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Abstract

Background: Screening for type 2 diabetes (T2D) is not optimal, leading to a large number of patients being undiagnosed.
Recently, deep learning (DL) applied to chest radiographs (CXRs) has shown promise for opportunistic T2D prediction. A prior
study in a predominantly suburban non-Hispanic White cohort achieved an area under the curve (AUC) of 0.84 for prevalence.
In this study, we evaluate the performance and generalizability of this DL model in an urban cohort with greater racial diversity,
higher social deprivation, and higher T2D prevalence. We further assess whether integrating DL predictions with BMI and
demographic variables improves T2D prediction beyond demographics and BMI alone.

Objective: This study aims to externally validate a previously developed DL-based CXR model for T2D prediction in a diverse
urban population, to assess its performance for both prevalent and incident T2D, and to determine whether combining DL
predictions with demographics and BMI improves predictive performance.

Methods: We studied adults (2010-2020) from a tertiary academic medical center in Chicago with at least one ambulatory
CXR. First, we performed external validation of a previously developed DL-CXR model by applying it directly to our cohort.
Second, we evaluated whether combining the DL model output with additional data, demographics, BMI, and social deprivation
index improved the performance. T2D prevalence was modeled using extreme gradient boosting, while incidence was assessed
with Cox proportional hazards models. Model performance was compared using AUC and concordance, and feature contributions
were evaluated using feature importance and odds ratios.

Results: Among 39,908 patients (n=21,311, 53.4% non-Hispanic Black; n=9179, 23% Latino; and n=5587, 14% non-Hispanic
White), 26% (n=10,376) had T2D at their first CXR. The previously developed DL-T2D model maintained discrimination for
prevalent T2D in this diverse urban cohort, with similar performance across racial groups (Latino: 0.818; non-Hispanic White:
0.819; non-Hispanic Black: 0.790), supporting generalizability. Adding DL output to demographics and BMI improved prediction
compared with clinical variables alone (AUC 0.808 vs 0.766; P<.001). For a 3-year incident T2D, the full model achieved an
AUC of 0.709 with concordance of 0.707; individuals in the highest risk quartile had a 7-fold higher incidence.

Conclusions: In a diverse urban cohort, a previously developed DL model applied to CXRs provided significant incremental
value beyond demographics and BMI for T2D risk prediction. Despite substantial differences in population characteristics
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compared with the derivation cohort, the DL model remained effective for T2D screening. Incidence prediction was less accurate
than prevalence, highlighting the need for further refinement, potentially incorporating hemoglobin A1c when available. Although
racial disparities in prevalence exist, predictive performance was comparable across groups. These findings support the
generalizability of CXR-based DL for opportunistic T2D screening in diverse populations.

(JMIR AI 2026;5:e85248) doi: 10.2196/85248
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Introduction

Type 2 diabetes (T2D) is a prevalent chronic disease with
significant public health implications, especially in populations
facing socioeconomic and health care disparities. According to
the Centers for Disease Control and Prevention, approximately
11.6% of the US population has been diagnosed with diabetes,
affecting 38.4 million Americans. Effective screening of T2D
is key to mitigating complications. Undiagnosed diabetes affects
1-2% of US adults, accounting for roughly 10% of all cases [1].
Prevalence of undiagnosed diabetes increases with age, rising
from 1.3% in those aged 20-39 years to 6.8% in those over 60
[2]. The gap in early detection is often exacerbated by limited
access to health care, inconsistent screening practices, and
inadequate awareness of the risk factors among patients and
clinicians [3-5].

Opportunistic screening [6], which leverages data collected
during unrelated clinical care, holds promise for addressing this
issue. By using existing data, such as imaging or blood tests,
clinicians can identify patients at high risk of T2D, thereby
increasing the likelihood of early detection, particularly in
populations that may not seek diabetes screening.

Recent advancements in artificial intelligence, specifically deep
learning (DL) models, offer innovative approaches to disease
prediction using imaging data [7,8], such as chest radiographs
(CXRs), computed tomography (CT), and retinal images.
Integrating DL with CT imaging and clinical data has improved
prognostic performance in assessing COVID-19 disease severity
[9]. A foundation model, RETFound, has been adapted to
outperform comparative models in diagnosing sight-threatening
eye diseases [10]. Moreover, DL models analyzing retinal
photographs have accurately predicted adverse cardiovascular
events, achieving performance comparable to traditional risk
assessments [11]. Previous research [12] demonstrated the
feasibility of predicting T2D using DL models that combine
CXRs with clinical data, achieving an AUC of 0.84 (95% CI
0.83-0.85). However, as health care systems serve populations
with varying diversity, assessing whether these models maintain
performance across different demographic groups is critical.

Methods

Study Design and Population
This study is a retrospective cohort analysis conducted at an
urban, tertiary academic medical center in Chicago, UI-Health,
including a hospital, on-site and off-site clinics, as well as a
Federally Qualified Health Center (FQHC). We included adult
patients (≥18 years old) who had at least one upright, ambulatory
CXR between January 1, 2010, and September 12, 2020, and
at least one prior visit with a billing clinician. Patients were
excluded if they had missing demographic information or had
type 1 DM.

