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Abstract

Aims: The combined assessment of multiple abdominal imaging traits in relation to

type 2 diabetes remains incompletely characterised. The study examines these rela-

tionships on computed tomography (CT) scans from a large-scale, racially diverse,

disease-focused medical biobank.

Materials and Methods: Deep learning algorithms were applied to patients with

abdominal CT scans in the Penn Medicine BioBank to quantify image-derived pheno-

types, including spleen-hepatic attenuation difference (SHAD) for hepatic steatosis

(HS), liver and spleen volumes (SV), abdominal visceral and subcutaneous adipose tis-

sue (VAT and SAT, respectively) and visceral-to-subcutaneous ratio (VSR). One thou-

sand five hundred and ninety-four patients (62 years, 49.4% male, 59.3% White),

comprising 950 nondiabetics and 644 diabetics, were included in analysis with diabe-

tes status determined by a 6.5% haemoglobin A1c cutoff.

Results: Diabetic patients had greater HS (SHAD �4.49 vs. �6.88 Hounsfield units,

p = 1.34 � 10�8), steatosis prevalence (41.8% vs. 27.7%, p = 4.85 � 10�9) and VSR

(0.62 vs. 0.55, p = 1.69 � 10�3) than nondiabetics. In multivariate analyses adjusting

for age, sex, race and body mass index (BMI), diabetes was independently associated

with SHAD (odds ratios [OR] 1.04, 95% confidence interval [1.02–1.05]), SV

(OR 4.53 [1.89–10.99]) and VSR (OR 2.87, [1.96–4.20]). Combined regression
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analysis showed no relationship between splenomegaly and type 2 diabetes once

controlling for hepatic factors (OR 1.08, [0.95–1.23]), but uncovered a stronger VSR

correlation (OR 1.40, [1.20–1.63]) than BMI (OR 1.14, [1.01–1.29]).

Conclusions: Hepatic steatosis, hepatomegaly and visceral adiposity on CT are asso-

ciated with type 2 diabetes. Hepatic changes may influence spleen size effects on dia-

betes. VSR can serve as an alternative to traditional obesity metrics to accurately

reflect diabetes risk.
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1 | INTRODUCTION

Diabetes mellitus is projected to impact over 780 million people glob-

ally by 2045.1,2 Despite its prevalence, the disease is typically under-

diagnosed and detected at later stages, leading to missed

opportunities for early intervention that can prevent serious associ-

ated cardiometabolic diseases.3–5 Imaging represents a potential

opportunistic screening tool, whereby information obtained during

routine or unrelated clinical assessments can be leveraged to deter-

mine the presence of type 2 diabetes and its associated risk factors.6

With over 85 million computed tomography (CT) scans performed

in the United States each year, there is opportunity to harness such

data to identify patients with type 2 diabetes.7 The advancement of

machine learning in radiology has allowed for efficient and rapid anal-

ysis of substantial amounts of data, with applications seen in the

assessment of stroke, osteoporosis and sarcopenia on CT scans.8–11

These approaches allow for extraction and calculations of quantitative

imaging measurements, or image-derived phenotypes (IDPs), from

radiological scans to explore novel disease associations, expanding

our ability to perform phenotypic assessments as part of clinical care

and improve clinical decision making.11–13 As IDPs are automatically

quantified and established at the time of the study, their use presents

no additional risk to the patient and provides an opportunity to detect

findings that could be missed by radiologists, especially given the large

volume of studies they typically read.

Prior studies have independently quantified abdominal IDPs,

including HS through the spleen-hepatic attenuation difference

(SHAD), central adiposity which includes visceral adipose tissue (VAT)

located between organs and subcutaneous adipose tissue (SAT)

located peripherally under the skin, liver organ size, as well as evalu-

ated their relationship with type 2 diabetes on CT scans.13–18 How-

ever, an integrated assessment of these abdominal imaging

phenotypes remains incompletely characterised. Moreover, there has

been limited attention to spleen size and its relationship to type 2 dia-

betes, even though splenic metrics are routinely used to calculate

HS.14,16,19,20 A comprehensive approach may clarify interrelationships

among these abdominal IDP values and improve type 2 diabetes risk

stratification beyond individual parameters. CT scans are particularly

well-suited for such large-scale cumulative analyses as alternative

non-invasive diagnostic methods such as magnetic resonance imaging

are expensive and not as cost-effective, while ultrasound demon-

strates inter-reader variability in qualitative steatosis assessment.21–24

In this study, we leveraged body composition analysis to uncover

imaging markers of metabolic dysfunction in the diabetic population.

