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Abstract
Objectives To identify CT markers for screening of early type 2 diabetes and assessment of the risk of incident diabetes using a
radiomics method.
Methods The medical records of 26,947 inpatients were reviewed. A total of 690 patients were selected and allocated to a
primary cohort, a validation cohort, and a prediction cohort and used to build prediction models for diabetes. Three radiomics
signatures were constructed using CT image features extracted from three regions of interest, i.e., in the pancreas, liver, and psoas
major muscle. By incorporating radiomics signatures and other markers, we built a radiomics nomogram that could be used to
screen for early diabetes and predict future diabetes.
Results Of the three abdominal organs for which radiomics signature were constructed, that of the pancreas showed the best
discriminatory power for early diabetes screening and prediction (C-statistics of 0.833, 0.846, and 0.899 for the primary cohort,
validation cohort, and prediction cohort, respectively). The sensitivity and specificity of the nomogram for prediction of 3-year
incident diabetes were 0.827 and 0.807, respectively.
Conclusions This study presents alternative radiomics markers that have potential for use in screening for undiagnosed type 2
diabetes and prediction of 3-year incident diabetes.
Key Points
• CT images may provide useful information to evaluate the risk of developing diabetes.
• Radiomics score for diabetes prediction is based on subtle changes of abdominal organs detected by CT.
• The radiomics signature of pancreas, a combination of five features of CT images, is efficient for early diabetes screening and
prediction of future diabetes (AUC> 0.8).
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Abbreviations
AAT Abdominal adipose tissue
CI Confidence interval

CT Computed tomography
LASSO Least absolute shrinkage and selection operator
MRI Magnetic resonance imaging
ROC Receiver-operating characteristic
ROI Region of interest
SAT Subcutaneous adipose tissue
VAT Visceral adipose tissue

Introduction

The complications of diabetes have led to significant increases
in the morbidity associated with the disease [1, 2]. Lifestyle
changes and timely medical intervention are thought to be the
most effective ways of reducing the risk [3]. Recent studies
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have demonstrated a high proportion of undiagnosed diabetes
worldwide [4–6]. Moreover, the current methods used to di-
agnose type 2 diabetes, such as the oral glucose tolerance test
and hemoglobin A1C level measurement, may not be satisfac-
tory for mass screening [7]. Therefore, there is a need to de-
velop new methods for both early detection and risk assess-
ment of the disease. However, although a number of studies
have assessed the ability of various measures to predict the
development of type 2 diabetes [8–14], the discriminative
power of these studies has been limited.

Type 2 diabetes is a metabolic syndrome that starts with
insulin resistance [15]. Obesity, especially abdominal obesity,
is the major risk factor for insulin resistance [16]. Both viscer-
al (VAT) and subcutaneous (SAT) adipose tissues contribute to
abdominal obesity. Previous studies suggested that VAT or
VAT/SAT was a unique risk factor for metabolic disease and
associated with insulin resistance [17–21]; however, the pre-
dictive value still needs more investigation. Furthermore, an
abnormality of lipid metabolism manifesting as hyperlipid-
emia and ectopic lipid deposition in the abdominal organs
occurs before the onset of type 2 diabetes [22] and is closely
related to insulin resistance and islet β cell dysfunction [23].
Therefore, direct detection of structural changes, such as lipid
deposition in target abdominal organs, could be an effective
approach for acquiring important information when evaluat-
ing the risk of diabetes.

Pathological changes in the abdominal organs can be eval-
uated by radiological methods, such as CT and MRI [24]. The
radiomics method is expected to overcome the limitation of
visual assessment of images that provide little information
about histogram and texture features in a region of interest
(ROI) [25–27]. This technique has had considerable success
for the diagnosis and assessment of tumors [28–30].

Therefore, it is reasonable to hypothesize that the patholog-
ical structural alterations in the abdominal organs related to
incident diabetes could be detected using new radiological
methods. Similarly, findings on medical imaging might also
provide information on the risk of developing diabetes. The
aim of this study was to identify imaging markers and develop
a model for both diagnosis of early diabetes and prediction of
future diabetes by combining abdominal CT images and
radiomics methods.

