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Abstract

A series of events, such as a patient’s medical records, have two natural features,
class and stage that are not easy to find. Since each event sequence may have different
length, and different progression speed. Especially for chronic diseases patients, they may
suffer with these diseases for a long time. The development of model to estimate the
disease progression can help to provide information for them. From previous findings,
their results suggested that by modeling disease progression, not only disease progression

rate can be predicted but disease’s comorbidities and drug effect.

In this paper, we present a data-driven approach to analyze the health insurance
claim records to extract the disease progression stages of diabetic patients. Our
experiments suggested that our model’s performance is consistent with previous finding.
And the progression classes learned from our model have revealed different types of
diabetic patients.

Keywords: event sequence, disease progression model, time series, unsupervised learning,

data-driven
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1

Introduction

A series of events, such as a patient’s medical records, may contain implicit
information, for instance, disease severity, progressing rate and progressing pattern.
Theses information can be detected through two distinct features in event sequence: stage
and class. Progression stages are the phases that may change overtime. For example from
McAuley et al. (2013), it's known that as users acquire more products, their tastes will
change. As for classes, different patients with different genders or ages may progress
through stages at different speed. (Kramer et al. (2003)) The goal of our study is to model

these progression patterns.

Chronic diseases are one of the most influential disease types worldwide. Thus the
treatments and interventions for chronic diseases are crucial for doctors to find.
According to World Health Organization’s (WHO) statistics, 4 of top 10 causes to death
around the world are noncommunicable diseases, including cardiovascular diseases,
cancers, diabetes and chronic lung diseases. Moreover, in Taiwan, diabetes is one of the
top 10 causes to death in 2012. Chronic diseases like diabetes may cause patients to
suffer for a long period of lifetime. Thus, it is needed to attend more useful information to
intervene or remedy chronic diseases. The development of a model to estimate the

disease progression can help provide new insights.

Disease progression modeling (DPM) is an important methodology to model disease
process over time through mathematical and systematic approach. (Mould et al. 2012)

DPM can get helpful information for doctors to adjust or identify the development of a



disease to intervene the symptoms for chronic diseases. By using DPM, analyzing disease
process can improve the prediction of disease states, drug development, and treatment

design.

In this paper, we present a data-driven approach to analyze the health insurance

claim records to extract the disease progression stages of diabetic patients.



2 Literature Review

Existing works on disease progression modeling have revealed useful information in
the medical field, such as the target disease’s treatment redesign, disease progression rate
of change, drug development and early intervention. In the following, we will discuss the
related works in two parts according to either having domain knowledge before modeling
or not. After discussing previous findings, we have listed different models with their

features and other information in table 1 for comparison.

2.1 Progression models with domain knowledge

Previous studies of modeling with domain knowledge have found relationship
between diseases and diseases’ indicators. For example, Doody et al. (2010) have
proposed that there are correlations between a pre-progression rate and disease
severity. Pre-progression rate is calculated through combining clinician’s
standardized assessment of symptom duration and the baseline Mini Mental Status
Exam (MMSE) score which is a commonly used cognitive score to measure
dementia severity. After pre-progression rate has been calculated, a regression
model is made to find the relationship between the pre-progression rate and
subsequent rate of decline on cognitive and functional measures of Alzheimer’s
disease. In other word, the pre-progression rate can estimate the cognitive value of
Alzheimer’s disease in the following years. In addition, the average survival time for
each progression group was estimated through Cox survival analysis and the
analysis showed that the slow progress group has longer survival years. The results

suggested that the pre-progression rate is better at predicting slow and fast progress



patient, and the slower the progress is the longer the patient will live. On the other
hand, Raj et al. (2012) modeled disease progression using longitudinal magnetic
resonance imaging (MRI) images which are graphs scanned from human bodies
such as brain. After preprocessing the images, they presented a model to predict
dementia diseases’ evolution. By using correlation analysis, they found convincible
evidence that the degeneration processes of dementia disease matches latest reports

of dissociated brain networks.

