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Abstract
This study aimed to develop a method to enable the financial estimation of each patient’s uncertainty without focusing on 
healthcare technology. We define financial uncertainty (FU) as the difference between an actual amount of claim (AC) and 
the discounted present value of the AC (DAC). DAC can be calculated based on a discounted present value calculated using 
a cash flow, a period of investment, and a discount rate. The present study considered these three items as AC, the length of 
hospital stay, and the predicted mortality rate. The mortality prediction model was built using typical data items in standard 
level electronic medical records such as sex, age, and disease information. The performance of the prediction model was 
moderate because an area under curve was approximately 85%. The empirical analysis primarily compares the FU of the top 
20 diseases with the actual AC using a retrospective cohort in the University of Miyazaki Hospital. The observational period 
is 5 years, from April 1, 2013, to March 31, 2018. The analysis demonstrates that the proportion of FU to actual AC is higher 
than 20% in low-weight children, patients with leukemia, brain tumor, myeloid leukemia, or non-Hodgkin’s lymphoma. For 
these diseases, patients cannot avoid long hospitalization; therefore, the medical fee payment system should be designed based 
on uncertainty. Our method is both practical and generalizable because it uses a small number of data items that are required 
in standard electronic medical records. This method contributes to the decision-making processes of health policymakers.

Keywords Discounted present value · Electronic medical record · Mortality prediction model · Uncertainty

Introduction

Background

Regarding the development of health economics, uncer-
tainty has been one of the most important issues in medi-
cine for many years. In 1963, a classic study suggested that 
uncertainty is due to information or knowledge asymme-
try between patients as consumers and medical staffs as 

suppliers [1]. In other words, the medical knowledge of 
the staff is too difficult and complex for patients to under-
stand. Another study explained that there are various types 
of uncertainty, such as diagnosis and administration [2]. 
Theoretical studies on the definition of uncertainty can be 
categorized into three types. The first is a systematic clas-
sification that subdivides uncertainty into three composite 
factors (personal, practical, and scientific) [3], from disease- 
to patient-oriented [4], and other three types of uncertainty 
(conceptual, methodological, and ethical) [5]. The second 
is a qualitative approach that clarifies the uncertainty that 
clinicians often face, such as attention deficit hyperactivity 
disorder [6], primary health care [7], and prostate cancer 
[8]. The third is a specific theme to develop a new analytic 
method, such as evaluating the degree of an effect [9, 10].

Recently, cost-effective analysis was developed from mul-
tivariate sensitivity analysis using the Bayesian approach 
[11]. Almost all the existing research used a model-based 
approach by employing the following standard procedures: 
(1) model formularization, (2) parameter setting, and (3) 
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effect estimation [12–23]. An artificial database was cre-
ated for the estimation. Based on the results, various future 
simulations indicate the threat to the existing medical care 
system, such as social health insurance. Moreover, these 
studies contribute to building a guideline for health tech-
nology assessment (HTA). Thus, these studies can be called 
the model-technology-based approach.

However, only a few research articles have analyzed 
existing databases to evaluate medical uncertainty despite 
the importance of cost estimation of pharmacy services 
[24–26]. In addition, previous studies have not evaluated 
each patient’s uncertainty because they focused on indi-
viduals by following the guideline of HTA [27]. The use of 
observational real-world data recorded by each patient has 
been suggested in the past 10 years [11]. Since the second-
ary use of electronic medical records (EMRs) as real-world 
data is now imminent, it is essential to integrate methods 
with concrete data items that are mandatory to record in the 
standard level EMRs in estimating uncertainty. After review-
ing the existing studies, the present research recommends the 
data-patient-based approach explained below.

Study objective

The objective of the present study is to develop a method 
to estimate the financial uncertainty (FU) of each patient 
based on a discounted present value (DPV)—one of the most 
popular methods in economics. This method will be appli-
cable to standard EMRs; it uses only three items—the AC 
of medical fees, length of hospital stay (LHS, calculated as 
days), and predicted mortality rate (PMR). Based on a pre-
diction model, some explorative variables that can be used 
to explain patients’ condition were employed from existing 
EMRs to estimate the PMR.