Materials

Ethical approval (No. 2017ZDKYSB086) was obtained from
the Institutional Ethics Committee of Zhongda Hospital,
Medical School of Southeast University (Nanjing, China),
and the requirement for informed consent was waived. All
patients enrolled in the study had been hospitalized at our
institution.

Subjects

Three groups of patients were enrolled. The first group
consisted of patients who were either newly diagnosed with
type 2 diabetes or had had this diagnosis for less than 3 years.
The second group consisted of control subjects who did not
have diabetes and had normal blood glucose levels. The third
group was an additional prediction group that consisted of
patients who did not have diabetes and had normal blood
glucose levels but were diagnosed with type 2 diabetes within
1 to 3 years. Data for the patient inclusion and exclusion
criteria (Appendix A1), screening process (Appendix A2),
disease composition (Figure S5), and incomplete fasting plas-
ma glucose levels (Appendix A2) are shown in the
Supplemental materials.

The study was logically divided into three parts. In the first
part, a retrospective case-control study was performed to iden-
tify imaging markers for early diabetes. A primary cohort
comprising patients with early diabetes and non-diabetic con-
trols was used to develop three radiomics signatures corre-
sponding to the pancreas, liver, and psoas major muscle for
classification of early diabetes. An independent validation co-
hort was used to determine the discrimination performance of
these radiomics signatures. The second part was a retrospec-
tive cohort study. A prediction cohort comprising pre-diabetic
patients (not patients with pre-diabetes, see Appendix A2) and
non-diabetic controls was established to perform a second
validation to determine whether these radiomics signatures
were able to predict future diabetes. Finally, the radiomics
signatures were combined with other information to build a
nomogram for diagnosis of early diabetes and prediction of
future diabetes. Patients who were hospitalized in our institu-
tion from January 2007 to November 2013 were enrolled as
the primary cohort and those hospitalized from December
2013 to December 2016 were enrolled as the validation co-
hort. The prediction cohort comprised patients hospitalized
from January 2007 to November 2013. The non-diabetic con-
trols were randomly selected and matched with the patients
who had early diabetes in the primary cohort in terms of age,
sex, and CT scan date using the propensity score matching
method [31].

CT image acquisition, retrieval procedure,
and radiomics feature extraction methodology

All CT images were retrieved in DICOM format from the
institutional archives. Three ROIs were delineated around
the pancreas, liver, and psoas major muscle in the slice show-
ing the maximum cross-section (Fig. 1).

A texture analysis was performed on the images of target
organs using in-house texture analysis software with algo-
rithms implemented in MATLAB 2012b (Mathworks). In to-
tal, 160 imaging features derived from the category of
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histogram and the gray-level co-occurrence matrix were ex-
tracted from one ROI on the CT image with or without an
image filtering process (Laplacian of Gaussian spatial band-
pass filter) for each subject. The details concerning the extrac-
tion of the imaging features are provided in the Supplemental
materials (Appendix A3). Some studies reported that CT im-
aging parameters including voxel size and slice thickness sig-
nificantly affect radiomics features extracted using quantita-
tive algorithms [32, 33], so we extracted the imaging param-
eters and compared them between groups within each of the
three cohorts.

Calculation of fat distribution parameters

One abdominal slice located at the level of the L5 vertebra
was selected for analysis for each subject. The waist cir-
cumference (cm) of each subject was measured on this CT
image slice using the ImageJ software. The area of adipose
tissue (AAT, cm2), visceral adipose tissue (VAT, cm2), and
subcutaneous adipose tissue (SAT, cm2) were measured for
each patient also using ImageJ software, and the VAT/SAT
ratio was then calculated (Fig. 1).

Selection of features and building the radiomics
signatures

The number of CT scans for pre-diabetic patients that met the
inclusion criteria was too small for a cross-validation analysis,
so we attempted to find an indirect way of building a model
for prediction of diabetes. Firstly, we identified radiomics
markers and built a logistic regression model for detection of
early diabetes and then attempted to determine whether these
markers and the model could predict future diabetes.