We utilised electronic health record (EHR) data from participants

enrolled in the Penn Medicine BioBank (PMBB) to identify patients

with non-contrast abdominal CT scans and an associated haemoglobin

A1c (HbA1c) value of ≥6.5% as a diabetes diagnosis. Using machine

learning methods, we automated the analysis of certain abdominal

IDPs, including SHAD, liver volume (LV), spleen volume (SV), abdomi-

nal VAT, abdominal SAT and visceral-to-subcutaneous fat ratio (VSR).

We aim to quantify the differences in these IDPs between individuals

with and without type 2 diabetes, as well as explore the combined

associations of HS, abdominal fat distribution and hepatosplenic organ

size with the presence of type 2 diabetes.

2 | MATERIALS AND METHODS

2.1 | Institution

This study utilised data from the PMBB, a biomedical database con-

sisting of advanced imaging, biological samples and other EHR data

from over 250 000 patients within the University of Pennsylvania

Health System, a multi-hospital network headquartered in Philadel-

phia, PA. All enrolled patients provided informed consent for

researchers to access their EHR.

2.2 | Study cohort imaging data

From 1998 to 2019, 13 503 patients were identified that received

abdominal and pelvic CT scans designated by the appropriate Current

Procedural Terminology codes (Figure S1). Nine thousand one hun-

dred and forty-nine PMBB patients had abdominal CT scans that

yielded IDP values for hepatic and abdominal adiposity based on our

deep learning algorithm (discussed below). To associate a single SHAD

value to each patient, we first selected the image series within each
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CT examination that had the SHAD value closest to the median SHAD

of that entire exam. Of note, a patient can have multiple CT exams on

different dates, and each CT exam has multiple series. Then, we

grouped the data by PMBB identification number, which identified

each unique patient, and selected the study that had the greatest

SHAD value per patient. This was done in order to ensure the maxi-

mum degree of hepatic steatosis was captured for each patient.

Patients with SHAD values within �30 Hounsfield units (HU) and

30 HU were included. Certain exclusion criteria were applied

sequentially to obtain the patient population of interest (Figure 1). In

brief, missing and extraneous IDPs were removed. Patients with miss-

ing age values were removed. We used mapped phecodes, which are

disease phenotypes derived from the International Classification of

Diseases, Ninth Revision (ICD-9) (https://www.phewascatalog.org/

phecodes) to apply exclusionary criteria for certain diseases

(Figure S2).25 Additionally, those without HbA1c values within a year

of the CT study date were excluded from the analysis. For patients

with multiple HbA1c measurements within the 1-year window, the

F IGURE 1 Patient flowchart. Number of patients in
Penn Medicine BioBank with available quantified image
derived phenotypes related to hepatic and abdominal fat.
Patients with applicable phecodes (alcohol use disorder,
hepatitis and end-stage liver disease) were excluded from
the final analysis. CT, computed tomography; HbA1c,
haemoglobin A1c; IDPs, image-derived phenotypes; VSR,
visceral-to-subcutaneous ratio.
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value closest in time to the CT study was used. Patients with missing

demographic information (race, body mass index [BMI] and sex) were

excluded. VSR was calculated by dividing VAT by SAT. Patients with-

out VSR or outlier values were excluded. Patients with alcohol use

disorder, alcohol-related liver disease, end-stage liver disease and viral

hepatitis phecodes were excluded to remove potential confounders.

The final cohort comprised 1594 patients and data were collected for

age, sex, race/ethnicity, BMI, HbA1c and medication use (Figure 1).

Type 2 diabetes status was defined based on HbA1c values ≥6.5%

obtained within 1 year of the imaging study. Race and ethnicity were

included in the analysis to account for population-level differences in

BMI cutoffs for obesity.26,27 Patients with their ethnicity classified as

Hispanic or Latino were considered as another race cohort, indepen-

dent of race. Medication use was summarised descriptively to charac-

terise the cohort.