However, with only one progression model could gain little knowledge. To
have a more comprehensive perspective of the disease progression, Mould (2012)
have used meta-analysis-based modeling to combine multiple models’ results for
treatment adjustment and testing trial revision. Meta-analysis-based modeling has
gathered multiple findings’ results to increase the individual model’s capability and
robustness. This study has presented that through combining multi models’
information from progression modeling can help not only redesign the clinical trials

but also gain evaluations of new treatment combinations.

To gain useful knowledge more than only on disease progression, Postet et al.
(2005) have proposed a progression model, which can estimate both disease
progression and drug effect. According to their findings, not only the disease’s
process can be monitored through progression modeling, but also the treatment’s

efficacy can be recognized.



2.2 Progression models without domain knowledge

Besides modeling with domain information, many studies have been made
through data mining techniques. For instance, Yang et al, (2014) proposed a
generative model in which they gather event sequences, including patients’ records,
web pages view history, product reviews and textual sentences together to identify
event sequence’s class for different evolving pattern, and identify each event into
different stage at the same time. With the results they have for classes and stages,
they have found some interesting pattern along with different dataset. This study has
revealed that stages and classes can be detected through combining all time points
together to be viewed as a sequence. Furthermore, Fonteijn et al, (2012) proposed a
Markov Chain Monte Carlo algorithm to model disease progression by treating each
patient’s state change as an event. In this study, the disease progress is treated as
time-varying events sequence. The model has revealed that through event-based
progression modeling, the disease process can be mined for Alzheimer and
Huntington’s diseases. In addition, Zhou et al. (2011) have presented a model by
using Multi-Task regression for predicting disease progression. They treated a
prediction at a time point as a task, there can be more than one predictions at a time
point. Their model, comparing to previous related data, can predict the progression
process of Alzheimer disease. Likewise, to use an adjusted modeling method on the
same target disease, Zhou et al. (2012) has proposed a model by using Fused Sparse
Group Lasso to cut down features and to predict disease progression of Alzheimer

disease. The presented model, which included known biomarkers, not only can



predict disease progression, but also can reveal pattern of biomarkers of Alzheimer

disease.

Nonetheless, progression modeling can provide more information than
predicting disease states. Some studies have indicated that through disease progress
modeling can help detecting different stages of disease and its comorbidities. For
example, Wang et al, (2014) have presented a probabilistic model through Markov
Jump process. They used clinical records to discover Chronic Obstructive
Pulmonary Disease (COPD)’s progression stage as well as COPD’s comorbidities.
Their results suggested that even without professional knowledge of medical

background, disease stage and comorbidities can be discovered by their model.

Besides modeling for disease, the patient’s state can also be captured through
modeling. Cohen et al. (2010) have proposed a clustering approach by using
hierarchical clustering to model patient’s stages in intensive care units (ICUs). The
result have showed that there are 10 clusters for all patients. Each cluster represents
a patient stage, such as infection, multiple organ failure or mortality. Patient’s state
in ICU may jump from one state to another. From this study, we can obtain that by
using modeling techniques, we can gain new insights of progression process about

patient’s states to help hospitals to manage the usage of ICUs.



Table 1. Comparison between different models from previous findings.

Author Proposed model Model features Target disease
Doody et al. Regression Cox survival analysis Alzheimer’s
(2010) analysis
Raj et al. Correlation MRI graphs Dementia diseases
(2012) analysis
Mould et al. Meta-analysis Combined several Alzheimer’s & Crohn’s
(2012) based studies’ results disease
Yang et al. Generative model Stage and class. Chronic kidney disease
(2014)

Fonteijin et al.

Event-based

Stage change as event

Alzheimer’s &

(2012) model Huntington’s disease

Zhou et al. Multi-task Predict multiple scores at Alzheimer’s
(2011) regression one time point

Zhou et al. Multi-task Fused sparse group Alzheimer’s
(2012) regression Lasso

Wang et al. Continuous-time Onset comorbidities COPD
(2014) Markov model




3 Dataset and Model

In this chapter, the dataset and the model will be presented and explained. We will
first describe our dataset and the filtering rules for diabetic patients from National Health
Insurance Research Database (NHIRD). In the dataset, diagnoses were coded according
to the International Classification of Diseases, 9" Revision, Clinical Modification
(ICD-9-CM). As for drug prescriptions, we use Anatomical Therapeutic Chemical code
(ATC), which is a pharmaceutical coding system controlled by WHO, to apply to our

filtering rules. After data description has been made, we will propose our model.

