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Abstract

Type Il diabetes mellitus (T2DM) is a significant public health concern with multiple known risk
factors (e.g., body mass index (BMI), body fat distribution, glucose levels). Improved prediction or
prognosis would enable earlier intervention before possibly irreversible damage has occurred.
Meanwhile, abdominal computed tomography (CT) is a relatively common imaging technique.
Herein, we explore secondary use of the CT imaging data to refine the risk profile of future
diagnosis of T2DM. In this work, we delineate quantitative information and imaging slices of
patient history to predict onset T2DM retrieved from ICD-9 codes at least one year in the future.
Furthermore, we investigate the role of five different types of electronic medical records (EMR),
specifically 1) demographics; 2) pancreas volume; 3) visceral/subcutaneous fat volumes in L2
region of interest; 4) abdominal body fat distribution and 5) glucose lab tests in prediction. Next,
we build a deep neural network to predict onset T2DM with pancreas imaging slices. Finally,
motivated by multi-modal machine learning, we construct a merged framework to combine CT
imaging slices with EMR information to refine the prediction. We empirically demonstrate our
proposed joint analysis involving images and EMR leads to 4.25% and 6.93% AUC increase in
predicting T2DM compared with only using images or EMR. In this study, we used case-control
dataset of 997 subjects with CT scans and contextual EMR scores. To the best of our knowledge,
this is the first work to show the ability to prognose T2DM using the patients’ contextual and
imaging history. We believe this study has promising potential for heterogeneous data analysis and
multi-modal medical applications.
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1 Introduction

Type Il diabetes mellitus (T2DM) [1, 2, 3] is a common and significant chronic disease with
both inherent and environmental causes. T2DM is characterized by obesity with attendant
risk factors including hyperglycemia, hypertension, and hyperglycemia stemming from
insulin resistance [4, 5, 6]. Potential markers of T2DM include the aforementioned risk
factors as well as regional obesity and pancreas changes which can be learned from patients’
imaging and diagnostic history [7]. Clinical framing of these variables relative to T2DM are
complex through multiple risk factors, e.g., body mass index (BMI), pancreas tissue volume,
visceral/subcutaneous fat distribution, and glucose tests. Previous works have shown these
hand-crafted features can be used to classify the presence of T2DM [8, 9]. However, the
longer-term effects of risk factors are less well understood.

Clinical evaluation of patients with potential risk is performed by examining their electronic
medical records (EMR) including 1) demographics, 2) ICD-9 codes, 3) lab tests, or 4)
clinical and medication histories. With the advent of EMR, researchers have used machine
learning and data mining methods in diabetes research, such as predictive biomarker
identification, disease prediction, and diagnosis [10]. Mani et al. used demographic, clinical
and lab parameters from EMR with different machine learning algorithms (linear based, one
sample-based, decision tree based, and one kernel-based classifiers) for predicting T2DM
risks in the period six months to one-year prior to diagnosis of diabetes [8]. Zheng et al.
proposed a framework for identifying subjects with and without T2DM from EMR via
feature engineering and similar machine learning methods [11]. Anderson et al. employed
logistic regression and a random-forests probabilistic model on patients’ full EMR or
restricted EMR and showed EMR phenotyping can out-perform predict diagnosis of T2DM
with conventional screening methods [7]. Meanwhile, there are few researches applying
medical imaging studies (MRI, abdominal CT) to understand the association between T2DM
and tissue composition as well as volumetric measurements. For instance, livers volumes,
size of pancreas and body fat content [12, 13] are related to T2DM.

Recent advances, such as use of multi-modal machine learning [14, 15], bring opportunities
for medical applications derived from both EMR and medical image data [16, 17]. Virostko
et al. discovered pancreas volume declines with disease duration in type | diabetes (T1D)
patients by using electronic medical record and magnetic resonance imaging (MRI)/ CT
scans [9]. Chaganti et al. developed a method for multi-modal big data studies in MRI image
processing that used EMR information, to classify diabetes patients in orbit CT [18].
However, the above works do not focus on early prognosis. Since the abdominal CT is
becoming a routinely acquired imaging technique [19, 20], our goal is to explore the
feasibility of combining EMR and CT to predict risk factors for T2DM a year prior to
diagnosis.

In this work, we investigate five different types of EMR features to predict the onset of
T2DM. We extract the 1) patient demographics, 2) pancreas volume, 3) fat volume in L2
region of interests (ROI), 4) visceral/subcutaneous fat distribution along the abdomen, and 5)
glucose lab tests from each patient’s clinical history. We perform each configuration of EMR
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in an ablation scheme for T2DM onset prediction. For each subject, we formulate an EMR
feature vector describing their clinical history from each configuration. We show that each
contextual feature from patients’ clinical history improves the prediction of onset T2DM.
Next, we construct a deep neural network for encoding pancreas CT imaging slices for the
T2DM onset prediction. Inspired by previous works on EMR-guided image processing [8],
we developed a framework that combines CT images and EMR features.