2.3 | Machine learning algorithm for adipose
quantification

A well-defined deep learning method that our group previously devel-

oped (Dice Score coefficients ranging from 0.92 to 1.00) was applied

for the segmentation and quantification of liver fat, liver and splenic

volume and abdominal adipose tissue.13,15,28,29 In short, axial abdomi-

nal CT scans that had high-pass filter kernel resolutions or those with

image slice thickness <2 mm were excluded to eliminate noise. Imag-

ing studies with <10 slices were excluded to avoid incomplete studies.

The applied deep learning method consists of three convolutional

neural networks (CNNs) (Figure 2): CNN1 identified non-contrast CTs,

as contrast bolus affects peak splenic and hepatic attenuation in a

time-dependent manner.30 CNN2 defined certain axial slices as the

abdominal compartment boundaries between the inferior thoracic

cavity and L5 vertebrae. Lastly, fully automated segmentation of the

liver (CNN3A), spleen (CNN3B) and delineation of abdominal SAT and

VAT were conducted (CNN3C). Liver, spleen, and abdominal SAT

and VAT cross-sectional areas were measured on each axial slice, with

their respective total volumes computed as the sum across slices

within the abdominal compartment, leading to LV, SV, abdominal VAT

volume and abdominal SAT volume. Liver and spleen mean attenua-

tion values (LMA and SMA, respectively) were determined from the

imaging scans to calculate SHAD, spleen attenuation minus liver

attenuation. A greater or more positive value for SHAD corresponds

with increased liver adiposity. We delineate HS through either a

LMA < 40 HU or a SHAD ≥ �1 HU. This value for SHAD has previ-

ously been found to represent the cutoff for mild HS, as the typical

SHAD cutoff of 10 HU is actually more concordant with the cutoff for

moderate–severe HS.21,31

2.4 | Statistical analysis

All statistical tests were done using R (R Core Team, version 4.3.1;

Foundation for Statistical Computing, Vienna, Austria). Patients were

considered as diabetic if their HbA1c level was greater than or equal

to 6.5%, while those that fell below this threshold were considered

nondiabetic. Demographic information was collected. Moreover, IDPs

F IGURE 2 Deep learning method for the segmentation and quantification of hepatic and abdominal adiposity. CNN1 identified non-contrast
from contrast computed tomography (CT) scans. CNN2 delineated the boundaries of the abdominal compartment. The third convolutional neural
network (CNN) simultaneously segmented the liver (CNN3A) (in pink), spleen (CNN3B) (in orange), and characterised visceral adipose tissue area
(in purple) from subcutaneous adipose tissue area (in yellow) (CNN3C). Hepatic steatosis was diagnosed if spleen-hepatic attenuation difference
was greater than �1 Hounsfield unit (HU) or liver mean attenuation was less than 40 HU.
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from abdominal CT, such as LMA, SMA, SHAD, VAT, SAT and VSR,

were determined. Hepatic steatosis prevalence in each cohort was

calculated. Differences in categorical variables (sex and race) between

cohorts were determined using the chi-square test of independence.

Differences in continuous variables (age, BMI, LMA, SHAD, VAT, SAT,

VSR, HS prevalence) were determined using a two-sided Wilcoxon

rank-sum test. Boxplots were created to compare IDP values with dia-

betes presence, stratified by sex. Multivariate regression analyses

were performed for the presence of type 2 diabetes, looking indepen-

dently at IDPs (SHAD, LV, SV, VAT, SAT and VSR). The model shown

below (Model 1) represents the six iterations of the regression ana-

lyses performed with each IDP, controlling for sex, age, BMI and race.

Odds ratios (ORs) were calculated from the multivariate analyses,

including the 95% confidence interval (CI). p-Values were adjusted

with Benjamini–Hochberg false discovery rate (BH-FDR) correction to

reduce type 1 error with the statistical significance threshold

of p < 0.05.

Model 1 : log
p DIS¼1ð Þ
p DIS¼0ð Þ¼ SEXþAGEþBMIþRACEþ IDP:

Additionally, regression analysis was performed using a second

model (Model 2), which combined the previously described IDPs into

a single multivariable model that can assess whether individual pheno-

types were independently associated with diabetes after accounting

for correlations among imaging measures. To allow for comparison of

effect sizes across the IDPs with different units, continuous variables

were standardised to a mean of zero and a standard deviation of one

for analysis in the combined multivariable model. In this model, stan-

dardised OR represents the change in odds of diabetes presence per

one standard deviation increase in each continuous variable. VSR was

used in the model in place of abdominal VAT and SAT to reduce multi-

collinearity while preserving information on the association between

fat distribution and diabetes presence.