Methods

Study design and participants

A retrospective cohort for data analysis was constructed 
using EMRs of the University of Miyazaki Hospital. The 
study period is 5 years, from April 1, 2013 to March 31, 
2018. The use of these records was approved by the Com-
mittee of Medical Ethics, University of Miyazaki (ethics 
approval number O-0758). The following two raw databases 
were used to create the cohort: (1) patient information, 
which includes the date of hospitalization and discharge as 
well as patients’ characteristics, such as sex, age, and disease 
information, and (2) claim information, which includes the 
AC of the social health insurance system in Japan.

Figure 1 shows the process of cohort creation. The patient 
information was recorded by the  patient identification (patient 

ID) and the date of hospitalization implemented as the unique 
key of the cohort. Furthermore, the mortality was evaluated at 
only the present hospitalization (date of hospitalization is 1 in 
Fig. 1) because previous hospitalization can be considered that 
patients didn’t die. On the other hand, the claim information was 
summarized by the patient ID and the date of hospitalization 
(called the summarized claim information).

After the preparation of these databases above, the 
cohort was created by merging the patient information and 
the summarized claim information. With this data merging, 
there were two exclusion criteria as follows: unmerged data 
and missing values in explorative variables. As a result of 
data merging, two types of the cohort were created (DS1 
and DS2). DS1 was recorded by the patient ID by keeping 
information only about the present hospitalization to build 
a mortality risk prediction model. As the evaluation of the 
mortality was implemented at only the present hospitaliza-
tion, it was necessary for appropriate model building to use 
records about only the present hospitalization. On the other 
hand, DS2 keeps all records to estimate FU by each hospi-
talization during the observation period.

Furthermore, DS1 and DS2 were divided into two sub-
groups, new and existing groups. These groups were allo-
cated by whether each hospitalization can refer to informa-
tion about the previous hospitalization. For example, the 
patient ID 1 in Fig. 1 records both the new group at the date 
of hospitalization 2 that cannot refer to the date 3 and the 
existing group at the date 1 that can refer to the date 2. These 
groups were implemented because prospective variables for 
model building differed according to whether patients can 
use information about the previous hospitalization.

Outcome measure

According to a fundamental textbook in economics [28], 
DPV can be calculated using the formula for estimating 
uncertainty at different times as follows:

where c is the cash flow at t years (called a future value); r 
is a discount rate, and t is the period of investment (years). 
The present study aims to convert this formula to calculate 
a discounted AC (DAC) as follows:

where c
0
 is the future value of the AC; p

0
 is the PMR used 

as the discount rate; l
0
 is the mean LHS in the cohort that is 

used to convert each p
0
 to daily values (called a daily PMR 

(DPMR)), and l
1
 is the actual LHS of each hospitalization 

as the number of exposure days to the treatment risk. The 

DPV =
c

(1 + r)t

DAC =
c
0

(1 + p
0
∕l

0
)l1
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primary outcome measure is FU, which is the difference 
between the actual AC and DAC.

Mortality risk prediction model

The objective variable for the risk prediction model is mor-
tality because mortality is a typical hard endpoint for an 
acute medical condition in medical organizations, includ-
ing the University of Miyazaki Hospital [29, 30]. Some 
previous studies have compared mortality to major patient 

characteristics (such as sex, age, and diagnosis of disease) 
[31], LHS [32], and readmission because patients have sar-
copenia or not [33].