3.1 Dataset

The data used in this study are extracted from NHIRD, which is an
administrative medical database. The original data records comprise of patients’
records on medical treatments and diagnosis for inpatients and outpatients. To make
our filtering rules to be more robust, we compare the rules previous studies have
used in their studies for Diabetes type 2 disease. We have gathered three studies, and
the rules they proposed are arranged in table 2. We explain each rules in the

following paragraph.



Table 2. Selecting Diabetic Patients Rules from Previous Studies

Disease Filtering rules Source
Type 2 diabetes diagnosis. Yah et al,
(2012)
Diabetes and one or more oral hypoglycaemic agent or insulin | Lin et al,
prescription. (2013)
1. Diabetes and one antidiabetic drugs prescription. Hsu et al,
(2012)

2. One or more oral antidiabetic agents’ prescription and
diabetes-related illness ambulatory visit.

Diabetes
type2 | 3. Four or more ambulatory visits for diabetes-related
disease illness within 1 year.

Exclusions:
1. Diagnosis of type 1 diabetes.

2. Younger than 30 years of age and doesn’t have any oral
anridiabetes drugs records.

3. Have insulin therapy for the first year after diabetes
diagnosis.

Table 2 has shown the three different filtering rules. For selecting patients with
type 2 diabetes disease, Yah et al, (2012) provided the method to select patients with
type 2 diabetes (codes 250.x0, 250.x2) diagnosis. Another rules was proposed by Lin
et al, (2013), which picked patients with diagnoses as diabetes (code 250) with one
or more oral hypoglycaemic agent or insulin prescription (code 251.0, 251.1, and
251.2). The other rules were provided by Hsu et al, (2012). They have a more
comprehensive rule of selecting diabetic patients. The selected the patients who have
to fit one of the three conditions below: 1) Patients who diagnosed with diabetes

(code 250.xx) and had one antidiabetic drugs prescription. Or 2) Patients have one

9



or more oral antidiabetic agents’ prescription and diabetes-related illness ambulatory
visit. Or 3) Patients have four or more ambulatory visits for diabetes-related illness
within 1 year. And they excluded patients with these conditions below: 1) Patients
who Diagnosed of type 1 diabetes (code 250.x1, 205.x3). Or 2) Patients who were
younger than 30 years of age and don’t have any oral anridiabetes drugs records. Or

3) Patients have insulin therapy for the first year after diabetes diagnosis.

After comparing previous works’ filtering rules and consulting with domain
experts, we use the rule mixed with the rule Lin et al, (2013) presented. Patients with
the following ICD codes 250 or 250.0 or 250.00 and has prescribed one of blood
glucose lowering drug or insulin or insulin analogues will be selected (ATC codes
starts with A10A or A10B). Besides ICD code and drug prescription, we rule out
patients with less than 85 medical records. As for ICD codes, we ruled out codes
with appearances less than 100 times. After the whole process of filtering, the

diabetic patient data set has 47,486 patients and 3,892 distinct ICD codes.

10



Table 3. Description of NHIRD diabetic patient data set.

Diabetic patients (Total: 47,486)

Number of distinct

ICD codes 3,892
Female: 24,519
Gender
Male: 22,967
45 and more: 45,775
Age

Under 45: 1,711

Average records/

month 3.18

3.2 Model

The model presented in this paper was originated by Yang et al. 2014. In the
following sections we will define our problem and then explain the model in

detail.

3.2.1 Problem definition

The definition of our problem is showed in figure 1. For data
preprocessing, we treat each patient’s record as a sequence of events, and for
each ICD-9-CM code as an event. For each event sequence, we do two
procedure, first is to put each sequence in the most likely class, second is to

assign each event to a stage.

11




(D Preprocessing data into event sequence,
@ Each event belongs to one stage.
@ Each sequence belongs to one class.