Model2 : log
p DIS¼1ð Þ
p DIS¼0ð Þ¼ SEXþAGEþBMIþRACEþSHAD

þ SVþLVþVSR:

3 | RESULTS

3.1 | Patient cohort

Patients were dichotomised by the HbA1c threshold of 6.5%

(Table 1). No statistical significance was found between the

TABLE 1 Patient cohort
demographics.

Total (n = 1594) Nondiabetic (n = 950) T2DM (n = 644) p-Value

Age (years) 62 [52, 70] 62 [53, 69] 0.99

Sex (n [%]) 0.38

Male 461 (48.5) 327 (50.8)

Female 489 (51.5) 317 (49.2)

Race (n [%]) 4.02 � 10�7

White 618 (65.0) 327 (50.8)

Black 268 (28.2) 266 (41.3)

Asian/PI 18 (1.9) 20 (3.1)

Hispanic/Latino 22 (2.3) 16 (2.5)

Other 24 (2.5) 15 (2.3)

BMI (kg/m2) 29.3 [25.4, 34.7] 31.2 [27.2, 36.5] 3.15 � 10�7

HbA1c (%) 5.7 [5.4, 6.0] 7.6 [6.9, 9.1] <2.2 � 10�16

Medications (n [%])

Metformin 144 (15.2) 282 (43.8) <2.2 � 10�16

Sulfonylureas 44 (4.6) 134 (20.8) <2.2 � 10�16

GLP-1 agonists 29 (3.1) 73 (11.3) 6.75 � 10�11

SGLT2 inhibitors 7 (0.7) 35 (5.4) 2.31 � 10�8

TZDs 13 (1.4) 22 (3.4) 1.03 � 10�2

Note: The demographic characteristics of included patients from the Penn Medicine BioBank. Age, sex,

HbA1c are arranged as median [Q1, Q3]. Sex and race are organised as sample size (percentage).

p-Values for continuous variables (age, BMI) were calculated using a Wilcoxon rank-sum test and for

categorical variables (sex, race) using a chi-square test of independence to determine statistically

significant differences between the ‘Nondiabetic’ and ‘T2DM’ groups.
Abbreviations: BMI, body mass index; GLP-1, glucagon-like peptide-1; HbA1c, haemoglobin A1c;

PI, Pacific Islander; SGLT2, sodium-glucose cotransporter 2; T2DM, type 2 diabetes mellitus;

TZD, thiazolidinediones.
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nondiabetic and diabetic cohorts for age (62 vs. 62 years, p = 0.99) or

sex (48.5% male vs. 50.8% male, p = 0.38). The diabetic cohort exhib-

ited greater racial diversity; the percentage of Black patients was

greater for the type 2 diabetes group than the nondiabetic counter-

part (41.3% vs. 28.2%, p = 4.02 � 10�7), while the percentage of

White patients was lower for the type 2 diabetes group (50.8%

vs. 65.0%). Patients with type 2 diabetes had a higher BMI than

patients without diabetes (31.2 vs. 29.3 kg/m2, p = 3.15 � 10�7).

Patients with type 2 diabetes also had a higher median HbA1c value

than patients without diabetes (5.7% vs. 7.6%, p < 2.2 � 10�16). Addi-

tionally, proportions of patients using select medication classes were

found to be significantly higher in diabetic patients: metformin (43.8%

vs. 15.2%, p < 2.2 � 10�16); sulfonylureas (20.8% vs. 4.6%,

p < 2.2 � 10�16); glucagon-like peptide-1 agonists (11.3% vs. 3.1%,

p = 6.75 � 10�11); sodium-glucose cotransporter 2 inhibitors (5.4%

vs. 0.7%, p = 2.31 � 10�8); and thiazolidinediones (3.4% vs. 1.4%,

p = 1.03 � 10�2).

