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Abstract—The principal benefit of clinical guidelines is to
improve the quality of care received by patients. Although risk
factors are defined in clinical guidelines, the semantics of diseases
in terms of the weights of treatment is somehow indecipherable.
We assume that there are different effects to the fulfillment of
prevention management among the diseases’ categories such as
main diseases and sub diseases. To this end, we analyze the
effect of the semantics of diseases that are risk factors when
prevention management fees are calculated, by using propensity
score matching (PSM). Our key idea to tackle the problem of
identifying the important categories of diseases for an analytical
purpose is to decompose diseases into the sub categories based
on the importance to the fulfillment of prevention management
and apply PSM to each of the sub categories for estimating
the effects derived from odds ratios using observational data.
In this paper, diseases are divided into three categories: main
diseases, comorbidities and complications. As the case study, we
focus on the pulmonary thromboembolism (PTE) where cancers
are regarded as part of the risk factors. We use the diagnosis
procedure combination data of 44,257 patients from Jan 1, 2014
to Mar 31, 2018 in University of Miyazaki Hospital. The odds
ratios between disease and non-disease groups adjusted by PSM
based on six covariates showed that the ranking of the significant
diseases’ categories at the calculation of the PTE’s prevention
management fee is followed by main diseases, complications and
comorbidities.

Index Terms—propensity score matching, semantics, diseases,
prevention management fees

I. INTRODUCTION

Clinical guidelines are “statements that include recommen-
dations, intended to optimize patient care, that are informed
by a systematic review of evidence and an assessment of
the benefits and harms of alternative care options” [1]. The
principal benefit is to improve the quality of care received
by patients [2]. Promoting interventions of proved benefit and
discouraging ineffective ones by guidelines have the potential
to reduce morbidity and mortality [2].

However, as for risk factors in clinical guidelines, the
semantics of diseases in terms of the weights of treatment
is somehow indecipherable. For example, although one of
the risk factors of the pulmonary thromboembolism (PTE) is
defined as cancers [3], its category from the aspect of the

priority of treatment such as main diseases or sub diseases that
contain comorbidities and complications could not be explic-
itly identified. We assume that there are different effects to the
fulfillment of prevention management among the categories of
diseases. With the significant diseases’ categories for a certain
purpose are elucidated, the knowledge could be useful for
analytical purposes such as the prediction of the fulfillment of
the PTE’s prevention management when patients are admitted
to hospital.

In order to tackle the problem of identifying the important
categories of diseases for an analytical purpose, our key idea
is to decompose diseases into the sub categories based on the
importance to the fulfillment of prevention management and
apply a propensity score matching method to each of the sub
categories for estimating the effects by using odds ratios from
observational data.

Several propensity score analyses have been conducted in
medicine [4]–[6], and Leeper et al. [7] considered the seman-
tics of variables based on the relationship among variable
names, the corresponding concepts, and the corresponding
terms mentioned in clinical notes, by exploiting medical on-
tologies. However, there have been no studies that analyze the
effect of the semantics of diseases in terms of the importance
of an aspect under consideration by exploiting propensity score
matching.

II. OBJECTIVE

The objective of this paper is to analyze the effect of the
semantics of diseases that are risk factors when prevention
management fees are calculated, exploiting a propensity score
matching method. As the case study, we focus on the pul-
monary thromboembolism (PTE) to analyze the effect of the
semantics of diseases for the prevention management fee of
the PTE.

III. METHODS

A. Data acquisition

The diagnosis procedure combination (DPC) data of 44,257
patients from Apr 1, 2014 to Mar 31, 2018 in University of
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Fig. 1. The hierarchical structure of diseases’ categories.

Miyazaki Hospital were used. The DPC data include discharge
abstract and administrative claims data [8].

The treatment assignment variable of propensity score
matching as the dependent variable was each of the dis-
eases’ categories of cancers. Diseases were divided into main
diseases and sub diseases in terms of the priority of treat-
ment. The sub diseases were divided into comorbidities and
complications, thus the total number of diseases’ categories
was three in this study. The hierarchical structure of the
diseases’ categories is represented by Fig.1. The covariates
as the independent variables were age, male, female, BMI,
smoking and cancer stage classification. The outcome variable
was the prevention management fee of the PTE. In the DPC
data, the six covariates and the treatment assignment variable
were collected from the discharge abstract and the outcome
variable was collected from administrative claims data.