We conduct experiments on 997 subjects using the “case-control” design [21, 22]. 401
subjects are with diagnoses of T2DM. The remaining 596 subjects are in the control group
of non-diabetes. For extracting anatomic volumes, we trained the segmentation model for
this work using 3D U-net with 100 CT scans and labels from multi-atlas labeling MICCAI
challenge 2015 [23]. We believe this work could motivate further investigation of
heterogenous data analysis and EMR guided multimodal medical applications.

In summary, our contributions in this work are: 1) We present a “case-control” study design
for onset prediction of T2DM; 2) We evaluate that five different configurations of EMR
features can contribute to prediction of onset T2DM a year prior to diagnosis; and 3) We
show that EMR-image multi-modal framework for heterogenous data analysis improves
predictive power for medical applications.

2 Method

Our proposed method involves five different categories of EMR features and a deep neural
network architecture for encoding pancreas imaging slices, as illustrated in Fig. 1.

2.1 Data of T2DM Studies

A total of 997 de-identified subjects were selected and retrieved from our medical center
under the institutional review board (IRB) approval from 6317 studies with diagnosis codes
involving spleen abnormalities (cohort A). non-spleen abnormalities (cohort B). The dataset
follows “case-control” ICD-9 code design [22]: (1). Case: T2DM subjects identified from
ICD-9 code with diagnostic date (/CD-9 = 250.##% group of type 2 diabetes diagnosis); (2)
Control: non-diabetes subjects without diabetes ICD-9 codes or medication. There are 401
cases of T2DM diagnosis and 596 subjects under the control group of non-diabetes who
were chosen for having similar imaging availability. Meanwhile, all CT scans are with
contrast enhancement in portal venous phase. The in-plane pixel dimension of each CT
scans varies from 0.7 to 1.2 mm. Each image is preprocessed by excluding outlier intensities
beyond —1000 and 1000 HU. Images slice thickness ranges from 2 to 4 mm. Each CT scans
consists of 60 to 200 slices of 512 x 512 pixels. For consistency consideration, we pre-
processed all CT scans with a soft tissue window with a range of [-175, 250] HU, the
window effect is studied in [24]. Intensities were normalized to [0, 1].

Pancreas Imaging Slices: Clinically acquired CT scans usually have large variance in
field of view. We implemented a pre-processing step with body part regression, which is a
method to illustrate abdominal intrinsic structure [25]. The body part regression assists to
automatically remove slices based on inconsistent volumes, and to localize abdominal
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anatomies. We adopted the pre-trained model from the unsupervised regression network [25]
to find slices in the pancreas region (scalar reference index score ranges from -1 to 1 as
indicated in [25]).

Timeline of T2DM diagnosis and CT sessions: To clarify the task of predicting
future risk of T2DM, we obtained longitudinal CT sessions along with ICD-9 T2DM
diagnosis code and date. We first assured the diagnosis date for each T2DM patient, then
retrieved a CT session and EMR at least one year ahead of the ICD-9 date. A randomized
controlled trial for a CT session and EMR was collected from a non-T2DM control group.
The time interval between diagnosis date and CT session date ranges from 365 to 1690 days
(mean: 456, median: 540). Only one CT session per patient is used in the study.

2.2 Abdominal Segmentations

To acquire volumetric measurements of pancreas tissue and obesity of patients, we perform
abdominal segmentation on the pancreas [26, 27, 28], body wall/mask, and body fat from
CT imaging [29]. In this paradigm, we use a dataset of 100 subjects from the MICCAI 2015
Multi-Atlas Labeling Challenge with 12 anatomies labels annotated by experts. In detail, we
train a 3D multi-organ segmentation network [30] for segmenting the pancreas and inner/
outer abdomen wall by multi-task learning. Each scan is down-sampled from [512, 512] to
[168, 168] and normalized to consistent voxel resolution of [2 x 2 x 6]. The output and
ground truth labels are compared using Dice loss [31]. We ignored the background loss in
order to increase weights for anatomies. The final segmentation maps are up-sampled to
original space with the nearest interpolation in order to spatially align with CT resolution.
This approach is trained end-to-end, and the resulting segmentation is shown in Fig. 2. In
order to extract fat volume measurements, we perform fuzzy c-means [32] on CT images for
body mask and fat segmentation in an unsupervised scheme.

2.3 EMR Feature Extraction

A clinical EMR captured patient demographics, clinical notes, lab tests, medication codes,
diagnosis codes, treatment procedures. For our cohort, we extracted the de-identified clinical
phenotype base on a hierarchical categorization of ICD-9 (International Classification of
Disease - 9) codes [33]. A phecode-groups a set of ICD-9 codes to imply a diagnosis
category. For example, type Il diabetes mellitus includes 250.00, 250.02, 250.40, 250.42, ...,
etc. We use an open-sourced PyPhewas tool to automatically generate the ICD-9 categories
[17], given a list of clinical visits.