Data Collection and Variables
CXR images were retrieved from a research data warehouse
maintained by the UI-Health Center for Clinical and
Translational Science (CCTS). Age, sex, race, ethnicity, BMI,
zip code, hemoglobin A1c (HbA1c), and prescribed Diabetes
medications (Multimedia Appendix 1) were retrieved from the
electronic health record (EHR). The dates and International
Classification of Diseases 9 (ICD-9) and International
Classification of Diseases 10 (ICD-10) diagnostic codes for
T2D and type 1 diabetes (Multimedia Appendix 2) were
extracted from an archived copy of our prior EHR. The social
deprivation index (SDI) [13] was derived from zip codes.

DL CXR risk models were previously developed and published
for use with ambulatory CXRs [12]. These models were based
on a derivation cohort, Table 1 of CXRs for diagnoses based
on Medicare’s risk adjustment model using hierarchical
condition categories (HCC) [14]. These included HCC18
(diabetes with chronic complications), HCC22 (morbid obesity),
HCC85 (congestive heart failure), HCC96 (specified heart
arrhythmias), HCC108 (vascular disease), and HCC111 (chronic
obstructive pulmonary disease). These models are noted as
DL-T2D, DL-Obesity, DL-CHF (congestive heart failure),
DL-Arrhythmias (specified heart arrhythmias), DL-Vasc
(vascular disease), and DL-COPD (chronic obstructive
pulmonary disease). DL-T2D is the model used in our prior
publication, for which our cohort serves as an external test.
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Table 1. Population statistics for prevalence, incidence, and derivation cohorts.

DerivationbIncidencePrevalenceFeaturea

153,16819,67139,908Unique patients, n

56 (18)41.3 (16.42)46.5 (16.8)Age (years), mean (SD)

84,089 (54.9)12,776 (64.95)24,005 (60.15)Female, n (%)

18 (8-35)80.5 (68-97)79.9 (68-97)SDIc, median (IQR)

29.730.18 (8.31)30.8 (8.60)BMI, mean (SD)

9650 (6.3)688 (3.5)1317 (3.3)Asian, n (%)

8577 (5.6)11,253 (57.2)21,311 (53.4)Non-Hispanic Black, n (%)

10,262 (6.7)3836 (19.5)9179 (23)Latino, n (%)

114,264 (74.6)2754 (14)5587 (14)Non-Hispanic White, n (%)

10,415 (6.8)1140 (5.8)2514 (6.30)Other, n (%)

29,255 (19.1)3147 (16)10,376 (26)T2Dd, n (%)

—965 (428-1839)—eFollow-up (days), median (IQR)

aPopulation statistics for prevalence, incidence, and derivation cohorts in a retrospective study of T2D. The study included adults aged ≥18 years who
underwent ambulatory chest radiography at UI Health in Chicago, between January 1, 2010, and September 12, 2020. Prevalence and incidence were
derived from data of patients from UI Health, and the data from the derivation cohort are from [12].
bFor the T2D proportion in the incidence cohort, the measure is all the patients who did not have T2D at the time of chest radiograph but developed
T2D during follow-up [12].
cSDI: social deprivation index.
dT2D: type 2 diabetes.
eNot applicable.

Outcome Ascertainment
The primary outcome was the diagnosis of T2D, requiring at
least one of the following: ICD-9 or ICD-10 diagnosis code for
T2D (Multimedia Appendix 2) or HbA1c ≥ 6.5% or a
prescription for diabetes-specific medication (Multimedia
Appendix 1). In Multimedia Appendix 3, we show the
percentage of the cohort identified with T2D based on
medications, HbA1c ≥ 6.5%, and ICD-9 and ICD-10 codes. To
determine the prevalence of T2D, we searched for evidence
prior to the CXR, assuming T2D is a chronic disease. For the
incidence cohort, the diagnosis needed to occur after the CXR.

Model Development and Analysis
To predict T2D prevalence and incidence, we developed and
evaluated several models combining DL methods with
traditional clinical and demographic variables.

Prevalence Prediction
We used extreme gradient boosting (XGBoost) models to predict
T2D prevalence. We randomly split the dataset into training
and test sets using an 80-20 ratio, applying a stratified sampling
method to ensure that the class distribution remained consistent
across both subsets. All models were trained on the same 80%
training set and evaluated on the same 20% held-out test set to
ensure comparability. We built 6 different models.

Model 1 (demographics: age, race, SDI, and sex), model 2
(BMI), model 3 (BMI and demographics), model 4 (DL-T2D,
the derivation model being tested), model 5 (BMI,
demographics, and DL-T2D), model 6 (all variables). All models

were trained and evaluated on the same data split for
comparability.