Patient 100 ICD code 1 ICD code 2 ICD code 3
200504 code0401 code0402 code(403
200505 code0501
200512 codel201
Patient no. event 1 event 2 event 3 event 4 eventl0
100 code0401 code0402 code0403 code0501 codel201
@
Patient no. event 1’s stage event 2’s stage event3’'s stage event 4’s stage event 10’s stage
100 2 2 3 3 3
Patient no. class
100 1

Figure 1. The procedure from data preprocessing to sequences assignment.

Table 4. Variables definition.

Variables Definition
N The number of patient sequences.
M The number of possible ICD codes.
C The number of classes.
K The number of stages.
X; The i-th patient’s sequence.
Xij The i-th patient j’s ICD code.
C The i-th patient’s class.
Sij The i-th patient j’s stage.

12




3.2.2 Model description

In this section, we describe our model in detail. First we define some
variables. We also have the variables definition listed in table 4. \We define
each event sequence as x;,i = 1,..., N where N is the number of sequences,
and x; as patient i. For each x;; € {1, ..., M} where M is the number of
possible ICD codes and x;; as j represent the j-th ICD code of x; (jis
ordered by time). Each sequence belongs to a single class where ¢; € {1, ..., C},
C as the number of classes. For each event x;; € x;, we define s;; €
{1, ..., K} to be the stage of the sequence x; at time j, K as the number of

stages.

We make stage s;; as non-decreasing function. This constrain allow

event sequence never go backward while progressing.
Vi,j,ijk:>Sij25ik (1)

Besides this constrain, we do not have any restriction that any sequence
should progress through all stages, which indicates that some sequences may
begin from intermediate stages while some sequences may never reach the end

of stages.

Each x;; is generated from a multinomial distribution with parameter

0 (ci, sl-j) € RM. From this assumption, we can ensure that sequences from the

same class and stage will have similar set of events.

13



x;j ~ Mutinomial(0(c;, sij)) @)

Lastly, we generate © (c;,s;;) fromauniform Dirichlet distribution with a

hyper parameter A.
0 (c;, s1j) ~ Dirichlet(2) (3)
3.2.3 Model iteration

In this section, we provide the details on learning stages and classes for
each event sequence. We have a set of event sequences {x;;}. And we learn
from cross validation for the number of classes C and stages K. Our goal is to
find each x;;, the stage s;; for every x;; € x; and the class c; for each
sequence x;. We specify that® = {0(p,q)|lp=1,...,C,q=1,...,K}, and

we find classes c;, stages s;; and © by maximizing the log likelihood:

log P({x}]@,{c:}, {s:;}) (4)

Since {x;;} are conditionally independent of each other given {c;}, {s;;},
(4) turns out to be formula (5). And our goal has become solving the

optimization problem (6). Where {s;;} 7; is the constrain we specified in Eq.

2).
log P({x:}10,{c:}, {sij}) = Xi;logP(x;|0(c;, si5)) (5)

argmaxic,) (s;;}7;0 2ijlogP (x|0(cy, 545)) (6)

14



To solve (6), we update stages and classes, apart from @, iteratively until
convergence. In the following sector 3.2.3.1 and 3.2.3.2 we will explain how
we update the two parts respectively. We iterate these two parts until the

classes and stages learned from the model do not change between iterations.
3.2.3.1 Updating 0

For fixed stages and classes, we can compute ©® by maximize (6).
Since log P(x;j|0(c;, s;5)) are conditionally independent of each other

given classes and stages, we can separate (6) into:

Y l0gP(xi;10(ci, 5ij)) = Xp=1 2g=1 21 1{c; = p Asi; = q}logP(x:510(p, q))

(7)
I is an indicator function. And we can find the optimal value of
O(p,q) for each ICD code r in every classes from the probability
formula (8) smoothed by Dirichlet parameter A.
l+2i_-]1{ci=p/\si-=qAxl--=r}
0, q)r = — = . ; (8)

MA+Y; ;l{ci=p Asij=q}

15



3.2.3.2 Updating stages and classes

IP(2.110(cy; 2

The second step is to update each sequence’s stages and classes. This
process is done through two steps. First, we assign stages within the event
sequence for every class. After all classes have the stages assigned, we
compare all classes to get the optimal class for the event sequence. To do
the above twos steps for each event sequence, in detail we have to find the

maximum of formula (9) for each event sequence.
argmaxc, (s, 3, %i,j logP (xi;10(cy, 515)) 9)

For each class, we pick the class with the highest likelihood, which
means that we need to find the stage route for each class through solving

(10) first before we solve (9).
maxgs, 1,0 % l0gP (%10 (i, 5i5)) (10)

To solve (10), we transform finding route problem into the Longest
Common Subsequence problem. We explain in detail on how we solve

assigning stages in the next paragraph.