Hepatic and abdominal IDPs were quantified and stratified based

on type 2 diabetes diagnosis (Table 2). Both SV (0.19 L vs. 0.18 L,

p = 2.67 � 10�2) and LV (1.74 L vs. 1.58 L, p = 5.02 � 10�8) were

larger in the type 2 diabetes patient cohort than in the nondiabetes

cohort. LMA for diabetics was lower than for nondiabetics (47.0

vs. 50.9 HU, p = 1.36 � 10�10), as well as SMA (43.2 vs. 44.3 HU,

p = 2.67 � 10�2). SHAD was greater in diabetics (�4.49 vs. –

6.88 HU, p = 1.34 � 10�8). The presence of HS was greater in the

diabetic cohort (41.8% vs. 27.7%, p = 4.85 � 10�9). The VAT volume

(3.45 vs. 2.53 L, p = 3.12 � 10�12) and VAT area (190.82

vs. 148.71 cm2, p = 1.01 � 10�10), as well as SAT volume

(5.43 vs. 4.47 L, p = 7.39 � 10�7) and SAT area (297.76

vs. 258.06 cm2, p = 2.83 � 10�5) were greater in diabetic patients.

VSR was higher in patients with type 2 diabetes (0.62 vs. 0.55,

p = 1.69 � 10�3).

These trends generally held when stratifying by sex (Figure S3), as

women with diabetes showed significantly higher SHAD (�4.99 vs. –

7.97 HU, p = 8.62 � 10�5), VSR (0.43 vs. 0.36, p = 3.41 � 10�4),

VAT (2.66 vs. 2.01 L, p = 1.92 � 10�8), SAT (6.23 vs. 5.16 L,

p = 9.14 � 10�4) and LV (1.57 vs. 1.42 L, p = 2.44 � 10�6) than

women without diabetes, and men with diabetes showed significantly

higher SHAD (�4.15 vs. –5.64 HU, p = 1.61 � 10�4), VAT (4.37

vs. 3.46 L, p = 8.32 � 10�7), SAT (4.98 vs. 3.81 L, p = 2.63 � 10�5)

and LV (1.87 vs. 1.74 L, p = 1.92 � 10�3) than men without diabetes.

However, VSR values between diabetic and nondiabetic males, as well

as SV values between diabetic and nondiabetic males and females

were nonsignificant. Between the sexes, median SHAD (�4.15

vs. �4.99 HU, p = 4.05 � 10�1), VSR (0.93 vs. 0.43, p < 2.2 � 10�16),

VAT (4.37 vs. 2.66 L, p < 2.2 � 10�16), LV (1.87 vs. 1.57 L,

p = 3.84 � 10�9) and SV (0.23 vs. 0.16 L, p = 3.82 � 10�11) were sig-

nificantly higher among male diabetics, while abdominal SAT (6.23

vs. 4.98 L, p = 9.55 � 10�8) volume was significantly higher in female

diabetics.

3.2 | Multivariate analysis

The multivariate analyses examined ORs of hepatic and abdominal

IDPs with type 2 diabetes presence, controlling for age, sex, race and

TABLE 2 Imaging derived phenotype
(IDP) values using computed tomography
from the patient cohort.

Total (n = 1594) Nondiabetic (n = 950) T2DM (n = 644) p-Value

Hepatic IDP values

LMA (HU) 50.9 [44.0, 56.6] 47.0 [39.3, 54.3] 1.36 � 10�10

SMA (HU) 44.3 [39.1, 48.0] 43.2 [37.6, 47.8] 2.67 � 10�2

SHAD (HU) �6.88 [�12.0, �1.47] �4.49 [�10.1, 2.53] 1.34 � 10�8

HS prevalence (n [%]) 263 (27.7) 269 (41.8) 4.85 � 10�9

LV (L) 1.58 [1.30, 1.94] 1.74 [1.41, 2.12] 5.02 � 10�8

SV (L) 0.18 [0.12, 0.26] 0.19 [0.12, 0.28] 2.67 � 10�2

Abdominal fat IDP values

VAT volume (L) 2.53 [1.33, 4.06] 3.45 [2.04, 5.02] 3.12 � 10�12

SAT volume (L) 4.47 [2.78, 7.15] 5.43 [3.54, 7.83] 7.39 � 10�7

VAT area (cm2) 148.71 [91.26, 227.26] 190.82 [124.16, 272.0] 1.01 � 10�10

SAT area (cm2) 258.06 [175.08, 390.40] 297.76 [207.92, 428.26] 2.83 � 10�5

VSR 0.55 [0.34, 0.89] 0.62 [0.39, 0.97] 1.69 � 10�3

Note: LV, SV, SMA, LMA, SHAD, VAT, SAT and VSR are arranged as median [Q1, Q3]. HS prevalence for

each group is formatted as sample size (percentage), where SHAD ≥�1 HU or LMA < 40 HU is classified

as a HS diagnosis. p-Values were calculated using a Wilcoxon rank-sum test to determine statistically

significant differences between the ‘Nondiabetic’ and ‘T2DM’ groups and were corrected using

Benjamini–Hochberg false discovery rate correction for multiple testing.

