellow) display a more gradual decline in survival
probability, indicating a medium rate of progressing to diabetes. Low-risk
patients (depicted ingreen)maintain a consistentlyhigh survival probability
throughout the observation period, reflecting a significantly reduced like-
lihood of PD2D progression.

The consistency of survival patterns between the training (2018–2020)
and test (2021–2022) cohorts highlights the robustness of the risk stratifi-
cationmodel.Despite differences in the timeperiods represented, themodel
reliably identifies patient subgroups with similar progression trajectories.
This suggests that the system remains effective in classifying patients and
predicting diabetes outcomes in future, unseen populations. The con-
sistency across both cohorts supports the generalizability of the model for
clinical application in identifying patients at varying levels of risk for dia-
betes progression.

Discussion
Our study built an EHR dataset with more precise labeling of prediabetes
onset and diabetes status. Using data from a large U.S. health system, we
developed a diabetes risk score model that predicts an individual’s perso-
nalized risk of progressing to diabetes within one year. The model
demonstratedhigh accuracy and robustnesswhenbeing evaluated on future
unseen patients. Subsequently, our analysis confirmed the associations
between PD onset patient risk subgroups and progress to diabetes.

First, we highlighted two key challenges in creating a high-quality
PD2D dataset: accurately identifying prediabetes onset patients and estab-
lishing reliable labels. Our study tackles these challenges through rigorous

AUC : 81.59% (95% CI: 80.40%–82.72%) AUC: 77.97% (95% CI: 76.13%–79.93%)

(A)Test Cohort Patients
(N = 6,808)

(C) Subgroup: HbA1c 6.0%–6.4%
(N = 2,125)

(B) Subgroup: HbA1c 5.7%–5.9%
(N = 4,683)

AUC: 77.99% (95% CI: 76.34%–79.75%)

Brier: 0.144, ECE: 0.014 Brier: 0.195, ECE: 0.019Brier: 0.121, ECE: 0.017

Fig. 2 | ROC and calibration curve of the PD2D risk model across HbA1c sub-
groups. Receiver Operating Characteristic (ROC) and calibration curves are shown
for the PD2D risk model in (A) the full test cohort, (B) the subgroup with HbA1c
5.7%–5.9%, and (C) the subgroup with HbA1c 6.0%–6.4%. ROC curves (top row)
demonstrate strong discrimination in identifying high-risk patients, with AUCs of
81.59% (95% CI: 80.40%–82.72%), 77.99% (95% CI: 76.34%–79.75%), and 77.97%

(95% CI: 76.13%–79.93%), respectively. Calibration curves (bottom row) indicate
close agreement between predicted and observed diabetes progression probabilities,
with Brier scores of 0.144, 0.121, and 0.195, and expected calibration errors (ECE) of
0.014, 0.017, and 0.019. Together, these results demonstrate that the model main-
tains both strong discrimination and good calibration across HbA1c strata in the test
cohort.
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phenotyping rules that incorporate historical HbA1c levels, medication
records, and diagnosis data, along with stringent risk labeling criteria that
consider both EHR data absence and atypical diabetes-related clinical
events.

Second, based on our curated dataset, we developed a precise risk
scoring system achieving an AUC score of 81.59%, with replicability for
future unseen patients. Besides, the model exhibited good calibration with
Brier Score of 0.144, supporting its clinical interpretability for risk com-
munication and potential threshold-based interventions. Our model
demonstrates its ability to identify high-risk patients even within lower PD
onset HbA1c ranges (5.7–5.9%), as well as low-risk patients within higher
HbA1c ranges (6.0–6.4%). This suggests that our risk assessment approach

serves as amore reliable indicator of diabetes progression than relying solely
on prediabetes onset HbA1c levels.