Cost to visit = [P

Fusl®cwd))  1P(2,510(cu, 9))

o
.-M-H-'
ol o o o o

start l

Lyl 1 ud u() 1 u7?7 Tus
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Figure 2. Dynamic programming procedure.
(Figure 2 was illustrated by Yang et al. 2014)

Dynamic programming procedure is an iterative procedure which is
showed in figure 2. We consider each event sequence as a path of stages.
With given class c;, we update the stages s;; by finding the black path in
figure 2. While calculating cost g(j, s) to reach j-th event at the s-th
stage by forward recursion, there can only be two options: g(j — 1,s —
1) goingup or g(j — 1,s) staying at the same stage. In here

Cost(j,s) = logP(xj|0(c;,s)).

After stage assigning problem is settled black path has been decided,
which means (10) has been computed, we record the path and we go back

to formula (9) and pick the class with the maximum value

9(,s) = max(g(j —1,s) + Cost(j,s),g(j —1,s — 1) + Cost(j,s)) (11)

17



3.2.4 Cross validation

In the previous section we mentioned that we use fixed number for class
and stage for modeling. Now we explain the procedure to get these number.
We do cross validation by splitting each event sequence into 90% training and
10% testing dataset. After splitting the dataset, we trained our model with
training data. And then we use the class and stage assigned by training to test

data set. We sum up ¥ ; logP (x;;]1@(c;, s;;)) for testing data set and we look

for model with the highest value.
3.2.5 Model initialization

Initially, we randomly assign classes for each event sequence and assign
stages uniformly according to each event sequence length. As for the

hyper-parameter A, we choose 1 according to the previous finding.

18



4 Experiments

In experiments section, we tested our model’s performance and inspect the
results provided by our model. First, we do cross validation to select the class and
stage number, and then we compare our model with two baseline models to check
how well our model can predict events. Third, we will look deeper into each class to
compare differences between classes. And then we random pick three patients to
inspect how they progress between stages. Last, we calculate cross entropy to know

if different classes but same stages will have similar diseases.

4.1 Cross validation

To find an optimal class and stage number for our model, we do cross validation
to find them. We tried 2, 3 for class number and 1, 3, 5, 7, 9 for stage number for each
class. The result gathered in figure 3 shows that model with 2 classes with 5 stages

performs best among all others.

-1920000
|

Class=2
Class=3

Likelihood
1930000
|

-1940000
|

1 3 5 7 9
stages

Figure 3. Cross validation for picking class number and stage number.
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4.2 Predicting accuracy

We want to know how well our model can predict on missing events or
future events. Therefore we construct 2 scenarios to test the accuracy, first is to
predict the last visit of each patient record, second is to predict random visit of
each patient record. Accuracy is measured using hit rate for top 10. We consider

two baseline models to compare the results, Logistic regression and baseline 2.

For our model, we split each patient into training events and testing events.
After fitting our model with training set, we use the classes and stages assigned
from training to predict testing events. As for Logistic regression, we split the
training events into feature events and response event to train the Logistic
classifier. And we use the Logistic classifier to predict training events and test
events. Baseline 2 is a simpler approach. We count 50 events before testing events
and rank frequency to count accuracy. The training and testing method for

Logistic regression and baseline 2 was illustrated in figure 4.

. Response
Feature events P
events

Test 50 events Test
events events

Training events

Figure 4. The split of training testing data set. (a) Baseline 1. Logistic regression;
(b) Baseline 2.
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Table 5. Performance of predicting last visit and random visit.