B. Procedures

The all variables we used were binary where the value is
0 or 1. The six covariates were processed to transform the
binary variables based on its risk other than the variables of
sex by the conditions as shown in Table I. The value of age
was 1 if the age is 65 years old or more that indicates elderly
[9], 0 otherwise. Due to data we used, the value of male was
1 if the corresponding value of sex is 1, 0 otherwise. The
value of female was 1 if the corresponding value of sex is 2,
0 otherwise. The value of the body mass index (BMI) was 1 if
the BMI is 25 or more as overweight, 0 otherwise. The value
of smoking was 1 if the brinkman index is 600 or more [10],
0 otherwise. The value of cancer was 1 if the cancer stage is
3 or 4, 0 otherwise.

C. Statistical analysis

In order to exclude the influence of the confounding in
the comparison of outcomes between two groups derived
from observational data, propensity score matching adjusted
covariates of two groups, which are a group of patients who
have cancers (disease group) and a group of patients who
do not have cancers (non-disease group). Propensity score

methods can reduce the effects of confounding by adjusting the
distribution of observed covariates between two groups based
on the propensity score [11]. The propensity score is defined
as “the conditional probability of assignment to a particular
treatment given a vector of observed covariates” [12].

A logistic regression model was performed to attain the
propensity scores of each patient that are the probability of
diseases in this study.

A nearest neighbor matching algorithm was employed to 1:1
matching of the propensity scores between the disease group
and non-disease group. In the matching, a caliper of width
was set to 0.2 of the standard deviation of the logit of the
propensity score. We use a package MatchIt [13] to perform
propensity score matching.

To measure the covariate balance, the standardized mean
difference (SMD) was employed by using a package tableone
[14]. A standard difference of less than 0.1 has been supported
the assumption of balance between two groups [15].

We exploit odds ratios to estimate the effect of the semantics
of diseases. The odds ratio (OR) is computed as follows

OR =
p1/ (1− p1)

p0 /(1− p0)
(1)

where p1 and p0 denote the probability of the fulfillment of
the prevention management of the PTE in the disease group
and non-disease group, respectively.

The c-statistic of the propensity score model was employed
to confirm the discrimination power between the disease group
and non-disease group. It is equal to the area under the receiver
operating characteristic curve and it is derived from a package
pROC [16].

These statistical analyses were executed on R [17].

IV. RESULTS

For the study of main diseases, Table II indicated that the
disease group and non-disease group are 12,583 and 31,674,
respectively. By using propensity score matching, the matched
samples of the disease group and non-disease group were

TABLE I
THE CONDITIONS OF THE SIX COVARIATES

Covariate
name Condition
age 1 if the age is 65 years old or more, 0 otherwise.

male 1 if the corresponding value of sex is 1, 0 otherwise.
female 1 if the corresponding value of sex is 2, 0 otherwise.
BMI 1 if the body mass index is 25 or more, 0 otherwise.

smoking 1 if the brinkman index is 600 or more, 0 otherwise.
cancer 1 if the cancer stage is 3 or 4, 0 otherwise.

TABLE II
THE SAMPLE SIZES OF MAIN DISEASES’ STUDY

Non-disease group Disease group
All 31674 12583

Matched 10093 10093
Unmatched 21581 2490



10,093. The unmatched samples of the two groups were 2,490
and 21,581, respectively. Other than the variables of sex, the
SMD of each covariate was less than 0.1, as shown in Table III.
Before propensity score matching, the odds ratio between the
two groups was 1.4, 95 % CI 1.34 - 1.47, P < 0.001 (written
as “unadjusted” in Table IV). After propensity score matching,
the adjusted odds ratio between the two groups was 1.41, 95 %
CI 1.33 - 1.5, P < 0.001 (written as “Adjusted by propensity
score matching” in Table IV). The c-statistic was 0.7059, 95%
CI 0.7003-0.7115.