Third, we conducted a comprehensive analysis of patient subgroups
and revealed clear associations between clinical parameters and diabetes
progression risk, offering valuable insights for clinical practice. Additionally,
the stratification of patients into distinct risk groups effectively predicted
their progression to diabetes, as evidenced by the significantly different
survival trajectories in the Kaplan-Meier analysis. The consistency of these
patterns across different time periods and patient populations validates the
reliability of our risk stratificationmodel and suggests its potential utility as a
clinical tool for assisting early interventions. Our results show that nearly
one-third of patients with PD onset HbA1c levels between 5.7% and 5.9%,

C. Distribution of key Clinical Features Across Risk Subgroups For Cohort 2018-2020 

D. Distribution of key Clinical Features Across Risk Subgroups For Cohort 2021-2022 

A. Risk Distribution for Cohort 2018-2020 B. Risk Distribution for Cohort 2021-2022 

Onset HbA1c: 5.7-5.9% Onset HbA1c: 6.0-6.4% Onset HbA1c: 5.7-5.9% Onset HbA1c: 6.0-6.4%

Low-Risk
Medium-Risk

High-Risk

Fig. 3 | Statistics descriptions for prediabetes-onset patients from low, medium,
or high-risk subgroups. ADistribution of risk levels in training cohort (2018-2020)
patients by HbA1c ranges (5.7–5.9%: n = 4766; 6.0-6.4%: n = 2862). B Distribution
of risk levels in testing cohort (2021–2022) patients by HbA1c ranges (5.7–5.9%:
n = 4683; 6.0–6.4%: n = 2125).CDistribution of clinical features (HbA1c, Age, BMI,

ALT,HDL, LDL,DBP, SBP) across three risk levels (low-risk,middle-risk, high-risk)
in the 2018–2020 training cohort.DDistribution of the same clinical features across
risk levels in the 2021–2022 testing cohort. Box plots show median, interquartile
range, and outliers for each parameter.

https://doi.org/10.1038/s44324-025-00091-0 Article

npj Metabolic Health and Disease |            (2025) 3:48 6

www.nature.com/npjmetabhealth


typically classified as low risk in standard screening, were identified as
medium or high risk by ourmodel. This finding points to a potential gap in
current prediabetes management guidelines. In practice, reclassifying these
patients as higher risk could encourage more frequent follow-up visits,
structured lifestyle counseling, or additional metabolic monitoring in pri-
mary care. Such a risk-informed strategy may enable earlier and more
personalized preventive actions. Its predictive capability could help identify
high-risk prediabetes patients for timely targeted interventions and perso-
nalized prevention.

Several limitations warrant consideration in this study. First, the gen-
eralizability of our diabetes risk model may be limited due to its develop-
ment using a subset of the PD-onset population with available labels: only
19.49% (14,436/74,054) of PD onset patients have reliable labels for model
development. Second, the retrospective analysis of EHR data necessitated
the exclusion of patients with missing outcome information, potentially
introducing selection bias as patients with complete follow-up data may
systematically differ from those without. Third, our definition of diabetes
onset is based on a single abnormalHbA1c value, whereas clinical diagnosis
typically requires two abnormal results or a random glucose ≥200mg/dL
with symptoms. Future research should validate these findings across
diverse populations and address potential selection biases.

In conclusion, this study contributes to PD2D research through
three key advancements: a novel approach for constructing less biased
EHR-based PD2D datasets, a precise predictive model that identifies
PD2D risk at the individual level across HbA1c levels, and a compre-
hensive patient subgroup analysis that enhances our understanding of
clinical parameters andPD2Dprogression. Thesefindings contribute to
advancements in both the methodology of prediabetes research and its
clinical applications.

Method
Study design and data source
This retrospective cohort study used de-identified electronic health records
(EHRs) from the MedStar Health System covering January 2017 through

December 2023. Data were drawn from ten hospitals and over 300 out-
patient facilities in the U.S. mid-Atlantic region. The JohnsHopkins School
of Medicine Institutional Review Board approved the protocol
(IRB00411858) with a waiver of informed consent owing to the use of
anonymized, non-interventional data. All TRIPOD items relating to data
source and ethical approval are fully addressed.