Absolute Relative to Gain over
accuracy random gussing baseline (%)
Last visit Our model 0.4 1556.8
Logistic 0.04 155.68 1401.12
regression
Baseline 2 0.42 1634.64 -77.84
Random Our model 0.35 1362.2
visit
Logistic 0.05 194.6 1167.6
regression
Baseline 2 0.36 1401.12 -38.92

The results for three models are showed in table 5. In predicting last visit, our

model has a better performance compares to Logistic regression and our model has

the accuracy that is close to baseline 2. A similar result can be found in predicting

random visit. It is worth noticing that the performance for random visit is generally

lower than last visit, it may be that random visit doesn’t have enough data to train

and predict.

4.3 Theta inspection

In theta inspection, we want to know what are the differences between class 1

and class 2. For each class, we got the top 10 ICD codes that are most possible to get

in each stage in table 5 and table 6.
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Table 6. Modeling last visit’s Class 1 with top 10 ICD codes and probability.

2727
Lipidoses
RERR{ 35 R bR
(0.044)

466.0

Acute bronchitis
SMZRER
(0.018)

241.0

Nontoxic uninodular
goiter

JES B —EEMR
ARBRAE

(0.015)

571.49
Other chronic hepatiti

S
HAS MR
(0.013)

401.1

Benign essential
hypertension
RMARRMY S MmER
(0.012)

414.01

Coronary
atherosclerosis of
native coronary artery
B RSB ARBNARIEAR
317

(0.011)

402.00

Malignant
hypertensive heart
disease without
congestive

heart failure

B I B OV R
wmE MY OREIS
(0.009)

272.1

Pure
hyperglyceridemia
S HHAR M
(0.008)

'»

402 402 402 o
Whipple's disease Whipple's disease Whipple's disease
725 M R LB BMBEONE SRR
(0.091) (0.061) (0.066)>
402 272.7
Whipple's disease Lipidoses

15 I B OB S BERH X5 RSB
(0.022) (0.026)

401.90

Essential hypertension

unspecified

ARSI S MR

(0.019)

295.64 587 2727

Residual schizophreni Renal sclerosis,unspe Lipidoses

a, cified BERH 1RSI RE e

chronic with acute BrEt (0.020)

exacerbation (0.025)

BMHESMEERE B

BREUIE# D BUE

(0.017)

272.7 466.0 466.0

Lipidoses Acute Acute bronchitis

BERR R SRR B bronchitis EMZREX

(0.017) SMZRER (0.015)
(0.017)

466.0 250.92 466.0 415.1

Acute bronchitis Diabetes with Acute bronchitis Pulmonary

S2MTRER unspecified SMTRER embolism and

(0.014) complication, Type Il (0.015) infarction
RRBEHEHBEZSE fit2 = R AEE
-8 (0.015)
(0.014)

414.01 250.62 250.62

Coronary Diabetes with Diabetes with

atherosclerosis of neurological neurological

native coronary artery manifestations, manifestations, Type Il

B80S RBIARSBIREE Type Il RRRBHAERRR

1t RBRBRHAHEERR gys—®

(0.012) BzE R (0.013)
(0.013)

414.0 415.1 25092 2724

Coronary Pulmonary Diabetes with Other and unspecified

atherosclerosis embolism and unspecified hyperlipidemia

SRR EERE L infarction complication, Type Il Hfth SA5E MAE

(0.010) i E R AIEE WERAHEHEBEZSE (0.013)
(0.012) |

(0.013)

564.2 250.62
Postgastric surgery Diabetes with
syndromes neurological

BFira B8z manifestations,

43491
Unspecified cerebral
artery occlusion with
cerebral infarction

A RSS2 Z RSB AREE (0.011) Type |l

= WERAHE SRR

(0.010) RBZE R
(0.013)

780.50 2724 366.14 564.2

Sleep disturbances, Other and unspecified Posterior subcapsular Postgastric surgery

unspecified hyperlipidemia polar senile cataract syndromes

FEE AR P Bk Hith & A5 MIE BETEREFEMEAR BFlEBizss

(0.009) (0.010) fE (0.012)

(0.011)



Table 7. Modeling last visit’s Class 2 with top 10 ICD codes and probability.