We assessed model performance using the area under the curve
(AUC) for the receiver operating characteristic (ROC). We
compared the AUC of all these models in Table 2. We also
show the feature importance and odds ratios (ORs) values of
model 4 for the prevalence cohort in Figure 1.

Hyperparameter selection for the XGBoost models was
performed using a structured search strategy on the training set.
For each hyperparameter combination, model performance was
assessed using 5-fold cross-validation within the training set,
with 15% of the training set held out as a validation fold in each
iteration. We evaluated combinations of key hyperparameters,
including maximum tree depth (range 2-4), learning rate
(0.01-0.1), L1 (alpha: 0-0.5), and L2 (lambda: 0.5-2)
regularization strengths. Model performance was assessed using
AUC on the validation set, with emphasis on selecting
configurations that balanced predictive performance and model
simplicity to mitigate overfitting. We constrained model
complexity through shallow trees and regularization. The
objective function is binary logistic loss. To address class
imbalance, we applied scale_pos_weight proportional to the
ratio of negative to positive samples in the training set.

The final model parameters (maximum depth=4, learning
rate=0.01, alpha=0.1, lambda=1) were chosen as they provided
the best mean AUC in cross-validation.
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Regarding missing data, patients with missing demographic
information were excluded. No additional missing data were
present in the remaining covariates used for modeling.

For probability calibration, we applied decile-based calibration
and assessed agreement between predicted and observed risk
across deciles.

The classification threshold was determined using Youden’s J
statistic derived from the ROC curve calculated on the training
set only, and this fixed threshold was subsequently applied to
the test set for performance evaluation.

In order to make the OR more meaningful and consistent, for
each continuous variable, the data were normalized to set the
mean to 0 and the SD to 1. Therefore, in Table 2 and Figure 1,
the ORs represent a 1 SD increase in the value of the covariate.

Table 2. Area under the curve (AUC) and concordance for prevalence and incidence test cohorts.

IncidencePrevalenceModelsa

Concordanced, (95%
CI)

AUC (7 years) c,
(95% CI)

AUC (5 years) c,
(95% CI)

AUC (3 years)c, (95%
CI)AUCb (95% CI)

0.680 (0.676-0.685)0.666 (0.650-0.681)0.683 (0.670-0.696)0.695 (0.682-0.707)0.792 (0.781-0.802)External validation of prior

DLe model [12]f

0.585 (0.579-0.591)0.588 (0.552-0.623)0.589 (0.558-0.620)0.569 (0.537-0.601)0.652 (0.646-0.658)DL_Obesity

0.656 (0.640-0.664)0.628 (0.601 -0.654)0.643 (0.621-0.665)0.664 (0.644-0.685)0.744 (0.732-0.755)Demographics (Dem)

0.564 (0.547-0.581)0.570 (0.543-0.597)0.562 (0.539-0.586)0.560 (0.528-0.572)0.609 (0.596-0.623)BMI

0.674 (0.658-0.689)0.647 (0.621-0.673)0.666 (0.644-0.687)0.677 (0.656-0.697)0.766 (0.755-0.777)Dem+BMI

0.697 (0.682-0.712)0.672 (0.647-0.698)0.692 (0.671-0.714)0.703 (0.684-0.723)0.808 (0.798-0.818)Dem + DL-T2Dg + BMI

0.707 (0.692-0.722)0.681 (0.655-0.706)0.699 (0.679-0.720)0.709 (0.689-0.720)0.817 (0.807-0.827)Dem + all DL + BMI

aPerformance of clinical and DL models for prediction of T2D prevalence and incidence in a retrospective study of adults aged ≥18 years who underwent
ambulatory chest radiography at UI Health in Chicago, between January 1, 2010, and September 12, 2020. Model performance is supported using AUC
and concordance metrics. Models evaluated include: the previously published DL-T2D [12]; demographics-only variables; BMI alone; demographics
plus BMI; the DL-based T2D model (DL-T2D) alone; a combined model including demographics, BMI, and DL-T2D; and a comprehensive model
incorporating demographics, BMI, and multiple DL-derived imaging biomarkers (T2D, morbid obesity, congestive heart failure, arrhythmia, chronic
obstructive pulmonary disease, and vascular disease). This comparison illustrates the incremental contribution of clinical variables and DL-derived
features to T2D prediction performance.
bAUC determined from extreme gradient boosting (XGBoost).
cAUC from Cox proportional hazard model and timeROC.
dConcordance from Cox proportional hazard model.
eDL: deep learning.
fTest of prior model on 100% of prevalence and incidence cohorts; the other models tested on a 20% sample.
gT2D: type 2 diabetes.
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Figure 1. Forest plot of extreme gradient boosting feature importance and logistic regression ORs for prevalence and Cox proportional HRs for incidence.
Multivariable model results for predicting T2D prevalence and incidence in a retrospective cohort study of adults aged ≥18 years who underwent
ambulatory chest radiography at a tertiary academic medical center (UI Health) in Chicago, Illinois, between January 1, 2010, and September 12, 2020.
The first panel shows a forest plot of ORs and 95% CIs from the fully adjusted logistic regression model for T2D prevalence. ORs were normalized
such that a 1-unit change corresponds to an SD of each continuous variable. The middle panel shows HRs and 95% CIs from the fully adjusted Cox
proportional hazards regression model for T2D incidence. The last panel displays feature importance for the XGBoost model predicting T2D prevalence.
Female sex and non-Hispanic Black race were used as reference categories as the most common values in their respective categories and are, therefore,
not shown in the figure. All models include demographic variables, BMI, and DL-derived imaging biomarkers unless otherwise specified. CHF:
congestive heart failure; COPD: chronic obstructive pulmonary disease; DL: deep learning; HR: hazard ratios; OR: odds ratio; SDI: social deprivation
index; T2D: type 2 diabetes.