In this study, the following 15 explorative variables were 
created to build the prediction model: (1) sex; (2) age; (3) 
body mass index (BMI); (4) smoke (yes or no); (5) activi-
ties of daily living ((ADL) yes or no); (6) Japan Coma Scale 
((JCS) yes or no); (7) cancer information (yes or no); (8) 
operation (yes or no); (9) plan change (yes or no); (10) 
comorbidity (yes or no); (11) post-hospital disease (yes or 

Fig. 1  Data processing flow-
chart
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no); (12) ADL transition (no to no, no to yes, yes to no, or 
yes to yes); (13) JCS transition (no to no, no to yes, yes to no, 
or yes to yes); (14) LHS (calculated as the date of discharge 
at last hospitalization minus date of last hospitalization plus 
1); (15) passed time until present hospitalization ((PTUPH) 
calculated as the date of present hospitalization minus date 
of discharge at last hospitalization plus 1). The 1st to 7th 
variables were implemented on both the new and existing 
groups because they are extracted from information about 
only present hospitalization, which is before the intervention 
of the present hospitalization. The 8th to 15th variables were 
implemented on only the existing group because they can be 
extracted from information about the last hospitalization.

These explorative variables have been explained in detail. 
ADL was coded as a binary system as follows: no (patients 
with ADL code “2312132222,” which means they need  
no assistance with ADL) or yes (otherwise). This code con-
sists of ten digits that explain ten types of physical condi-
tions, such as diet, excretion, and walking. If this code is 
“2312132222,” patients have no difficulty with these ten 
points. JCS was coded as a binary system as follows: no 
(missing value or zero) or yes (otherwise). A plan change, 
which was created from our previous study [34], is as fol-
lows: “A plan change would be implemented if the ICD-10 
of the main disease differs from that of the disease for which 
medical resources were implemented, or if there is exist-
ence of disease with secondary implementation of medical 
resources.” Additionally, the ICD-10 means the 10th revi-
sion of the International Statistical Classification of Diseases 
and Related Health Problems. ADL or JCS transition was 
a comparison of hospitalization and discharge of the four 
categories above.

Statistical methods

The statistical analyses in the present study were divided 
into three parts. First, a crude mortality rate (CMR) was 
calculated using each explorative variable. While compar-
ing the CMR, a chi-squared test was performed on all the 
categorical variables. Additionally, Student’s t-test was con-
ducted on four continuous variables—age, BMI, LHS, and 
PTUPH.

Second, a logistic regression model was built to predict 
the mortality rate using the 15 explorative variables. Despite 
the four continuous variables, the variable was always cat-
egorical because it reveals the clinical characteristics, such 
as childhood, adulthood, or elderly. The regression was 
conducted as both univariate and multivariate analyses. A 
variable is used in the multivariate model if, based on the 
recent standard procedure, its p-value is less than 0.25 in the 
univariate model [35]. An area under the curve (AUC) was 
implemented as supplemental information about this model-
building procedure. AUC is an area of a receiver operating 

characteristics curve that is drawn using a true positive rate 
(vertical axis) and a false positive rate (horizontal axis) [36].

Finally, the third part was to estimate FU using the DAC 
equation. When PMR is converted to daily value (called 
daily PMR (DPMR)), l

0
 is 17.3  days (new group) and 

19.0 days (existing group). The FU was estimated to evaluate 
the influence of the FU of each disease using three heading 
of ICD-10.

All statistical analyses were performed using SAS Uni-
versity Edition (SAS Institute Inc., NC, USA).

Results

Table 1 presents the number of patients and CMR of each of 
the 15 explorative variables.

Based on the variable selection using the univariate 
model (Table 2), the odds ratio (OR) of the multivariate 
model used to estimate the PMR were calculated (Table 3). 
Additionally, the AUC was calculated within a 95% con-
fidence interval as follows (in parentheses): (1) new 
group = 0.844 (0.823, 0.861) and (2) existing group = 0.859 
(0.842, 0.878).

Table 4 presents the total actual AC of the top 20 diseases 
and compares the FU in both actual value amount and a 
percentage to the actual AC. In the table, five diseases are in 
bold because their rate of FU is higher than 20%. The actual 
AC and the FU are USD 462,873 thousand and USD 40,638 
thousand for all diseases, and USD 154,341 thousand and 
USD 17,017 thousand for the top 20 diseases.