For the study of comorbidities, Table V indicated that the
disease group and non-disease group are 4,692 and 39,565,
respectively. By using propensity score matching, the matched
samples of the disease group and non-disease group were
4,692. The unmatched sample of the non-disease group was
34,873. There was no unmatched sample of the disease group.
The SMD of all covariates was less than 0.1, as shown in
Table VI. Before propensity score matching, the odds ratio
between the two groups was 1.19, 95 % CI 1.11 - 1.27, P <
0.001 (written as “unadjusted” in Table VII). After propensity
score matching, the adjusted odds ratio between the two groups
was 1.09, 95 % CI 1.0 - 1.2, P < 0.1 (written as “Adjusted by
propensity score matching” in Table VII). The c-statistic was
0.6504, 95% CI, 0.6419-0.6589.

For the study of complications, Table VIII indicated that
the disease group and non-disease group are 1,697 and 42,560,
respectively. By using propensity score matching, the matched
samples of the disease group and non-disease group were
1,697. The unmatched sample of the non-disease group was
40,863. There was no unmatched sample of the disease group.
The SMD of all covariates was less than 0.1, as shown in
Table IX. Before propensity score matching, the odds ratio
between the two groups was 1.14, 95 % CI 1.02 - 1.27, P
< 0.05 (written as “unadjusted” in Table X). After propensity
score matching, the adjusted odds ratio between the two groups
was 1.26, 95 % CI 1.08 - 1.48 , P < 0.01 (written as “Adjusted
by propensity score matching” in Table X). The c-statistic was

TABLE III
THE SMD OF MAIN DISEASES’ STUDY

Stratified by main disease
0 1 SMD

n 10093 10093
age = 1 (%) 6744 (66.8) 6640 (65.8) 0.022

male = 1 (%) 5413 (53.6) 6024 (59.7) 0.122
female = 1 (%) 4680 (46.4) 4069 (40.3) 0.122
BMI = 1 (%) 2679 (26.5) 2512 (24.9) 0.038

smoking = 1 (%) 2015 (20.0) 2241 (22.2) 0.055
cancer = 1 (%) 210 ( 2.1) 210 ( 2.1) < 0.001

TABLE IV
THE ODDS RATIOS OF MAIN DISEASES’ STUDY

Model
Odds ratio
( 95 % CI) P

Unadjusted 1.4 ( 1.34 - 1.47 ) < 0.001
Adjusted by propensity score matching 1.41 ( 1.33 - 1.5 ) < 0.001

TABLE V
THE SAMPLE SIZES OF COMORBIDITIES’ STUDY

Non-disease group Disease group
All 39565 4692

Matched 4692 4692
Unmatched 34873 0

TABLE VI
THE SMD OF COMORBIDITIES’ STUDY

Stratified by comorbidity
0 1 SMD

n 4692 4692
age = 1 (%) 3127 (66.6) 3061 (65.2) 0.030

male = 1 (%) 2642 (56.3) 2756 (58.7) 0.049
female = 1 (%) 2050 (43.7) 1936 (41.3) 0.049
BMI = 1 (%) 1025 (21.8) 1011 (21.5) 0.007

smoking = 1 (%) 867 (18.5) 1009 (21.5) 0.076
cancer = 1 (%) 868 (18.5) 868 (18.5) < 0.001

TABLE VII
THE ODDS RATIOS OF THE COMORBIDITIES’ STUDY

Model
Odds ratio
( 95 % CI) P

Unadjusted 1.19 ( 1.11 - 1.27 ) < 0.001
Adjusted by propensity score matching 1.09 ( 1.0 - 1.2 ) < 0.1

0.6248, 95% CI, 0.611-0.6386.
In these three studies (main diseases, comorbidities and

complications), before the propensity score matching, the
probabilities of the fulfillment of the prevention management
of the PTE in the disease group and non-disease group were
29.71 % vs 23.14 % (the difference 6.58 %, 95 % CI 5.66 -
7.5, P < 0.001), 27.98 % vs 24.66 % (the difference 3.33 %,
95 % CI 1.99 - 4.7, P < 0.001) and 27.4 % vs 24.91 % (the
difference 2.49 %, 95 % CI 0.38 - 4.7, P < 0.05), respectively.
After the propensity score matching, the probabilities of the
fulfillment of the prevention management of the PTE in the
disease group and non-disease group were 31.48 % vs 24.52
% (the difference 6.96 %, 95 % CI 5.72 - 8.19, P < 0.001),
27.98 % vs 26.24 % (the difference 1.75 %, 95 % CI -0.05
- 3.55, P < 0.1) and 27.4 % vs 22.98 % (the difference 4.42
%, 95 % CI 1.5 - 7.33, P < 0.01), respectively.