Least absolute shrinkage and selection operator (LASSO)
and 10-fold cross-validation methods were used to reduce the
dimensions of the data and to select the most predictive fea-
tures. All imaging features for the three organs were selected
to build three separate LASSO regression models. Three
radiomics scores (Rad scores, value of radiomics signature)
corresponding to the LASSO analyses were calculated for
each patient using a linear combination of selected features
that were weighted by their respective coefficients.

The Harrell C-index values (C-statistics) for the Rad scores
in the three cohorts were calculated to evaluate the discrimi-
nation performance of the three radiomics signatures [34]. A
C-index value of 0.5 indicates that the information is of no

Fig. 1 ROI drawing and fat distribution parameters calculating
procedure. Upper panel: representative illustrations of ROI drawing on
different abdominal organs. The purple area represents the area of ROI. a
ROI of pancreas; bROI of the liver; and cROI of psoasmajormuscle. All
the ROIs were delineated by two radiologists (with 5 years and 3 years of
experience in abdominal CT images) blinded to the case/control status.
Two sets of features extracted from the ROIs delineated by the two
radiologists were used to test the stability of the radiomics features. The
features extracted from ROIs delineated by the radiologist with 5-year

experience were used for further analysis. Focal lesions or abnormal
intensity were carefully avoided so as not to be included in the ROI.
Bottom panel: representative illustrations of fat distribution parameters
and waist circumference. By setting the gray-level threshold between
-190 and -30 HU, the adipose tissue was segmented automatically, and
the area parameter was measured. The area of SATandVATwasmanually
separated and measured by two radiologists with 3-year experience. d
adipose tissue (red); e subcutaneous adipose tissue (red) and visceral
adipose tissue (yellow); and f waist circumference (length of yellow line)
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predictive value while a value close to 1 indicates a perfectly
predictive information. Finally, the data from the primary co-
hort, including age, sex, waist circumference, the Rad score
for each of the three abdominal organs, and the fat distribution
parameters, were used to develop a multivariable logistic re-
gression model and build a radiomics nomogram based on
multivariable logistic analysis (Supplemental materials,

Appendix A4). The discrimination performance of the nomo-
gram was also validated in the three cohorts.

Statistical analysis

The statistical analysis was conducted using SPSS version
19.0 software (IBM Corp.) and R version 3.0.1 software.

Table 1 Characteristics of patients in the primary and validation cohorts

Characteristic Primary cohort Validation cohort

Diabetes (n = 198) Non-diabetes (n = 198) p value Diabetes (n = 95) Non-diabetes (n = 95) p value

Age, years 63.67 ± 11.18 63.57 ± 11.16 0.938 65.30 ± 10.32 65.21 ± 10.48 0.945

Sex, n (%) 0.919 0.719

Male 118 (59.6) 117 (59.1) 45 (47.4) 43 (45.3)

Female 80 (40.4) 81 (40.9) 50 (52.6) 52 (54.7)

Radiomics score

Pancreas ROI 0.55 (-0.02, 1.27) -0.58 (-1.16, -0.21) < 0.001 0.77 (0.29, 1.41) -0.45 (-1.00, 0.08) < 0.001

Liver ROI 0.12 (-0.18, 0.57) -0.22 (-0.63, 0.15) < 0.001 0.05 (-0.34, 0.62) -0.38 (-0.77, 0.13) < 0.001

Psoas major ROI 0.05 (-0.09, 0.18) -0.08 (-0.20, 0.08) < 0.001 0.10 (-0.02, 0.26) -0.05 (-0.17, 0.14) < 0.001

Waist circumference, cm 94.52 ± 10.68 89.93 ± 11.05 < 0.001 96.59 ± 10.50 89.98 ± 9.78 < 0.001

AAT, cm2 364.33 ± 129.62 304.50 ± 127.86 < 0.001 391.21 ± 144.98 314.79 ± 112.52 < 0.001

SAT, cm2 195.18 ± 86.11 162.17 ± 76.55 < 0.001 207.08 ± 98.02 171.04 ± 70.42 0.004