Abbreviations: HS, hepatic steatosis; HU, Hounsfield unit; LMA, liver mean attenuation value; LV, liver

volume; SAT, subcutaneous adipose tissue; SHAD, spleen-hepatic attenuation difference; SMA, spleen

mean attenuation value; SV, spleen volume; T2DM, type 2 diabetes mellitus; VAT, visceral adipose tissue;

VSR, visceral-to-subcutaneous fat volume ratio.
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BMI (Table 3). When examining the IDPs specifically, all except

abdominal SAT were independently associated with diabetes: SHAD

(OR 1.04, 95% CI [1.02–1.05]); LV (OR 1.63, 95% CI [1.31–2.04]); SV

(OR 4.53, 95% CI [1.89–10.99]); VAT (OR 1.24, 95% CI [1.17–1.33]);

and VSR (OR 2.87, 95% CI [1.96–4.20]).

The analysis using the combined model for multiple abdominal

IDPs (Figure S4) yielded independent associations for SHAD (OR 1.03,

95% CI [1.02–1.04]), LV (OR 1.36, 95% CI [1.07–1.74]) and VSR

(OR 2.36, 95% CI [1.60–3.49]). SV was no longer independently asso-

ciated with type 2 diabetes presence after controlling for hepatic and

abdominal fat distribution IDPs (OR 1.86, 95% CI [0.70–4.90]). When

the continuous predictors in the model were standardised, VSR

(OR 1.40, 95% CI [1.20–1.63]) exhibited a larger association with dia-

betes presence than BMI, LV, SV and SHAD.

Even after removing BMI from the multivariate analyses

(Figure S5), all of the IDPs were associated with diabetes: SHAD

(OR 1.04, 95% CI [1.03–1.05]); LV (OR 1.80, 95% CI [1.47–2.20]); SV

(OR 6.36, 95% CI [2.71–15.12]); VAT (OR 1.24, 95% CI [1.17–1.30]);

SAT (OR 1.06, 95% CI [1.03–1.10]); and VSR (OR 2.73, 95% CI

[1.87–3.99]).

4 | DISCUSSION

In this study, we applied an automated machine learning algorithm to

imaging and clinical data from a tertiary-care academic biobank

to characterise hepatic and abdominal adiposity patterns in patients

with and without type 2 diabetes. Our results demonstrate robust

associations on CT scans between various metrics associated with

abdominal obesity-related features, including HS, hepatosplenomegaly

and the overall distribution of abdominal adipose tissue, with the

presence of type 2 diabetes. Prior studies have examined the relation-

ship of individual image-derived abdominal adipose values with type

2 diabetes, which limits the ability to compare the relative contribu-

tion of different fat compartments or organ characteristics to disease

presence.14–16,18 Our study uses an integrative approach to simulta-

neously evaluate these abdominal IDPs on a large-scale basis, which

enables a comprehensive assessment of metabolic imaging features

and their relative contributions to the presence of type 2 diabetes.

Among abdominal adiposity values, abdominal VAT and VSR have

the strongest associations with type 2 diabetes presence, holding BMI

constant. Because BMI does not delineate body fat distribution and

muscle mass,32,33 VSR and VAT may serve as alternative metrics for

obesity and better reflect the relationship of abdominal obesity to

type 2 diabetes.34–37 VSR exhibited a stronger association with type

2 diabetes presence than BMI in the standardised combined regres-

sion, which supports the notion that fat distribution conveys informa-

tion beyond overall adiposity.38,39 Even after removing BMI from the

regression, VSR still has an independent association with diabetes,

suggesting that VSR captures a unique aspect of type 2 diabetes.40 In

contrast, abdominal SAT volume was not associated with diabetes

presence in models with BMI adjustment; however, the association

was observed after BMI was excluded from the model, likely reflecting T
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collinearity between BMI and abdominal SAT volume. Previous stud-

ies have found that SAT's relationship with diabetes is nuanced, with

some evidence indicating that the specific location of SAT may even

provide some protective effect against development of the dis-

ease.36,41,42 Further research is necessary to comprehend the complex

relationship between abdominal SAT and diabetes.