Incidence Analysis

Kaplan-Meier Survival Analysis
Kaplan-Meier survival curves were generated for the incidence
cohort to estimate the probability of T2D incidence over time,

stratified by covariate quartiles, and are shown in Figure 2
[15,16].
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Figure 2. Kaplan-Meier curves of the incidence of T2D by quartile of covariate. It is the cumulative incidence of T2D estimated using Kaplan-Meier
survival analysis in a retrospective cohort study of adults aged ≥ 18 years undergoing ambulatory chest radiography at a tertiary academic medical
center in Chicago, Illinois, between January 1, 2010, and September 12, 2020. The incidence cohort included individuals without prevalent T2D at the
time of the index chest radiograph and with available follow-up encounters; patients diagnosed with T2D or lost to follow-up within the first 90 days
were excluded. Cumulative T2D incidence is shown stratified by quartiles of (A) BMI; (B) DL-T2D, a risk score derived from a DL model applied to
chest radiographs; (C) SDI; and (D) self-reported race. Follow-up continued until T2D diagnosis, last clinical encounter, or end of the study period.
The figure demonstrates differences in incidence across the four variables, each split into 4 quartiles. DL-T2D shows the greatest dispersion: at 5 years,
the risk for Q4 is about 40%, while for Q1, it is <10%, with risk increasing progressively across quartiles. BMI also shows some dispersion of risk, but
less than DL-T2D. The SDI shows minimal dispersion and some overlap of the curves of the different quartiles. This cohort shows little variability,
with results near the maximum value, limiting its usefulness for examining the role of the SDI. Risk stratification by race shows a higher incidence
among Latino and non-Hispanic Black patients, whereas non-Hispanic White and Asian patients have a lower risk. DL: deep learning; SDI: social
deprivation index; T2D: type 2 diabetes.

Cox Proportional Hazards Models
We used Cox proportional hazards (CPH) models to evaluate
the relationship between variables and time to T2D diagnosis.
Patients were censored at the date of their last visit to ensure
only active observation data inclusion. This approach accounted
for patients lost to follow-up. Metrics derived from the CPH
models included concordance [17], variable hazard ratios (HRs),
and time-dependent AUC at specific time points using the
timeROC package in R [18].

HRs were determined from the coefficients of the CPH models.
HRs were normalized in the same manner as ORs described
above.

Incidence AUC Evaluation Versus Time
AUC was assessed at 3, 5, and 7 years to examine the model’s
ability to predict incident T2D over time using timeROC [18],
which uses inverse propensity weighting [19] to minimize
censoring bias.

Association of Covariates to Calibration and AUC
We produced calibration plots to investigate any changes in
calibration by race, age, or BMI in Multimedia Appendix 4.
Race was examined by considering the following: Asian,
non-Hispanic Black, Latino, and non-Hispanic White. For age
and BMI, calibration plots were generated for the ranges of each
variable. For ages: 18-45, 45-65, and >65 years. For BMI, we
looked at normal (<25), overweight (25-30), and obese (>30).

For the prevalence, the AUC’s CI was determined using DeLong
variance estimate [20]. For the incidence AUCs, the CIs were
performed with timeROC. The concordance values were
compared using CompareC in the survcomp [21] package in R.
Statistical significance was set as P<.05, and the
Holm-Bonferroni method was used to account for multiple
testing.

Ethical Considerations
This study was approved by the Institutional Review Board at
the University of Illinois Chicago, with protocol number
2024-0187, on February 26, 2024. The use of de-identified
patient data from UI Health for research purposes complied
with all regulatory requirements, including the Health Insurance
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Portability and Accountability Act (HIPAA), ensuring patient
privacy and data security. Data included from the prior study
[12] were aggregated without any identification.

Results

Study Population
The characteristics of the cohorts are shown in Table 1. The
incidence cohort is slightly younger and has more females than

the prevalence cohort, with roughly similar racial and SDI
means, and a median follow-up time of about 2 years. The SDI
in both study cohorts was significantly higher than that of the
derivation cohort. The racial composition of the study cohorts
differed substantially from that of the derivation cohort (Figure
3).