VAT, cm2 169.16 ± 63.77 142.31 ± 67.82 < 0.001 184.13 ± 71.00 143.75 ± 62.20 < 0.001

VAT/SAT 0.96 ± 0.40 0.96 ± 0.43 0.896 0.99 ± 0.45 0.92 ± 0.40 0.228

The radiomics scores are presented as themedian (interquartile range) and the other data are presented as themean ± standard error of the mean except for
the patient sex data. Patient age and sex were balanced using propensity score matching

AATarea of abdominal adipose tissue, ROI region of interest, SATarea of subcutaneous abdominal adipose tissue, VATarea of visceral abdominal adipose
tissue, VAT/SAT ratio of VAT to SAT

Table 2 Characteristics of
patients in the prediction cohort Prediction cohort

Characteristic Patients with pre-diabetes (n = 52) Patients with no diabetes (n = 52) p value

Age, mean ± SD, years 63.63 ± 11.37 63.17 ± 9.95 0.826

Sex, n (%) 0.838

Male 33 (63.5) 34 (65.4)

Female 19 (36.5) 18 (34.6)

Radiomics score

Pancreas ROI 0.47 (0.01, 0.76) -0.39 (-0.64, -0.12) < 0.001

Liver ROI 0.01 (-0.11, 0.28) -0.04 (-0.31, 0.17) 0.145

Psoas major ROI 0.16 (-0.25, 0.67) -0.24 (-0.60, 0.30) 0.004

Waist circumference, cm 96.38 ± 12.02 91.62 ± 11.78 0.044

AAT, cm2, 398.12 ± 142.55 326.64 ± 136.58 0.010

SAT, cm2, 215.88 ± 91.17 180.15 ± 87.08 0.044

VAT, cm2 182.24 ± 70.23 146.48 ± 71.46 0.012

VAT/SAT 0.90 ± 0.30 0.91 ± 0.38 0.917

The radiomics scores are presented as the median (interquartile range) and the other data are presented as the mean
± standard error of the mean, except for the patient sex data. Age and sex were balanced using propensity score
matching

AAT area of abdominal adipose tissue, ROI region of interest, SAT area of subcutaneous abdominal adipose tissue,
VAT area of visceral abdominal adipose tissue, VAT/SAT ratio of VAT to SAT
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The Student’s t test or the Mann-Whitney U test was used to
compare continuous variables and the χ2 test was used to
compare categorical variables. Two packages (glmnet and
rms) in R were used in this study. The reported statistical
significance levels are all two-sided, with statistical signifi-
cance set at 0.05.

Results

Characteristics of patients

Six hundred ninety patients were selected from a total of
26,947 consecutive inpatients in the institutional database.
The characteristics of the patients in the three cohorts are
shown in Tables 1 and 2. The group with diabetes had a higher
waist circumference and larger areas of abdominal adipose
tissue (AAT), VAT, and SAT than the non-diabetic controls
in all three cohorts (all p < 0.05); however, there was no sig-
nificant difference in the VAT/SAT ratio between the patients
with diabetes and the controls. There were differences in some

of the CT imaging parameters in the first two cohorts, but not
in the prediction cohort (Appendix Tables 2 and 3).

Selection of features and building a radiomics
signature

Three LASSO logistic regression models corresponding to the
imaging features of the different ROIs were built. The Rad
scores for the three ROIs were significantly different between
the groups in the primary and validation cohorts (Tables 1 and
2, all p < 0.001). The formula used to calculate the Rad score is
described in the Supplemental materials (Appendix A5–A7).