Discussion

Key result

The results have both theoretical and clinical implications 
based on various statistical values, such as CMR, OR, AUC, 
the rate of FU, and mean LHS or DPMR (Tables 1, 2, 3 and 
4). As indicated in Table 1, in each category, there are dif-
ferences in the CMR of the 15 explorative variables. In par-
ticular, JCS (yes for both groups), LHS (which is less than 
28 in the existing group), and PTUPH (which is equal to or 
less than 7 in the existing group) have higher values than the 
other category, implying that patients must take emergency 
readmission if PTUPH is equal to or less than 7.

While building the model (Tables 2 and 3), five and 13 
variables were used in the multivariate model for the new 
and existing groups, respectively. The present study does 
not discuss a validity of patient classification based on AUC 
of the prediction model such as a criterion of an inspec-
tion because the present study uses PMR as a characteristic 
value to estimate FU of each patient outside actual treatment. 
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Table 1  List of the 15 
explorative variables

Variable Total
(N = 29,457)

Death
(n = 857)

CMR (%) P value

(a) Participants in new group 20,309 472 2.3 -
Sex

Male 10,393 288 2.8  < .0001
Female 9,916 184 1.9

Age (years)
0–19 2,898 47 1.6  < .0001
20–64 8,407 124 1.5
65–74 4,272 114 2.7
74 < 4,732 187 4.0

BMI
 < 18.5 3,722 118 3.2 0.0052
18.5 to < 25.0 11,327 252 2.2
25.0 to < 30.0 4,179 85 2.0
30.0 to < 35.0 832 14 1.7
35.0 to < 40.0 174 2 1.1
40 ≤ 75 1 1.3

Smoke
No 14,283 272 1.9  < .0001
Yes 6,026 200 3.3
ADL
No 10,464 43 0.4  < .0001
Yes 9,845 429 4.4
JCS
No 18,195 214 1.2  < .0001
Yes 2,114 258 12.2

Cancer information
No 17,352 383 2.2 0.0074
Yes 2,957 89 3.0

(b) Participants in existing group 9,148 385 4.2 -
Sex

Male 4,883 248 5.1  < .0001
Female 4,265 137 3.2

Age (years)
0–19 819 19 2.3 0.0055
20–64 3,734 146 3.9
65–74 2,383 120 5.0
74 < 2,212 100 4.5

BMI
 < 18.5 1,519 117 7.7  < .0001
18.5 to < 25.0 5,208 208 4.0
25.0 to < 30.0 1,939 45 2.3
30.0 to < 35.0 388 12 3.1
35.0 to < 40.0 61 2 3.3
40 ≤ 33 1 3.0

Smoke
No 5,892 230 3.9 0.0507
Yes 3,256 155 4.8

ADL
No 5,455 55 1.0  < .0001
Yes 3,693 330 8.9

JCS
No 8,788 303 3.4  < .0001
Yes 360 82 22.8

Cancer information
No 5,727 144 2.5  < .0001
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However, the performance of the model was moderate 
because AUC is approximately 85% in both groups.

As indicated in Table 4, the FU of each disease differs 
significantly. The rate of FU (the percentage of the FU 
to the actual AC) in the five diseases in bold is greater 
than 20% because there was a higher value in their DPMR 
values compared to the other 15 diseases that are not in 
bold. Individually, the DPMR of C71 (brain tumor) was 
remarkably higher than that of the other four diseases in 
bold because physical function would often be impaired. 
Namely, brain tumor patients recorded a higher DPMR 
because their ADL (one of the explorative variables) 
tended to be “yes” with a higher OR than the other vari-
ables. Next, the mean LHSs of P07 (low-weight child), 
C91 (lymphocytic leukemia), and C92 (myeloid leukemia) 

were remarkably longer than those of the other 15 dis-
eases that are not in bold. The reason is different for P07 
and others. It is difficult for P07 patients to decide on how 
long medical staff should keep treating them because they 
are akin to newborn babies under precarious conditions. 
However, as per clinical guidelines, patients with C91 or 
C92 must stay in a clean room for a long time because rein-
forced chemotherapy is often carried out on them [37–40]. 
Finally, the mean DPMR and LHS of C85 (non-Hodgkin’s 
lymphoma) is less than those of the other four diseases in 
bold. However, the rate of FU is greater than 20% because 
the mean DPMR is higher than those of the 15 diseases that 
are not in bold. Although C85 is similar to C91 or C92 as a 
blood cancer [41], the reason for the higher rate is different 
among C85, C91, and C92.