Figure 3. Description of cohorts. Adult patients (≥18 years) with ambulatory CXRs between January 1, 2010, and September 12, 2020, were identified
(N=50,092). CXRs were included if associated with qualified encounters (primary care, medical or pediatric specialty, ED, or inpatient visits), and
patients with type 1 diabetes were excluded, along with patients with missing demographic data, yielding the final prevalence cohort of 39,908 unique
patients. The incidence cohort was derived by excluding patients with T2D diagnosed prior to the index CXRs, as well as all patients who developed
T2D or lost follow-up within 90 days after the CXR, to allow for “fresh” hemoglobin A1c and requiring at least one qualified follow-up encounter after
CXR, resulting in 19,671 patients. Follow-up continued until T2D diagnosis, last billing encounter, or study end (September 12, 2020). CXR: chest
radiograph; DM: diabetes mellitus; Dx: diagnosis; ED: emergency department; F/U: follow-up; ICD: International Classification of Diseases; PCP:
primary care provider or physician; T2D: type 2 diabetes.

Model Performance

Prevalence
We first performed external validation of the previously
developed DL-T2D model by applying it directly to our cohort.
The DL-T2D model achieved an AUC of 0.792 (95% CI
0.781-0.802) for T2D prevalence.

We then evaluated whether combining DL predictions with
clinical variables improved performance. Among models without
DL predictors, AUC ranged from 0.609 (95% CI 0.596-0.623)
for BMI alone to 0.766 (95% CI 0.755-0.777) for demographics
plus BMI. Adding the DL-T2D predictor to demographics and
BMI significantly improved discrimination (AUC 0.808, 95%
CI 0.798-0.818 vs 0.766, 95% CI 0.755-0.777; P<.001),
demonstrating incremental value beyond clinical variables alone.

And finally, the addition of multiple DL predictors showed the
best performance with an AUC of 0.817 (95% CI 0.807-0.827;
P<.001). All results are summarized in Table 2.

Incidence
For incident T2D prediction, we similarly began by evaluating
the externally validated DL-T2D model, which achieved a
concordance of 0.680 (95% CI 0.676-0.685). Among clinical
models without DL, performance improved stepwise from BMI

alone to demographics alone to demographics plus BMI (P<.001
for comparisons).

Adding demographics and BMI to DL-T2D resulted in modest
additional improvement (0.697, 0.682-0.712). The full model,
incorporating all DL predictors along with demographics and
BMI, performed better than DL-T2D alone, 0.707 (95% CI
0.692-0.722; P=.002). Time-dependent AUCs at 3, 5, and 7
years showed similar comparative patterns, with detailed curves
provided in Multimedia Appendix 5.

Figure 1 summarizes the associations of all predictors with
disease prevalence and incidence. In the logistic regression
model of prevalence in the first panel, age had the strongest
association with disease prevalence, followed by DL-T2D, while
male sex, Latino race, DL-CHF, and DL-Obesity were also
positively associated. The Cox model in the middle panel
confirms DL-T2D as the key predictor of disease incidence,
with DL-COPD and DL-Obesity also positively associated.
Race or ethnicity shows some significance in both models,
whereas BMI and SDI had no statistically significant
associations. In the XGBoost model in the last panel, DL-T2D
dominates feature importance, indicating it contributes the most
predictive value among all variables.
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Calibration curves and calibration statistics are shown for race,
age, and BMI in Multimedia Appendix 4. Age is split into <45,
45-65, and >65 years. BMI is split into <25, 25-30, and > 30.
The slope for non-Hispanic White patients is not different than
1, while Asian patients have a slope of 1.26 (1.10-1.44), and
Latino patients have a slope of 1.08 (95% CI 1.03-1.13), which
are underpredicting. In non-Hispanic Black patients, the slope
was 0.94 (95% CI 0.90-0.97).

For age, only >65 years have a slope different than 1, 0.90 (95%
CI 0.83-0.97). For BMI <25, 1.10 (95% CI 1.05-1.16), and
25-30, 1.09 (95% CI 1.04-1.14). For >30, the slope is 0.92 (95%
CI 0.89-0.95).

The AUC for Asian patients is 0.87 (95% CI 0.85-0.89), for
non-Hispanic Black patients 0.79 (95% CI 0.78-0.79), for Latino
patients 0.82 (95% CI 0.81-0.83), and for non-Hispanic White
patients 0.83 (95% CI 0.81-0.84). Patients in the “Other”
category were excluded from these specific racial subgroup
analyses. For BMI, <25 has an AUC of 0.83 (95% CI 0.82-0.84),
25-30 has an AUC of 0.81 (95% CI 0.80-0.82), and >30 has an
AUC of 0.78 (95% CI 0.77-0.79). For age <45 years, the AUC
was 0.80 (95% CI 0.78-0.81), for 45-65 years, 0.74 (95% CI
0.73-0.75), and for >65 years, 0.82 (95% CI 0.76-0.88).