In this study, we investigate five different configurations of EMR features in predicting onset
T2DM in an ablation study scheme:

EMR1: Demographic.—We extract demographic history for each de-identified patient
involves age, sex, race, ethnicity, weight, height, and BMI. A vector of length 7 is formed for
each subject. The risk factors are normalized from 0 to 1.
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EMR2: Pancreas volume + EMR1—Pancreatic necrosis and acute pancreatitis mortality
are major factors of insulin insufficiency. Herein, we calculate pancreas volume for each
patient from the CT session for one year prior to diagnoses at predicting T2DM. The
volumetric measurements are acquired from pancreas segmentation using 3D U-net as
shown in Sect. 2.2.

EMR3: Fat volume in L2 region + EMR2.—Obesity increases the risk of systemic
inflammatory response syndrome on T2DM prediction. Abdominal fat represented by waist
circumference is better than single weight or BMI at characterizing metabolic syndrome
[34]. We extract visceral and subcutaneous fat volume along the L2 section. Fat volumes are
acquired from automatic fat/abdomen wall segmentation and distribution regressed by body
part regression [25], where L2 slices are retrieved by body part regression scores in range -1
to 0.

EMR4: Abdominal fat volume distribution + EMR3.—To identify the utility of
abdominal fat in prediction, we evaluated abdominal visceral fat volume and subcutaneous
fat volume. Similar to EMR3, we extract abdominal slices by BPR scores in range of —6 to
5.

EMRS5: Glucose lab test + EMR4.—Lab testing enables detection of prediabetes and
suggestions for weight loss and other lifestyle changes to help delay or prevent T2DM. We
retrieved the glucose test a year ahead of diagnoses associated with each patient into the
EMR vector. In our study, 17 T2DM cases and 87 subjects from control are lack of the
glucose test value, the missing value imputation is discussed in [35]. We present mean
imputation that simply calculate the mean of the observed values for individuals who are
nonmissing from T2DM cases and controls, respectively.

In order to project unimodal representation using the heterogeneity of multimodal data, we
use a joint representation learning framework. In this work, we address the joint training
problem by introducing an EMR-image multimodal network. As shown in Fig. 2, we include
neural network for each modality that fused before the last fully connected and activation
layer. Next, we fuse them at the last hidden layer, where the posteriors obtain the correlation
between projected non-linear spaces of two modalities. Then this feature space is fixed and
passed through a shallow linear layer to the targets. The networks are optimized by cross-
entropy objective and stochastic gradient descent. The network comprises four 3D conv
layers, followed by ReLU and pooling layers. The whole framework is trained in end-to-end
manner and results in multimodal fusion directly.

3. Experiments

3.1 Experimental Design

To perform each EMR configuration as well as bilinear multimodal network, we
implemented experiments with cross validation on 997 subjects from the “case-control”
study. To perform standard five-fold cross validation, we split dataset into five
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complementary folds, each of which contains 200 cases (197 in last fold). For each fold
evaluation, we use three folds as training, one fold as validation, and remaining as testing.

3.2 Implementation Details and Metric

The EMR-image multimodal network consists of four levels of convolution blocks, each
block has a 3 x 3 x 3 convolutional layer, followed by rectified linear units (ReLU) and a
max-pooling of 2 x 2 x 2 and strides of 2. The learning rate for the EMR-image multimodal
network is set with 1e-5. We use a batch size of 1 for all implementations and adopted the
ADAM algorithm with SGD, momentum = 0.9. Implementations are performed using
Pytorch 1.0 with NVIDIA Titan X GPU 12G memory and CUDA 9.0. The code of all
experiments, including baseline methods, is implemented in Python 3.6 with Anaconda3.
The area under the curve (AUC) is calculated from the receiver operating curve (ROC) for
each experiment. ROC curves are generated by the true positive rate (TPR) against the false
positive rate (FPR) at various threshold settings. AUC measures the entire two-dimensional
area underneath the entire ROC curve.

3.3 Results and Analyses

The experimental result of all settings is shown in Table 1. We summarize the mean and
standard deviation in accuracy, AUC, F1, recall, and precision for comparison. In the context
of five EMR configurations, we can see that each risk factor contributes to improvements. In
particular, improvements over demographics increases as risk factors get more diversity
from images. We observe a higher improvement in adding body fat distribution. We also see
consistent better performance using pancreas slices, showing the advantage of imaging
biomarkers. In the multimodal analysis, we achieve the best accuracy at 86.19%, combining
the pancreas slice and EMR5. Comparing with EMR5 or pancreas slices, our method
achieved consistently better result, with 6.93% and 4.25% in AUC respectively. These imply
the effectiveness of using heterogeneous data.