ADL Activities of daily living, BMI Body mass index, JCS Japan Coma Scale, LHS Length of hospital stay 
PTUPH Passed time until present hospitalization

Table 1  (continued) Variable Total
(N = 29,457)

Death
(n = 857)

CMR (%) P value

Yes 3,421 241 7.0
Operation

No 4,701 238 5.1  < .0001
Yes 4,447 147 3.3

Plan change
No 1,241 30 2.4 0.0007
Yes 7,907 355 4.5

Comorbidity
No 618 10 1.6 0.0009
Yes 8,530 375 4.4

Post-hospital disease
No 1,177 36 3.1 0.0353
Yes 7,971 349 4.4

ADL transition
No to no 4,628 133 2.9  < .0001
Yes to no 900 55 6.1
No to yes 998 37 3.7
Yes to yes 2,622 160 6.1

JCS transition
No to no 8,826 365 4.1 0.3178
Yes to no 233 15 6.4
No to yes 14 1 7.1
Yes to yes 75 4 5.3

LHS (days)
 ≤ 7 2,861 65 2.3  < .0001
7 to ≤ 14 2,583 97 3.8
14 to ≤ 21 1,548 59 3.8
21 to ≤ 28 776 41 5.3
28 < 1,380 123 8.9

PTUPH (days)
 ≤ 7 370 37 10.0  < .0001
7 to ≤ 28 1,794 96 5.4
28 < 6,984 252 3.6



Journal of Medical Systems           (2021) 45:98  

1 3

Page 7 of 12    98 

Table 2  Odds ratio in the 
prediction model (univariate 
analysis)

Variable New group (n = 20,309) Existing group (n = 9,148)

OR (95% CI) P value OR (95% CI) P value

Sex
Male Ref Ref
Female 0.663 (0.550, 0.800)  < .0001 0.620 (0.501, 0.767)  < .0001

Age (years)
0–19 Ref Ref
20–64 0.908 (0.647, 1.274) 0.5766 1.713 (1.056, 2.780) 0.0293
65–74 1.663 (1.180, 2.344) 0.0037 2.233 (1.367, 3.647) 0.0013
74 < 2.496 (1.807, 3.448)  < .0001 1.994 (1.213, 3.278) 0.0065

BMI
 < 18.5 Ref Ref
18.5 to < 25.0 0.695 (0.557, 0.868) 0.0013 0.498 (0.394, 0.630)  < .0001
25.0 to < 30.0 0.634 (0.478, 0.841) 0.0016 0.285 (0.200, 0.404)  < .0001
30.0 to < 35.0 0.523 (0.299, 0.914) 0.0230 0.382 (0.209, 0.700) 0.0018
35.0 to < 40.0 0.355 (0.087, 1.449) 0.1490 0.406 (0.098, 1.683) 0.2142
40 ≤ 0.413 (0.057, 2.994) 0.3814 0.374 (0.051, 2.764) 0.3355

Smoke
No Ref Ref
Yes 1.768 (1.470, 2.128)  < .0001 1.231 (0.999, 1.516) 0.0510

ADL
No Ref Ref
Yes 11.042 (8.060, 15.126)  < .0001 9.633 (7.218, 12.857)  < .0001

JCS
No Ref Ref
Yes 11.683 (9.687, 14.091)  < .0001 8.260 (6.295, 10.838)  < .0001