Top Stage1 Stage 2 Stage 3 Stage 4 7 Pge 5
10 e
1 2727 401.90 402 402 402
Lipidoses Essential Hypertensive heart ~ Hypertensive heart ~ Hypertensive heart
BERH{RBIRE R hypertension, disease disease disease
(0.074) unspecified 725 B VS 5 I B VS 5 D B 7S
AREM S MR (0.090) (0.049) (0.054)
(0.046)
2 466.0 466.0 272.7 466.0 272.7
Acute bronchitis Acute bronchitis Lipidoses Acute bronchitis Lipidoses
SMZREX SMZRER AR 51 R Bt SMZRERX RERR X5 R B
(0.055) (0.037) (0.034) (0.030) (0.030)
3 571.49 402 466.0 272.7 466.0
Other chronic Hypertensive heart ~ Acute bronchitis Lipidoses Acute bronchitis
hepatitis disease SMZREX REAR X 51 R B SMXREX
HARIS MR = I B CNBRR (0.031) (0.028) (0.026)
(0.028) (0.033)
4 5212 2727 272.4 272.4 272.4
Abrasion Lipidoses Other and unspecified Other and unspecified Other and unspecified
FegREIE BERRIC SIS hyperlipidemia hyperlipidemia hyperlipidemia
(0.018) (0.029) HithSAEE ME Hith = BaE M fE H{th S RaE M fE
(0.031) (0.023) (0.023)
5 461 272.4 466.11 780.50 4151

Jakob-Creutzfeldt

Other and unspecified

Acute bronchiolitis

Sleep disturbances,

Pulmonary embolism

disease hyperlipidemia due to respiratory unspecified and infarction
SMRER HL{th = RE E I fiE syncytial virus(RSV)  EERE[EHE fifit 28 R A 28
(0.017) (0.018) IFRERMSHESIE  (0.016) (0.015)
ZRMHATRER
(0.015)
6 466.11 272.3 401.90 466.11 466.11
Acute bronchiolitis Hyperchylomicronemi Essential Acute bronchiolitis Acute bronchiolitis
due to respiratory a hypertension, due to respiratory due to respiratory
syncytial virus(RSV) S %L BRI I fiE unspecified syncytial virus(RSV)  syncytial virus(RSV)
HIRERMESRSSIE  (0.018) AR&MES MER WIRERMSRSSIE WREMNSHSSIE
ZRMHATRER (0.015) ZRMEZRERX ZSMEZRER
(0.015) (0.015) (0.014)
7 V70.6 784.2 780.50 250.92 250.42
Health examination in Swelling, mass, or Sleep disturbances, Diabetes with Diabetes with renal
population surveys lump in head and unspecified unspecified manifestations, Type
2AOTEZ@ER  neck FERRFEE complication, Type Il 1l
= AR R BRAR Z BBARSY  (0.014) BERFEHEHBEZ BRAHBEBREIE
(0.013) FER BTR ZHEH
(0.017) (0.013) (0.012)
8 5238 571.49 250.42 401.90 401.90
Other specified Other chronic Diabetes with renal Essential Essential
periodontal diseases hepatitis manifestations, Type hypertension, hypertension,
HittEE F BERS Hithi2MAFR Il unspecified unspecified
(0.010) (0.015) RERHABRRE ABMSIE AR R
ZE "R (0.012) (0.012)
(0.012)
9 5375 275.40 250.62 250.62 250.92
Gastroptosis Unspecified disorders Diabetes with Diabetes with Diabetes with
BTE of calcium metabolism neurological neurological unspecified
(0.010) R BESR manifestations, Type manifestations, Type complication, Type I
(0.012) I I BRAMBHIBEZ
BRANAERCER BREANEREER s—m
RBZE_R RBZE_R (0.012)
(0.012) (0.012)
10 537.89 466.11 403 461 780.50
Other specified Acute bronchiolitis Hypertensive renal Acute sinusitis Sleep disturbances,
disorders of stomach due to respiratory disease SHEEX unspecified
and duodenum syncytial virus(RSV) =i EM BiEER (0.011) FERR PSR
BRt a2 H NRERSHESSIE (0.012) (0.011)

BERR
(0.010)

ZEMET RER
(0.011)



After comparing two classes top 10 ICD codes in table 6 and 7, we may infer

that class 1 is a type of diabetic patients who has higher possibility to have kidney

related diseases, while class 2 is a type of diabetic patients who is more likely to

have lung related diseases.