Participants and eligibility criteria
We identified our study population by querying the MedStar Health Sys-
tem’s EHR for adults (age≥ 18 years) whose first-everHbA1cmeasurement
fell within the prediabetic range of 5.7%–6.4% between 2018 and 2022. This
“prediabetes onset”datemarks the index event for eachpatient and serves to
capture individuals newly confronting impaired glucose regulation, without
any prior clinical indication of diabetes status or exposure to diabetes-
related care. By anchoring cohort entry to this specific laboratory value, we
ensure that our analyses focus exclusively on incident prediabetes cases
rather than on patients with established disease or prior management.

To verify true incident prediabetes, we conducted a comprehensive
review of each patient’s longitudinal record, extending up to ten years prior
to the indexHbA1c to exclude any evidence of earlier glycemic impairment
or treatment. Patients were required to have no previous HbA1c reading in
the prediabetic or diabetic range ( ≥ 5.7%), no diagnostic codes for pre-
diabetes or for Type 1 or Type 2 diabetes, and no prescriptions for glucose-
modulating medications or insulin prior to their index measurement. This
rigorous, systematic phenotyping approach minimizes misclassification by
screening out individuals who may have achieved a prediabetic-range
HbA1c throughprior therapy orwhose diabetes statuswas already clinically
recognized.

By combining a precise laboratory-based definition with exhaustive
historical screening, our eligibility criteria isolate a clean cohort of adults at
genuine first onset of prediabetes. This method enhances internal validity,
allowing us to map early progression trajectories and to identify optimal
windows for preventive interventions unfettered by confounding fromprior
glycemic management or patient education. A detailed comparison of
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Fig. 4 | Kaplan-Meier survival curves for progression to diabetes among
prediabetes-onset patients. A.1 KM curve stratified by HbA1c levels for cohort
2018–2020.A.2 KM curve stratified by risk subgroups for cohort 2018–2020.A.3–4
KM curve stratified by risk subgroups within HbA1c 5.7–5.9% and 6.0–6.4% groups
for cohort 2018–2020. Shaded areas: 95% confidence intervals. B.1 KM curve

stratified by HbA1c levels for cohort 2021–2022. B.2 KM curve stratified by risk
subgroups for cohort 2021–2022. B.3–4 KM curve stratified by risk subgroups
within HbA1c 5.7–5.9% and 6.0–6.4% groups for cohort 2021–2022. Shaded areas:
95% confidence intervals.
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existing literature approaches and our systematic phenotyping methodol-
ogy is provided in the Appendix.

Outcome definition
The primary goal of our prediabetes-to-diabetes (PD2D) prediction task is
to infer each patient’s true progression risk (high, low, or misclassified)
based on longitudinal EHR data collected after their prediabetes onset.
Because true future diabetes status is not directly observable at the time of
the index HbA1c measurement, we operationalize ground truth by
extracting all relevant clinical events over the subsequent 12-monthhorizon.
The timestampof thefirstHbA1c record in the 5.7%–6.4%range defines the
“prediabetes onset” datetime, at which point historical data are frozen and
model features assembled.We then assemble “future EHRs,” encompassing
laboratory values, diagnosis codes, and medication records from that index
point forward.

Within the future EHR window, we distinguish diabetes events,
defined as any HbA1c ≥ 6.5%, any ICD-10 code for Type 1 or Type 2
diabetes, or the initiation of anti-diabetic therapy, from non-diabetic events
(predominantly HbA1c < 6.5%). Patients are labeled as having-diabetes if
they experience one or more diabetes events within one year of prediabetes
onset. Those who maintain HbA1c values below the diagnostic threshold
and do not receive diabetes ICD-10 codes or prescriptions during the entire
follow-up period are classified as not-having-diabetes. As defined earlier,
cases inwhich anti-diabetic treatment occurswithin onemonth of the index
HbA1c are treated as false PD onset and excluded, since such early inter-
ventions likely reflect pre-existing but undocumented diabetes or off-label
prediabetes treatments. For the selected PD-onset patients with off-label
prediabetes treatment, we exclude them as their nature progression to
diabetes are influenced.