Discussion

Principal Findings
We demonstrated that incorporating previously established [12]
DL predictors into a model including CXRs, demographics, and
BMI significantly improves the prediction of T2D prevalence,
with the AUC increasing from 0.766 (95% CI 0.755-0.777) to
0.808 (95% CI 0.798-0.818; P<.001), and further to 0.817 (95%
CI 0.807-0.827) with all DL predictors. The prior DL-T2D
model performed well alone for prevalence, with an AUC of
0.792 (95% CI 0.781-0.802) in our cohort. BMI alone performed
substantially worse with an AUC of 0.609 (95% CI
0.596-0.623), supporting that DL-T2D is not simply capturing
obesity as a surrogate for T2D. Applying the prior model to our
cohort resulted in a decrease in performance, from AUC 0.84
to AUC 0.792. The performance in our cohort was better than
in the external test in the original study, AUC 0.77 [12]. This
modest reduction in performance between the internal test of
the derivation and our cohort is not surprising due to significant
differences in cohort characteristics (racial distribution, SDI,
and T2D prevalence). These differences highlight a meaningful
but limited degradation in performance under real-world external
deployment conditions.

For the prediction of incidence, the DL predictors did not
perform as well in our cohort with AUCs of 0.695 (95% CI
0.682-0.707) at 3 years as in the derivation, 0.79 (95% CI
0.78-0.79) [12]. Our models are more adept at classifying
existing cases of T2D than at predicting its future. These models
should be compared to present models of incidence, such as the
American Diabetes Association Risk Test [22] or the
Framingham Offspring T2D risk score [23], in a cohort with
additional elements available: Family history, physical activity,
and lab tests including A1c, and/or fasting glucose. These
elements should be recorded in all patients so the variables are

unbiased by who they have been ordered by. Because A1c, family
history, glucose, and exercise history are not always available,
a CXR-based prediction may be valuable for a patient with a
CXR lacking all other data. This is typical for cohorts taken
from actual routine care.

The anatomic areas used by the DL-T2D model to discern risk
for T2D have been discussed previously [12], with a video
available. In summary, a “change in central mediastinal
adiposity is a primary driver. High predictive values include
changes in upper abdominal fat and supraclavicular and rib
attenuation” [12].

While BMI was somewhat predictive of the prevalence alone,
0.609 (95% CI 0.596-0.623), the DL-T2D alone was
significantly superior, 0.792 (95% CI 0.781-0.802). That was
also true in the incidence cohort, 3-year AUC, 0.695 (95% CI
0.682-0.707) compared to 0.560 (95% CI 0.528-0.572). These
comparisons show that DL-T2D predictions rely on far more
than a patient’s BMI alone to assess T2D risk. Supporting this
conclusion is the finding that DL-Obesity is a much weaker
predictor of T2D risk (Figure 1).

The analysis of the univariate relationship between covariates
and the Kaplan-Meier curves in Figure 2 is illustrative. In Figure
2A, the differences between Q1 and Q2 are minimal, but become
much more pronounced between Q3 and Q4, suggesting that
the BMI-associated risk increase becomes significant from Q2
to Q3, and even more so from Q3 to Q4. The DL-T2D (Figure
2B) shows a large dispersion of risk for each quartile,
demonstrating the potential for a good risk classifier. The SDI
(Figure 2C) shows minimal dispersion and some overlap of the
curves of the different quartiles. Figure 2D indicates that Latino
and non-Hispanic Black populations have relatively higher T2D
incidence rates compared to non-Hispanic White and Asian
populations, though the dispersion is smaller than seen with
DL-T2D.

In the derivation study [12], the 3-year incidence AUC was 0.05
lower than the prevalence, 0.84 down to 0.79. In our present
analysis, the incidence 3-year AUC was 0.11 lower than the
prevalence, 0.82 down to 0.71. It is interesting that the
prevalence is nearly as good as the derivation, but the incidence
is significantly lower. One possibility is that the power was
insufficient to accurately measure the incidence. This is unlikely,
as the incidence cohort comprised 19,671 patients with a median
follow-up of 965 days, of whom 16% had a diagnosis of T2D.
While the precision is lower after 7-8 years (Multimedia
Appendix 5), at 3 years it is stable and acceptable, with a CI of
0.689-0.728.

There are multiple reasons why the incidence might not perform
as well as the prevalence. Prevalence reflects cross-sectional
imaging features of existing disease, whereas incidence requires
predicting future disease in initially disease-free patients,
introducing additional uncertainty from follow-up variability,
competing risks, and changes over time. Because mortality data
were unavailable, death could not be modeled as a competing
risk and was treated as non-informative censoring, which may
modestly overestimate cumulative incidence and HRs for T2D.
These differences are further reflected in the composition of the
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incidence cohort. Looking at Table 1, we see that the incidence
cohort is on average 15 years younger than the derivation cohort.
There are also about 10 absolute percent more women in the
incidence cohort. These changes could explain at least some of
the loss of performance.