Diagnostic validation of the radiomics signature

The radiomics signature built from the features of the ROI in
the pancreas yielded a C-index of 0.833 in the primary cohort
and 0.846 in the validation cohort (Table 2). The radiomics
signature of the ROI in the liver yielded a C-index of 0.697 in
the primary cohort and 0.687 in the validation cohort. The
radiomics signature of the ROI in the psoas major muscle

Fig. 2 Receiver-operating
characteristic curves for the
different parameters in the three
cohorts. a The AUC for the
radiomics signatures of the
pancreas, liver, and psoas major
in the primary cohort. b The AUC
for the radiomics signatures of the
pancreas, liver, and psoas major
in the validation cohort. c The
AUC for the radiomics signatures
of the pancreas, liver, and psoas
major in the prediction cohort. d
The AUC for the filtered mean
(Laplacian of Gaussian, sigma =
1.5) within pancreas ROI, original
mean (without spatial filter
process) within pancreas ROI,
waist circumference, SAT, and
VAT in the primary cohort. AUC,
area under the curve; SAT,
subcutaneous adipose tissue;
VAT, visceral adipose tissue
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had a C-index of 0.640 in the primary cohort and 0.697 in the
validation cohort. The receiver-operating characteristic (ROC)
curves for the radiomics signatures in the three cohorts are
shown in Fig. 2. A representative image showing the diagnos-
tic ability of the radiomics signature in the pancreas is shown
in Fig. 3.

Prediction validation of the radiomics signature

The radiomics signature built from the features of the ROI in
the pancreas yielded a C-index of 0.899 in the prediction co-
hort. In the model for the ROI in the liver, the radiomics
signature only reached a C-index of 0.604 in the prediction
cohort. The radiomics signature for the ROI in psoas major
reached a C-index of 0.607 in the prediction cohort. Mindful
that propensity score matching in validation and prediction
cohorts could also be a confounding factor, we randomly

selected another 147 control subjects with real distribution
of patients (95 for the validation cohort and 52 for the predic-
tion cohort, without matching process). The discriminatory
power of the radiomics signature was comparable in the new
cohorts to that in the matched cohorts. The C-index values for
the radiomics signatures in the new cohorts are shown in
Appendix Table 4. The characteristics of these new patients
are listed in Appendix Tables 5 and 6.

Diagnostic and predictive value of the other markers

Only five of the 160 imaging features in the radiomics signa-
ture of the ROI in the pancreas remained as potential predic-
tors. The discrimination performance of each feature was
assessed after LASSO regression analysis (Appendix
Table 7). We found that the mean of pancreas image filtered
by a Laplacian of Gaussian spatial band-pass filter
(mean_15_0, Appendix A3) had the highest discrimination
accuracy. This single feature reached a C-index of 0.824,
0.822, and 0.911 in the primary cohort, validation cohort,
and prediction cohort, respectively. We then tested the dis-
criminatory power of the original mean CT value for the
ROI in the pancreas without using the filtering process. The
C-index of the mean CT value was only 0.695, 0.760, and
0.638 in the primary cohort, validation cohort, and prediction
cohort, respectively (Table 3). The ROC curves for these two
parameters and fat distribution parameters in the primary co-
hort were illustrated in Fig. 2d.

Development of an individualized diagnostic
and prediction model

The radiomics signatures of the pancreas and liver were iden-
tified as independent predictors of a diagnosis of early diabe-
tes after adjusting for the other predictors without imaging
parameters (Table 4). A nomogram that incorporated the two
predictors was developed and is shown in Fig. 4. The Hosmer-
Lemeshow test yielded a nonsignificant statistic (p = 0.273),
suggesting that there was no departure from a perfect fit. The
C-index of the nomogram was 0.857 in the primary cohort.

The Hosmer-Lemeshow test yielded a nonsignificant sta-
tistic (p = 0.243 and p = 0.923 in the validation cohort and the
prediction cohort, respectively), and the C-index of the nomo-
gram was 0.878 in the validation cohort and 0.882 in the
prediction cohort. The sensitivity and specificity of the nomo-
gram reached 0.827 and 0.807 in the prediction cohort.
Satisfactory calibration was observed in the three cohorts
(Figure S3). The CT imaging parameters were added to the
final logistic regression model for further analysis but had
little impact on the discrimination performance (Appendix
Table 8).