Moreover, different from the previous study, we further refine our not-
having-diabetes definitions with a time-aware approach. Instead of equally
counting any normal HbA1c reading within one year since PD-onset, we
focus on HbA1c < 6.5% records occurring near the end of the 12-month
horizon (months 10–14) to label “not-having-diabetes”, as these readings
better reflect a patient’s status at the prediction target. Patients lacking any
follow-up records are not automatically deemed low-risk; instead, we assign
a “missing label” to avoid conflating loss to follow-up with true non-
progression.

By integrating both diabetes and non-diabetic events, excluding aty-
pical or off-label early interventions, andweighting evidence by its temporal
proximity to the one-year mark, our outcome definition aims to create
precise, clinicallymeaningful labels for PD2Drisk.Adetailed comparisonof
our labeling methodology against existing approaches from the literature,
diabetes event definition, ICD-10 list, and anti-diabetes medication list are
provided in the Appendix.

Predictor variables
We derived our predictor variables from structured EHR data observed
during the one-year period preceding each patient’s prediabetes onset date.
To capture both the patient’s underlying physiology and patterns of
healthcare utilization, we organized features into three broad domains:
laboratory and vital signs, lifestyle behaviors, and medical/diagnostic
information. For each domain, we computed both aggregated mean values
and record counts.

Laboratory and vital sign features included baseline measures of gly-
cemic control (HbA1c), bodymass index (BMI), liver function (ALT), lipid
profiles (HDL, LDL), and blood pressure (systolic and diastolic)14,15,19. For
each of these numeric variables, we calculated themean value over the look-
back period to obtain a stable indicator of central tendency and the total
number of observations to reflect monitoring intensity. Lifestyle features
include alcohol consumption, exercise frequency, diet patterns, and
smoking status26. They are similarly summarized as the mean categorical
feature frequency and the number of encounters. Medical and diagnostic
features encompassed ordered medications and ICD diagnosis codes; we
represented diagnoses both at the full code level and via three-character

prefixes to allow analysis at differing levels of clinical granularity, and again
captured both average feature frequency and total record count.

Missing data are inevitable in real-world EHRs. For continuous lab and
vital sign values without any recorded measurement, we imputed the
median value calculated from the training cohort and introduced a binary
“missingness” indicator flag to preserve information about data absence.
Categorical lifestyle and diagnostic features with no entries during the look-
back were assigned an “unknown” feature category. Count features
defaulted to zero when no records existed, naturally distinguishing patients
with no documented encounters from those with sparse but non-zero
activity. This combined strategy of cohort-based imputation, missingness
indicators, and zero-fill counts ensures robust model training while
retaining the signal embedded in patterns of missingness. Details of feature
engineering are provided in the appendix.

Model building and evaluation
The diabetes risk-rating system was developed using XGBoost, a gradient
boosting framework that utilizes decision tree ensembles27. It is an efficient
gradient-boosted tree ensemble algorithm chosen for its capacity to handle
high-dimensional, sparse EHR feature vectors and capture complex, non-
linear associations. Patients with prediabetes onset between 2018 and 2020
comprised the training cohort, while those from 2021 and 2022 formed an
independent testing cohort to assess temporal generalizability. Within each
cohort, we further stratified patients by their index HbA1c (5.7%–5.9% vs.
6.0%–6.4%) to examine performance across differing baseline risk levels. All
input features, including aggregated means and encounter counts for
laboratory values, vitals, lifestyle factors, and diagnostic/medication records,
were preprocessed into sparse matrices using the scikit-learn API. To
optimize predictive performance while minimizing the risk of overfitting,
we employed a Bayesian optimization approach supplemented by grid
search refinement for hyperparameter tuning. The key parameters adjusted
included the number of boosting iterations (n_estimators), the maximum
depth of each tree (max_depth), the learning rate (eta), and the early
stopping criteria. Candidate configurations were evaluated using five-fold
cross-validation on the training dataset, with log loss serving as the opti-
mization objective. The final model was trained using the optimal hyper-
parameter values, which specified a maximum tree depth of ten, one
thousand boosting iterations, a learning rate of 0.01, and a binary logistic
objective function.