Incidence may be a combination of newly diagnosed T2D in
those who were underdiagnosed, gradual conversion from
pre-DM that was present at the time of the CXR, now becoming
T2D, as well as new cases that developed and were diagnosed
after the CXR. We cannot determine the proportion of each of
these in our cohort, due to a small and biased portion of the
cohort that had A1c testing. The amount of A1c testing, the SDI
[24], and race [25,26] may contribute to underdiagnosis. Since
our cohort differed significantly from the derivation cohort by
race and SDI, changes in the prevalence of these different causes
of a new T2D diagnosis may occur and contribute to the
incidence performance loss.

The last thing to consider is the possibility that the radiographic
correlates of having T2D might differ at least partially from
those of having T2D risk in some patients. This would allow
for a model that is trained on prevalence, not performing as well
on incidence. Additionally, many of the patients were followed
for more than 2 years, with 25% greater than 4.5 years. It is not
clear how long the information on the CXR remains accurate
over time.

Retraining or fine-tuning the model specifically for longitudinal
prediction could improve its performance on incidence. For
example, defining a fixed prediction horizon (eg, 3-5 years) and
reframing incidence as a binary outcome would allow supervised
training tailored to temporal risk. However, this approach
introduces additional challenges, including reduced effective
sample size due to loss to follow-up and delayed event accrual,
which may limit statistical power and model stability. We hope
to learn more about and improve this incidence tool in the future.

Feature and covariate associations with prevalence using feature
importance and ORs, along with HRs for incidence (Figure 1),
demonstrated the important role of the DL-T2D in predictions.
Age was a significant risk factor in logistic regression of
prevalence, but not for incidence, and it was also not a strong
feature in XGBoost [27]. Compared to non-Hispanic Black
patients, non-Hispanic White patients were less likely to have
T2D, consistent with epidemiological data. However, Latino
patients were more likely to have T2D in our cohort, while the
prevalence is reported to be lower in Latino than non-Hispanic
Black populations [28].

DL-CHF and DL-Obesity had positive relationships with the
predictions, while DL-arrhythmias, DL-COPD, and DL-vascular
were either non-associated or slightly negatively associated
with the prediction (Figure 1). Many of these diseases are
chronic and associated with overlapping etiologies and sequelae,
so a role in predicting DL-Obesity and DL-CHF is not
surprising.

Recently, the SDI was included in the American Heart
Association cardiovascular disease risk calculator [29]. The SDI
has been shown to be associated with the risk for T2D in a large
population in Germany [30] and in the US Gulf States [31]. It

has also been shown to be related to the risk for hypertension
[32] and complications of T2D [33,34]. The lack of association
with prevalence in multivariate regression and the minimal
importance in the XGBoost model may reflect the high mean
SDI in our cohort (80) and its relatively narrow IQR (68-97),
which limits variability and reduces its usefulness as a predictor
in this population. Our patient population has a high mean SDI
of 80, notably higher than that of the derivation cohort, 18, and
a relatively narrow IQR (68-97), limiting variability within the
sample. It is possible that greater variance in SDI values would
be necessary to show a significant association. Additionally,
SDI was measured at the zip code level and may lack sufficient
granularity to capture meaningful heterogeneity in social
conditions. While SDI reflects structural neighborhood-level
disadvantage, it does not account for individual-level
socioeconomic factors or other contextual determinants of T2D
risk. Therefore, the absence of a significant association in our
analysis should not be interpreted as evidence that social
deprivation is unrelated to T2D risk, but rather that zip
code–level SDI may be insufficiently granular and
underpowered to detect such effects in this setting.

To examine the importance of demographics in accuracy, we
produced calibration curves and AUCs for different values in
Multimedia Appendix 4.

For race, the calibration slope for non-Hispanic White patients
was not different than 1, while Asian and Latino patients had
slopes greater than 1, or underprediction of higher risk patients.
The non-Hispanic Black patients demonstrated a slope less than
1. It might be expected that White patients have excellent
calibration, as the derivation cohort had mostly non-Hispanic
White patients. The AUCs varied between Black patients (0.79),
Latino patients (0.82), non-Hispanic White patients (0.83), and
Asian patients (0.87). It is interesting that while Latino and
non-Hispanic Black patients were both overrepresented in our
cohort compared to the derivation, the AUC of Latino patients
was not different than that of White patients (0.83; P=.50), while
that of non-Hispanic Black patients was lower than that of
non-Hispanic White patients and Latino patients (P<.001). The
AUC was surprisingly better in Asian patients than in White
(P=.002) or Latino patients (P<.001). Other than the fact that
the derivation cohort was predominantly non-Hispanic White,
it is not clear why non-Hispanic Black patients had a lower
AUC and Asian patients had a higher A1c. The diagnosis of T2D
requires the development of the disease, the clinician’s index
of suspicion, and testing behaviors. All these may be associated
with socioeconomics, and our SDI was not able to control for
socioeconomic factors. Thus, we cannot exclude socioeconomic
factors as the basis for the disparity in racial risk model
performance.