Cancer information
No Ref Ref
Yes 1.375 (1.088, 1.737) 0.0077 2.938 (2.379, 3.629)  < .0001

Operation
No Ref
Yes 0.641 (0.520, 0.791)  < .0001

Plan change
No Ref
Yes 1.897 (1.301, 2.768) 0.0009

Comorbidity
No Ref
Yes 2.793 (1.483, 5.259) 0.0015

Post-hospital disease
No Ref
Yes 1.451 (1.024, 2.057) 0.0363

ADL transition
No to no Ref
Yes to no 2.200 (1.593, 3.038)  < .0001
No to yes 1.301 (0.898, 1.886) 0.1641
Yes to yes 2.196 (1.736, 2.779)  < .0001

JCS transition
No to no Ref
Yes to no 1.595 (0.935, 2.720) 0.0863
No to yes 1.783 (0.233, 13.668) 0.5778
Yes to yes 1.306 (0.474, 3.595) 0.6054

LHS (days)
 ≤ 7 Ref
7 to ≤ 14 1.678 (1.220, 2.309) 0.0015
14 to ≤ 21 1.704 (1.192, 2.438) 0.0035
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Limitations

The present study has two limitations. The first is a theoreti-
cal issue from the study design using a retrospective cohort. 
Since our databases could record only a few data items of 
patients’ typical characteristics, such as sex, age, and dis-
ease, our results do not eliminate all confounding factors 
in compensation for the easy use of numerous participants.

The second is an insufficient discussion of the objective 
variable as the basis of the discount rate ( p

0
 ). Because data 

were easily collected from our databases, the objective vari-
able is patients’ mortality. However, mortality is not always 
appropriate as an objective variable. Various outcomes do 
not relate to mortality but have a considerable negative influ-
ence on patients’ quality of life [42, 43]. Furthermore, the 
use of extracorporeal membrane oxygenation would be nec-
essary to estimate the uncertainty of the coronavirus disease 
of 2019 [44]. Although their information is more difficult to 
record in EMRs as part of routine processing than mortal-
ity, their information comprises an appropriate additional 
event for estimating the discount rate. Therefore, objective 
variables should be decided based on the aims of each indi-
vidual study.

Significance

The primary contribution of this study is to develop a sys-
tematic method of estimate FU in medicine using DPV, one 
of the most fundamental economic methods. Although DPV 
is often calculated to estimate uncertainty in various indus-
tries, a method of uncertainty estimation in medicine has 
been developed by each patient. Our method can define FU 
in medicine as the difference between AC and DAC based 
on DPV. Therefore, the present study can contribute to ana-
lytic methods in health economics such as cost-effectiveness 
analysis.

In detail of the primary contribution, the practical value 
of our method is that it can contribute to decision-making 
in health policy worldwide, because of the following three 
novel reasons. First, our method is more systemic than 

that of previous studies because a few typical items (AC, 
LHS, and objective or explorative variables for model 
building) in standard EMRs are required to estimate FU; 
this means that the generalizability of the present study 
is high. Second, the method employs LHS as an exposure 
time of treatment risk in medicine but not an efficiency 
indicator. Although various research articles [45–49] have 
demonstrated the importance of decreasing LHS, the pre-
sent study has discussed LHS from different perspectives. 
Finally, the practice of attaching too much importance 
to decreasing LHS is criticized herein because of the 
social health insurance system in Japanese acute medical 
organizations called the Diagnosis Procedure Combina-
tion (DPC) payment system. In the DPC payment system, 
the revenue (equal to the daily AC herein) decreases daily 
[50]. This system provides medical organizations with an 
incentive to decrease LHS to improve efficiency. Some 
research articles have demonstrated the positive influence 
of this system [51, 52]. However, our empirical analysis 
indicates that patients with some diseases (the five dis-
eases in bold in Table 4) cannot avoid long-time hospi-
talization because of their uncertainty. Despite the incen-
tive of the DPC payment system, these diseases require 
long-time hospitalization to maintain safety. Therefore, 
these diseases would be inappropriate for the DPC pay-
ment system. Thus, several diseases that have higher levels 
of uncertainty should be excluded from the DPC system 
(which is a daily comprehensive payment system accord-
ing to each disease) to a volume payment system according 
to each treatment as a health policymaking issue.