V. DISCUSSION

The results by using propensity score matching suggest
that the significant ranking of the diseases’ categories at the
calculation of the prevention management fee of the PTE based
on the adjusted odds ratios is followed by main diseases (1.41,
95 % CI 1.33 - 1.5, P < 0.001 ), complications (1.26, 95
% CI 1.08 - 1.48 , P < 0.01) and comorbidities (1.09, 95
% CI 1.0 - 1.2, P < 0.1). From the aspect of the weights
of treatment, the results of the adjusted odds ratios of the
studies of main diseases and sub diseases that compose of
comorbidities and complications could reasonably consider
that main diseases are more important than sub diseases. By
reducing the influence of the confounding based on propensity



TABLE VIII
THE SAMPLE SIZES OF THE COMPLICATIONS’ STUDY

Non-disease group Disease group
All 42560 1697

Matched 1697 1697
Unmatched 40863 0

TABLE IX
THE SMD OF THE COMPLICATIONS’ STUDY

Stratified by complication
0 1 SMD

n 1697 1697
age = 1 (%) 1149 (67.7) 1115 (65.7) 0.043

male = 1 (%) 950 (56.0) 975 (57.5) 0.030
female = 1 (%) 747 (44.0) 722 (42.5) 0.030
BMI = 1 (%) 373 (22.0) 389 (22.9) 0.023

smoking = 1 (%) 389 (22.9) 360 (21.2) 0.041
cancer = 1 (%) 228 (13.4) 262 (15.4) 0.057

TABLE X
THE ODDS RATIOS OF THE COMPLICATIONS’ STUDY

Model
Odds ratio
( 95 % CI) P

Unadjusted 1.14 ( 1.02 - 1.27 ) < 0.05
Adjusted by propensity score matching 1.26 ( 1.08 - 1.48) < 0.01

score matching, the adjusted odds ratio of the comorbidities’
study decreased, by contrast, the adjusted odds ratio of the
complications’ study increased. As shown by the adjusted
odds ratios of the studies of complications and comorbidities
(1.26 vs 1.09), it is assumed that the patient’s condition with
comorbidities is more stable than the patient’s condition with
complications.

The knowledge derived from this study or the estimated
effects of the three categories of diseases by the adjusted odds
ratios could be useful for predicting the fulfillment of the
prevention management of the PTE when patients are admitted
to hospital for the improvement of hospital management. The
semantic analysis has potential to apply to different case
studies as well as different categories of variables.

Regarding the evaluation of propensity score matching in
those analyses, the results of the SMD were mostly less than
0.1 other than the SMD of sex in the case of the main diseases’
study, thus the covariates were acceptably balanced between
the disease group and non-disease group. Furthermore, as the
results of the c-statistic of the propensity score models for
the studies of three categories of diseases were more than
60 %, the two groups were tolerably discriminated by the
propensity scores. Therefore, propensity score matching for
the three categories of diseases was well performed by the
evaluation measures of the SMD and the c-statistic.

A limitation of propensity score matching is that unobserved
variables can not be included in propensity score analyses.
Another limitation is that propensity score matching brought
about a number of unmatched patients in the two groups.
For example, in the case of the comorbidities’ study and the

complications’ study, the unmatched patients of the disease
groups were 34,873 and 40,863, respectively.

VI. CONCLUSION

This study analyzed the effect of the semantics of diseases in
terms of the weights of treatment in which the semantic types
of diseases are main diseases, comorbidities and complications
to prevention management fees, by using propensity score
matching. The results of the adjusted odds ratios showed that
the ranking of significant diseases’ categories at the calculation
of the prevention management fee of the PTE is followed by
main diseases, complications and comorbidities. The acquired
knowledge could be useful for building a prediction model
of patients who are admitted to hospital for the improvement
of hospital management. The semantic analysis of variables
in terms of the importance of an aspect under consideration
by exploiting propensity score matching could be applied
to different case studies as well as different categories of
variables.
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