Hepatic steatosis, quantified through SHAD, was also strongly

associated with diabetes presence in our cohort.43 While a SHAD of

10 HU is widely used by radiologists as the cutoff for moderate-

to-severe HS, �1 HU has been histologically proven to coincide with

at least mild steatotic liver disease.31 By redefining the parameters of

HS to make it more sensitive, we captured a larger proportion

of patients with more mild degrees of HS and showed its association

with type 2 diabetes. Moreover, the observed associations between

diabetes and increased liver and SVs highlight how metabolic dysfunc-

tion and fatty infiltration can manifest as detectable structural organ

changes on imaging.16,18 The relationship between SV and type 2 dia-

betes has been relatively understudied18,19; here we demonstrate that

SV is independently correlated with type 2 diabetes presence on CT,

but the effect does not persist after controlling for hepatic and

abdominal adiposity. Prior MRI-based studies have found larger SVs in

type 2 diabetes patients, but SV is not independently associated with

the disease after controlling for liver-related factors, supporting the

interpretation that splenic changes are secondary to hepatic manifes-

tations rather than directly interconnected to type 2 diabetes.44,45

Beyond these associations, the methodology used in this study

has important implications for clinical research. Opportunistic and

automated analysis of CT imaging allows for the large-scale extraction

of metabolic risk factors without presenting additional cost, time for

manual quantification or patient burden.8,12 Prior CT-based studies

have quantified various data such as bone mineral density, aortic cal-

cium and skeletal muscle mass to predict metabolic syndromes and

cardiovascular disease.46–48 By combining EHR clinical data, such IDPs

may support population-level type 2 diabetes risk stratification and

enable future studies to predict disease progression or incident

diabetes.47,49,50

This study has several strengths, such as the racial diversity of the

PMBB patient population, although some racial cohorts had small

sample sizes (such as Asian/Pacific Islander and Hispanic/Latino). Also,

the biobank data is taken from patients who have diseases, whereas

the UK Biobank consists mainly of healthy participants.51 While the

biobank's patient data is skewed to the geographic and demographic

characteristics of southeastern Pennsylvania and New Jersey,52 it

does include patients from multiple hospitals and clinics in urban, sub-

urban and rural settings. A limitation of this study was the use of one

CT scan to be representative of the patient. Although we could define

associations between adiposity and diabetes, given the study's cross-

sectional design, we were unable to determine a causal relationship of

these IDPs to the onset of diabetes or track disease pathogenesis

across CT scan dates. Lastly, the use of phecodes to infer certain con-

ditions presented some challenges since phecodes can imperfectly

distinguish or group certain phenotypes.53 The use of HbA1c values

within 1 year of the abdominal CT scan to define diabetes status,

rather than phecodes, improves temporal relevance as phecodes may

reflect historical diagnoses or incomplete coding at the date of CT

acquisition. Multi-centre observational longitudinal studies that exam-

ine abdominal IDPs over consecutive abdominal CT scans can provide

insight into how hepatic and abdominal fat distribution changes influ-

ence diabetes progression.

In future research, we hope to further elucidate the relationship

between diabetes incidence, HS and abdominal fat distribution. A

Korean study determined the VSR cutoff for men and women for pre-

dicting the incidence of type 2 diabetes, but no study has been done

yet in America, which is more heterogeneous.35,40 VSR holds promise

as a metric to more accurately describe abdominal obesity and adipos-

ity, and we hope to see it calculated and employed within clinical

practice soon. Moreover, incorporation of the nutritional data of this

patient population can provide insight into how diet and dietary modi-

fications influence abdominal adiposity and disease aetiology.54 Cur-

rent research is underway to explore how diet can cause changes in

imaging before clinical manifestations occur.55

In summary, HS, obesity and diabetes are interlinked findings, and

their mild presentations potentially can serve as harbingers for more

severe, even life-threatening disease.1,3,38 By applying artificial intelli-

gence and using EHR data to characterise the relationship of IDPs

with diabetes, we have confirmed and established novel associations

that serve as a high-level overview to encourage future inquiry into

how adiposity is related to diabetes mellitus. This study presents a

scalable framework for the use of machine learning to capture IDPs in

a diabetic population to catalyse translational science.
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