Our secondary contribution is to improve the technique of 
model building. Our prediction model can predict a patient’s 
potential risk at hospitalization but not the discharge time. 
Almost all research uses a prediction model, such as a logis-
tic regression model, to evaluate the effectiveness of target 
treatment using all data item recorded during hospitalization. 
However, the explorative variables in our model are limited 
to items that can be recorded before treatment. Despite the 
difference in the data items in our model and the existing 
studies, our model has recorded a moderate level of AUC. 

ADL Activities of daily living, BMI Body mass index, CI Confidence interval, JCS Japan Coma Scale, LHS 
Length of hospital stay, OR Odds ratio, PTUPH Passed time until present hospitalization

Table 2  (continued) Variable New group (n = 20,309) Existing group (n = 9,148)

OR (95% CI) P value OR (95% CI) P value

21 to ≤ 28 2.399 (1.610, 3.577)  < .0001
28 < 4.209 (3.094, 5.726)  < .0001

PTUPH (days)
 ≤ 7 Ref
7 to ≤ 28 0.509 (0.342, 0.757) 0.0009
28 < 0.337 (0.235, 0.484)  < .0001
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Table 3  Odds ratio in the 
prediction model (multivariate 
analysis)

ADL activities of daily living, CI confidence interval, JCS Japan Coma Scale, LHS length of hospital stay, 
OR odds ratio, PTUPT passed time until present hospitalization

Variable New group (n = 20,309) Existing group (n = 9,148)

OR (95% CI) P value OR (95% CI) P value

Sex
Male Ref Ref
Female 0.895 (0.730, 1.097) 0.2851 0.654 (0.507, 0.844) 0.0011

Age (years)
0–19 Ref
20–64 2.521 (1.472, 4.317) 0.0008
65–74 2.468 (1.430, 4.262) 0.0012
74 < 1.854 (1.079, 3.186) 0.0253

Smoke
No Ref Ref
Yes 1.783 (1.455, 2.185)  < .0001 0.886 (0.686, 1.144) 0.3533

ADL
No Ref Ref
Yes 7.020 (5.013, 9.829)  < .0001 8.953 (6.521, 12.292)  < .0001

JCS
No Ref Ref
Yes 7.541 (6.113, 9.301)  < .0001 4.911 (3.605, 6.689)  < .0001

Cancer information
No Ref Ref
Yes 3.393 (2.608, 4.414)  < .0001 3.410 (2.686, 4.328)  < .0001

Operation
No Ref
Yes 0.605 (0.477, 0.767)  < .0001

Plan change
No Ref
Yes 1.703 (1.037, 2.797) 0.0353

Comorbidity
No Ref
Yes 1.869 (0.879, 3.975) 0.1043

Post-hospital disease
No Ref
Yes 0.650 (0.410, 1.033) 0.0682

ADL transition
No to no Ref
Yes to no 1.115 (0.782, 1.590) 0.5471
No to yes 1.157 (0.772, 1.734) 0.4800
Yes to yes 0.927 (0.698, 1.231) 0.6006

LHS (days)
 ≤ 7 Ref
7 to ≤ 14 1.610 (1.147, 2.260) 0.0059
14 to ≤ 21 1.680 (1.145, 2.465) 0.0080
21 to ≤ 28 1.865 (1.207, 2.882) 0.0050
28 < 2.931 (2.085, 4.119)  < .0001

PTUPH (days)
 ≤ 7 Ref
7 to ≤ 28 0.755 (0.489, 1.167) 0.2063
28 < 0.573 (0.384, 0.854) 0.0062
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Therefore, our model can be used as a real-time prediction 
model in a clinical workspace.

Abbreviation AC: Amount of claim; ID, Identification.
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