Fig. 3 Representative image of distinction between patients with early
diabetes and non-diabetic controls using the radiomics score for the pan-
creas. a and b are CT images of a patient with early diabetes and a non-
diabetic control with a large difference in the CT attenuation of the pan-
creas. c and d are images of another patient with early diabetes and a non-
diabetic control in whom the CT attenuation of the pancreas does not
show any apparent difference. However, the radiomics score for the pan-
creas can easily classify the early patients with diabetes and the non-
diabetic controls in both situations. Note that Rad score of the pancreas
can also recognize patients who were about to get diabetes. CT, computed
tomography
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Discussion

By comparing the results of three radiomics signatures based
on different abdominal organs, we found that the radiomics
signature of a ROI in the pancreas was most discriminant both
for early diabetes screening and future diabetes prediction. We
then developed and validated a radiomics signature–based
nomogram for early diabetes screening and prediction of
3-year incident diabetes. The discriminatory power of the no-
mogram was slightly improved in the three cohorts. The nomo-
gram also had an acceptable calibration so that the patients
could be successfully stratified by the nomogram based on their
risk of developing diabetes. To the best of our knowledge, this
study is not only the first one to use a radiomics method to
detect the development of type 2 diabetes but also the only
study to predict future diabetes based on imaging.

A very optimistic discriminatory performance can be
achieved using the mean value of the filtered image of pan-
creas. There were two reasons for the difference in intensity of

the filtered image of pancreas between diabetic patients and
the non-diabetic controls. Fatty infiltration not only lowered
the CT attenuation but also blurred the texture features of the
pancreas. Also, the contrast of the image of the pancreas be-
tween these two groups was greatly enhanced by the
Laplacian filter, which highlights regions of rapid intensity
change and is used for edge (texture) detection.
Consequently, the difference in intensity between the fatty
pancreas and normal pancreas was further enlarged. Without
the image filtering process, the original mean value of the
pancreas could only yield a low C-index in the three cohorts.
Therefore, this study revealed that the changes in texture fea-
tures in the pancreas were more sensitive than CT measure-
ment of attenuation in a pre-diabetic or diabetic environment.
Some imaging studies found that a fatty pancreas was associ-
ated with insulin resistance and β cell dysfunction [23–25].
Others conversely found that fat content of the pancreas was
not related to either diabetes or insulin resistance [35, 36]. A
high pancreatic fat content does not seem to be necessarily

Table 3 Diagnostic characteristics of different predictors

Characteristic Feature number Selected features Primary cohort Validation cohort Prediction cohort

C-index 95% CI C-index 95% CI C-index 95% CI

Radiomics signature

Pancreas ROI 160 5 0.833 0.792–0.873 0.846 0.790–0.902 0.899 0.840–0.959

Liver ROI 160 9 0.697 0.646–0.748 0.687 0.612–0.761 0.604 0.495–0.712

Psoas Major ROI 160 8 0.640 0.586–0.695 0.697 0.623–0.771 0.607 0.499–0.714

Features of pancreas ROI

Filtered mean (sigma = 1.5) NA NA 0.824 0.783–0.866 0.822 0.762–0.882 0.911 0.854–0.969

Original mean NA NA 0.695 0.624–0.746 0.760 0.702–0.810 0.638 0.530–0.746

Waist circumference NA NA 0.628 0.561–0.691 0.638 0.575–0.701 0.605 0.497–0.714

AAT NA NA 0.629 0.574–0.683 0.650 0.575–0.730 0.631 0.524–0.737

SAT NA NA 0.617 0.562–0.672 0.602 0.522–0.683 0.611 0.502–0.719

VAT NA NA 0.616 0.561–0.671 0.673 0.596–0.749 0.638 0.532–0.744

Original mean, mean CT attenuation within the ROI. Filtered mean, mean value within the ROI after the image had been filtered by spatial filters with
different parameters

AAT area of abdominal adipose tissue, CI confidence interval, ROI region of interest, SAT area of subcutaneous abdominal adipose tissue, VAT area of
visceral abdominal adipose tissue

Table 4 Risk Factors for
diagnosis and prediction of early
diabetes

Intercept and Variable β OR (95% CI) p value

Intercept -0.16 0.984 0.897

Radiomics signature of pancreas 1.342 3.828 (2.813–5.209) < 0.001

Radiomics signature of liver 0.951 2.588 (1.679–3.900) 0.001

C-index

Primary cohort 0.854 (0.816–0.891)