4.4 Patient examples

We are also interesting in how patient evolve from stage to stage. Three

patients’ data are picked for us to inspect the change of stages and what diseases

they have during each stage. We omitted diseases which appear less times.

The first one is patient no. 851, she was 78 years old and was assigned to class

2. According to her record date, she hasn’t been going to the hospital for long, and

she has been in stage 3 since 200102.

Table 8. Patient 851°s diabetes progression status.

Stage 2 (200909~201102)

Stage 3 (201102~201211)

401.1

Benign essential hypertension 24
times

LM AEMEE e R 24X
465.9

Acute upper respiretory infections
of unspecified site 20 times
Ereng g 205

465.9

Acute upper respiretory infections of
unspecified site 15 times

Al g4 15

401.1

Benign essential hypertension 12
times

AL E LR 12

461.9

Acute sinusitis, unspecified 1 times
ERAE L 1=

The second patient is patient no. 3306, he was 69 years old and was assign to

class 1. He has climbed from stage 1 to stage 5 in only one month, the progressing

speed is fast.




Table 9. Patient 3306’s diabetes progression status.

Stage 1 (200901~200902)

Stage 5 (200902~201212)

401.9

Essential hypertension,
unspecified 2 times
AptE LR 2%

401.9

Essential hypertension, unspecified 65
times

g3 o B 65

727.00

Synovitis and tenosynovitis,
unspecified 19 times

AR R 19=x

272.4

Other and unspecified hyperlipidemia
15 times

Hugmfen 15=

The last one is patient no. 4569, she was 76 years old and was assigned to class

1. She has the longest record of the three all, and she has turned from stage 1 to stage

3 in two months.

Table 10. Patient 4569’s diabetes progression status.

Stage 1
(200201~200201)

465.9

Acute upper
respiretory infections
of unspecified site 3
times

AR eBsgr L 3

=

Stage 2 Stage 3
(200201~200202) (200202~201212)
571.40 401.9
Chronic hepatitis, Essential
unspecified 3 times hypertension,
M EFY 3% unspecified 122
401.1 times
Benign essential ARt e B 122
hypertension 2 =
times 274.0
LA EEF R Gouty arthropathy
2% 66 times
L EA R
66-<

After look into the above three patient records, we know that patients usually

don’t cross all stages. In lower stages, they tend to climb fast. On the other hand, the
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Cross entropy

higher their stage number is the slower they evolving, in other words, they stay at

higher stages for longer time period.

4.5 Cross entropy

We also want to know that whether different classes with same stage have the
same diseases or not as the stages went higher. To find out the answer to this
question, we need to compute the cross entropy between classes. We calculate cross

entropy using formula (12). (Danescu-Niculescu-Mizil et al. 2013)
Hg(c1,¢3) = H's(cq,¢5) + H's(cz,¢1) (12)
HIS(CII CZ) = Exij|Ci=C2,Sij=S[_logp(xij|®(C1' S))] (13)

After cross entropy value has been computed, we got the results plotted in
figure 5. We can conclude from figure 5 that as the stage go higher, the diseases in
different class same stage will be more alike, since the line decrease after stage 3.
This phenomenon is quit identical to chronic diseases’ progression. For a chronic
disease like diabetes, when the disease is getting worse, the symptoms will be more

common, which match our results.

Figure 5. Cross entropy for last visit and random visit stages.

Last Visit Random Visit

7.0

6.5

6.0

54 56 58 60 62 64 66

55

Stage Stage
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5 Conclusions

In this paper, we use a model made by previous study to model diabetic
patient data. Our experiments showed that our model’s performance is
consistent with previous finding. In addition, our model’s accuracy is better
than logistic regression and is almost as good as baseline 2. As for the classes
we found, the results have provided some insights for different type of diabetic
patients. Moreover, by looking into each patient evolving pattern, we find that
after moving to higher stage, i.e. 3 or above, the evolving rate is slower, which is
areasonable phenomenon for chronic diseases. Lastly, the cross entropy test
has suggested the same trend as chronic disease’s progression pattern.

However, there are still some improvements that can be done in the future,
for example, allowing each patient sequence belongs to multiple classes or

using different chronic disease patient data.
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