Figure 3 shows the ROC-AUC curves for all experiments. The green curve indicates the
combination of EMR and pancreas slices in the training, we show that EMR-image multi-
modal framework for heterogenous data analysis improves predictive power (AUC 0.8910)
compare to brown curve (AUC 0.8485) and yellow curve (AUC 0.8217).

4. Discussion and Conclusion

In this work, we targeted at understanding of the association among T2DM, patient clinical
history, tissue composition imaging as well as volumetric measurements. In this paper, we
used a “case-control” study design for the onset of T2DM prediction task. We show that
direct prediction using either EMR features or CT imaging enables prediction of risk factors
for T2DM. We investigate five different configurations of EMR including demographics,
pancreas volume measurements, visceral/subcutaneous fat volume, body fat distribution and
glucose lab tests. Different factors contribute to improve AUC of the prediction. Meanwhile,
we institute a holistic method for EMR features and CT images, and show improved
performance over the base EMR features and imaging methods alone. The proposed method
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builds upon the connections between different modalities (EMR and CT) through which we
extrapolate a joint representation learning in the multimodal machine learning setting. The
way we obtain the joint feature space represents a general means of exploitation based on
multiple modalities. Specifically, jointly using imaging techniques, notes and quantitative
measurements offers innovative understandings of the challenge. It also allows us to address
problems systematically. We are excited to explore more mechanisms such as bilinear
multimodal architecture [36] or dual attention [37], and in particular study the EMR-guided
approaches in the future.

One of the limitations in this work focuses on the retrospective EMR study design. The
ability of case-control design has been widely evaluated [21]. It sometimes is unable to
detect very small relative risks from exposures and it tends to be more effective in large-
scale, collaborative, multi-center studies. For example, compared to a previous study with
AUC of 0.877 [8] using their institutional data, we achieved slightly higher AUC in our
cohort (Table 1). The absolute performance on different institutional cohorts shows some
relative risk factors could be typically regarded as low importance, but these factors may
have higher importance in the population at large. Herein, the full cohort review is needed in
the future. And to investigate subsequent studies to guarantee differences among controls do
not confound results.
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Demographic  Subject

Age 45
Gender Female
Weight 109.36
Height 177.2
BMI 37.86

Ethnicity NH

CT Tissue Segmentation
l *  T2DM Negative
Risk
Factors | —* Diabetes Risk —» Prediabetes — T2DM Positive
0 clinical visits 1 Years
Fig. 1.

Example of CT images (subcutaneous fat in navy, visceral fat in brown). The flowchart
shows from risk factors to T2DM diagnoses with multiple modalities (CT and demographic)
at least a year ahead of diagnoses.
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Fig. 2.
Method framework. Part A indicates EMR features of five configurations. ICD-9 code is

used as exclusion criteria for case-control design. The demographics is used as the base
feature vector (EMR1). Pancreas and fat segmentation imply the volumetric measurements
for EMR2 and EMR3, respectively. The abdominal fat distribution and glucose lab test are
used to compose the EMR4 and EMRS5 features. Part B shows our network architecture for
combining EMR features and CT imaging slices for prediction of onset T2DM.
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Fig. 3.
The receiver operating characteristic (ROC) curves of results on the prediction of onset

T2DM. Area Under Curve (AUC) is shown in right bottom of figure. EMR features from 1
to 5 achieve barely satisfactory results, the use of pancreas slice and the proposed
multimodal network performs better.
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Result on the mean and standard deviation (std) (%, average (std) of five-fold cross validation). The p-values

are calculated using McNemar test with respect to AUC in the row above each test.

Method
EMR1
EMR2

EMR3
EMR4
EMR5
Pan slice

Pan slice + EMR5

Accuracy
67.25(2.97)
70.04(2.58)

74.21(2.01)
76.93(1.96)
80.02(1.98)
82.46(1.70)
86.19(1.45)

AUC
69.69(2.45)
72.63(2.13)

76.65(1.75) *
80.79(1.42) ™

82.17(1.31) "
84.85(1.19)

89.10(1.10) *

F1
51.93(2.99)
56.74(3.08)
50.82(2.76)
64.59(2.51)
67.42(2.43)
72.54(1.89)
76.85(1.72)

Recall
39.28(4.64)
49.72(4.04)

54.85(4.02)
59.81(3.54)
61.73(2.98)
64.49(2.74)
67.61(1.98)

Precision
77.98(4.34)
79.01(3.98)
80.06(3.34)
80.96(3.51)
82.79(3.64)
84.37(3.72)
87.62(3.32)

*
indicates significant with p< 0.01.

The best average results are shown inbold. Pan slice indicates pancreas slice.
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