Model performance was assessed with multiple complementary
metrics. Discrimination was measured by the area under the receiver-
operating characteristic curve (AUC), with empirical 95% confidence
intervals derived from 2000 stratified bootstrap replicates. To evaluate
classification accuracy, we applied clinically relevant thresholds: an HbA1c
cutoff of 6.0% and a risk-score threshold of 0.5, and then calculated the
overall proportion of correct predictions. Recognizing the importance of
identifying both the highest- and lowest-risk patients, we also report pre-
cisionwithin the top andbottomdeciles of predicted risk scores. Precision at
the top 10% quantifies our ability to capture true progressors among those
deemedhighest risk, while precision at the bottom10% reflects specificity in
identifying patients unlikely to progress. This multifaceted evaluation fra-
mework ensures that our model is robust, clinically interpretable, and
directly aligned with decision thresholds used in practice.

Risk subgroupprofiling and future diabetes progressionanalysis
Previous PD2D studies have provided valuable tools for predicting diabetes
risk; however, opportunities remain to explore clinical profiles and pro-
gression patterns within different risk-based subgroups. Understanding
these trajectories is essential for personalizing prediabetes management
beyond one-size-fits-all approaches. Building on the framework demon-
strating how distinct patient profiles affect disease progression in diabetes-
onset subgroups, we extended this concept to prediabetes populations28. By
examining risk subgroups based on clinical profiles, we sought to identify
patient clusters characterized by unique progression patterns and rates,
potentially enabling targeted preventive strategies.
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In this study, patientswere classified intohigh-,medium-, and low-risk
subgroups using risk score thresholds of 0.8 and 0.2, respectively. We
conducted a comprehensive analysis of these subgroups, focusing on three
key dimensions: (1) the association between risk subgroups and prediabetes
onset HbA1c levels, visualized through pie charts; (2) the distribution of key
electronic health record (EHR) measures across risk subgroups; and (3)
diabetes progression patterns specific to each risk subgroup. To validate the
generalizability of our findings, we performed parallel analyses on both
training and testing cohorts, assessing the replicability of subgroup char-
acteristics in previously unseen patients. Beyond improving clinical deci-
sion-making, this subgroup analysis provides critical insights into
mechanisms driving diabetes progression. Identifying how specific clinical
factors contribute to differential risk profiles refines our understanding of
disease development, potentially enhancing early intervention efforts and
optimizing resource allocation. Furthermore, tracking progression to dia-
beteswithin these subgroups serves as a valuable real-world validation of the
methodology, creating an iterative feedback loop where observed outcomes
can refine future subgroup definitions and risk assessment approaches.

Statistical analysis
For patient-level descriptive statistics, categorical variables were reported as
absolute and relative frequencies, while quantitative variables were pre-
sented asmean (standard deviation).All analyseswere conducted inPython
(version 3.11.18) using pandas, matplotlib, plotly, XGBoost, sklearn, and
lifelines packages. For subgroup development, we implemented gradient
boosting using the xgboost package. Receiver operating characteristic
(ROC) curves were employed to identify risk factor thresholds for diabetes
risk prediction29. The testing dataset was further stratified into groups with
HbA1c levels of 5.7–5.9% and 6.0–6.4% at PD onset to evaluate model
performance. For subgroup analysis, Kaplan-Meier survival curves were
used to analyze the patients’ progression to diabetes30.

Data availability
This study used de-identified electronic health records (EHRs) from the
MedStarHealth System.Due to institutional andpatient privacy regulations,
the raw EHR data cannot bemade publicly available. Researchers interested
in accessing the dataset for replication or collaborative researchmay contact
the corresponding author, subject to data use agreements and IRB approval.

Code availability
The code used for data preprocessing, risk score modeling, and subgroup
analysis is available on GitHub at: https://github.com/JHU-CDHAI/
1stPD2D.
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