Validation cohort 0.887 (0.839–0.936)

Prediction cohort 0.884 (0.818–0.950)

β is the regression coefficient. Only two radiomics signatures were incorporated in the model

CI confidence interval, OR odds ratio
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associated to insulin resistance and β cell dysfunction.
Meanwhile, there are also non-obese population who devel-
oped type 2 diabetes [37]. Some patients with normal weight
were also enrolled in the early diabetic or pre-diabetic groups
in our study. Hence, some structural changes reflected by
radiomics signature in the pancreas of diabetic patients may
also be independent of fat infiltration, and the radiomics sig-
nature may sever as a possible biomarker of incident diabetes
in normal-weight individuals.

The liver and the skeletal muscle play a critical role in insulin
resistance and glucose homeostasis [22].Many studies, including
some imaging investigations, have investigated the relationship
between insulin resistance and ectopic accumulation of fat in the
liver or skeletal muscle [38–42]. However, in our study, C-index
values built from the ROIs in the liver and psoas major were
lower than in the pancreas. Noteworthy, the predicting value of
the liver signature was independent from that of the pancreas.
One study also reported that liver fat was independent of β cell
function in the pancreas in men with impaired glucose tolerance
and type 2 diabetes [43]. The radiomics signature of the pancreas
included only features of histogram, which mainly reflect the
mean intensity of the coarse texture image (pancreas ROI image
filtered by a Laplacian filter) of the pancreas, local and global
intensity heterogeneity (standard deviation and kurtosis), while
radiomics signature of liver comprised features of histogram and
second-order statistical texture features (energy, correlation, and
contrast, see Appendix A6). These results indicate different pat-
terns of structural changes between the pancreas and liver during
the development of diabetes. A rapid change of CT attenuation
with perceptible edges in the pancreas image and a subtle change
of the texture of the liver parenchyma suggest the structural

alteration might be more macroscopic and sporadic in the pan-
creas, while is smaller in scale and more widespread in the liver.

Fat distribution parameters, including areas of AAT, VAT,
SAT, and the VAT/SAT ratio, were also investigated in this
study. However, we found that these measurements alone
might not be sufficient for clinical use. Radiomics investigates
fat distribution at the microscopic level, outperforming the
macroscopic evaluation of fat distribution. A recent study
used CTattenuation to indirectly reflect the cellular character-
istics of adipose tissue and found that a high SAT density was
related to an increased risk of diabetes [44]. It would be also
possible to use radiomics methods to investigate AAT in met-
abolic disease.

This study has several limitations. Firstly, the subjects en-
rolled in the study were all inpatients at our institution. The
sick condition of the patients may have been a confounding
factor in the analysis. We attempted to analyze the difference
of the disease composition of patients and found that there was
no difference among the three groups with this regard
(Figure S5). Secondly, the sample size for the pre-diabetic
patients was too small. Thirdly, the study protocol was data-
driven, such that the radiomics model used was more similar
to a diagnostic model than a predictive one.

In conclusion, this study presents a radiomics model based
on texture analysis of subtle structural changes within the
abdominal organs, mainly the pancreas. It could be used to
screen for early diabetes and predict 3-year incident diabetes.
The good discriminatory power of this method highlights the
existence of early pathological structural changes in abdomi-
nal organs during the development of diabetes. Future devel-
opments may occur in three directions: MRI, given superior

Fig. 4 The radiomics nomogram developed in this study. The radiomics
nomogram incorporates the radiomics signature of the pancreas and the
radiomics signature of the liver. By adding corresponding points for the

two radiomics signatures (vertical projection to the first point scale),
patients can be easily stratified according to their risk of developing
diabetes (vertical projection from the total points scale to the risk scale)
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soft-tissue contrast and higher resolution compared to CT,
might provide even better results; 3D segmentation may give
a more comprehensive evaluation of subtle structural changes
when combined with radiomics method, if robust and accurate
automated 3D segmentation algorithms are developed; larger
and multi-centric studies, prospective or retrospective, are re-
quired to validate the role of radiomics in the prediction and
assessment of metabolic diseases.
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