For BMI, the calibration slope for normal and overweight
patients was both greater than 1, while for the obese patients,
the slope was 0.92, suggesting underprediction at higher risk.
The AUC for normal BMI was 0.83, for overweight patients
0.81, and for obese patients 0.78. This mild deterioration with
increasing BMI is not that large, and an AUC of 0.78 can still
produce useful risk assessment. It may be related to the effects
of certain locations of adiposity in the CXR that are different
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in the obese than in the non-obese. Further analysis will need
to be done to investigate this issue.

Limitations
Limitations include the use of billing codes and medication
orders to define diabetes, which may occasionally lack accuracy.
One probable mechanism for errors with medication data is
incomplete medication reconciliation for patients treated at
outside institutions. We attempted to minimize this by requiring
visits where diabetic medication reconciliation should occur.

It is well described that underdiagnosis of T2D is common and
associated with ethnic and socioeconomic variables [24-26]. If
we were trying to measure the prevalence and incidence of T2D
at the population level, underdiagnosis might be accounted for,
but we are looking at individual-level CXRs and cannot assign
a patient to have a higher risk based on an assumed probability
by race and SDI. This problem may produce calibration by race
and SDI that could be off due to differing underdiagnosis rates,
though our data suggest only small changes by ethnicity and
SDI. In our pragmatic cohort, nonrandom variable A1c testing
does not allow for correcting for underdiagnosis.

While the population has a broad mix of ethnicities,
socioeconomic status is less diverse, with fewer patients having
low SDI. Multimedia Appendix 6 shows a histogram with the
distribution of SDI values in the prevalence cohort. Further
validation of the CXR-based model in more economically
diverse cohorts could strengthen its use and ensure equitable
application.

Because this study was restricted to patients with an ambulatory
CXR, the resulting cohort may not be fully representative of
the broader population at risk for T2D, introducing potential
bias. As a retrospective study using EHR data, inclusion in the
incidence cohort required at least one qualified follow-up
encounter after the CXR to ensure outcome ascertainment. This
may underrepresent patients who experienced rapid
deterioration, died, or transferred care immediately after
imaging, potentially biasing the cohort toward healthier
survivors. We were unable to control for these biases, as external
follow-up and mortality data were unavailable. These issues
may affect the derived metrics, and while they could lead to a
slight overestimate of T2D incidence, the impact on the model’s
predictive performance is unclear. Based on the demographics
of our patient population and the rate of censoring, we estimate
that death is not likely to represent more than 5% of the patients
who leave the study and would not likely have that large of an
effect on the prediction metrics.

Future Directions
Future work could focus on building a more comprehensive AI
model trained on larger, more diverse populations to improve
generalizability. Additionally, a direct comparison between
CXR-based risk assessments and A1c could help evaluate their
relative use for early detection and prognosis. Leveraging CXR
screening alongside EHR data offers an opportunity to identify
high-risk patients who may benefit from targeted screening
outreach, thereby enhancing the efficiency and impact of health
care resources in addressing undiagnosed or high-risk cases of
T2D.

Beyond T2D, our approach could be extended to other diseases
where early detection is crucial for preventing adverse outcomes,
such as hypertension, chronic kidney disease, systemic
atherosclerosis, and cerebral vascular disease. Expanding our
model to these broader applications could enhance preventive
care and optimize resource allocation across multiple domains
of chronic disease management.

Conclusions
The previously developed DL model [12] demonstrates strong
generalizability, performing nearly as well at predicting T2D
diagnosis in a more demographically diverse population as in
the derivation cohort (AUC 0.792, 95% CI 0.781-0.802, vs 0.84
in the derivation cohort). We next explored whether
incorporating demographic variables and BMI could improve
predictive performance. Adding both demographics and BMI
to the DL model increased the AUC to 0.808, compared with
using demographics alone (AUC 0.744, 95% CI 0.732-0.755),
BMI alone (AUC 0.609, 95% CI 0.596-0.623), or a combination
of demographics and BMI (AUC 0.766, 95% CI 0.755-0.777).
Finally, the inclusion of multiple DL-derived predictors yielded
the best performance, achieving an AUC of 0.817 (95% CI
0.807-0.827).

Notably, while BMI is a well-established risk factor for T2D,
it alone provides only modest predictive power, and the DL-T2D
score and prior model consistently emerge as the most influential
predictors, outperforming individual patient characteristics such
as age, sex, race, SDI, and BMI. While the model remains
effective for classifying existing cases (prevalence), its ability
to predict future T2D onset (incidence) is considerably weaker.

These findings reinforce the potential use of the model as a
valuable tool for opportunistic T2D screening, while
highlighting the need for further refinement to enhance its
predictive accuracy for incident T2D.
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CPH: Cox proportional hazard
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DL: deep learning
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HbA1c: hemoglobin A1c
HCC: hierarchical condition categories
HIPAA: Health Insurance Portability and Accountability Act
HR: hazard ratio
ICD-9: International Classification of Diseases 9
ICD-10: International Classification of Diseases 10
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XGBoost: extreme gradient boosting
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