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Objective: To identify the incidence of moral hazards among health care providers
and its determinant factors in the implementation of national health insurance
in Indonesia.

Methods: Data were derived from 360 inpatient medical records from six
types C public and private hospitals in an Indonesian rural province. These
data were accumulated from inpatient medical records from four major
disciplines: medicine, surgery, obstetrics and gynecology, and pediatrics. The
dependent variable was provider moral hazards, which included indicators of up-
coding, readmission, and unnecessary admission. The independent variables are
Physicians’ characteristics (age, gender, and specialization), coders’ characteristics
(age, gender, education level, number of training, and length of service), and
patients’ characteristics (age, birth weight, length of stay, the discharge status,
and the severity of patient’s illness). We use logistic regression to investigate the
determinants of moral hazard.

Results: We found that the incidences of possible unnecessary admissions,
up-coding, and readmissions were 17.8%, 11.9%, and 2.8%, respectively. Senior
physicians, medical specialists, coders with shorter lengths of service, and patients
with longer lengths of stay had a significant relationship with the incidence of
moral hazard.

Conclusion: Unnecessary admission is the most common form of a provider’s
moral hazard. The characteristics of physicians and coders significantly contribute
to the incidence of moral hazard. Hospitals should implement reward and
punishment systems for doctors and coders in order to control moral hazards
among the providers.

moral hazards, up-coding, readmissions, unnecessary admissions, fraud, physicians,
coders, patients
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1. Introduction

A moral hazard refers to the possibility of consumers or health
care providers abusing a system in order to maximize profits at the
expense of other consumers, providers, or the financing community
asawhole (1). A moral hazard occurs, for example, when an insured
person spends an extra day in the hospital or pays for a procedure
that would not have been purchased otherwise (2). In insurance
industry, the phenomenon of moral hazard umbrella may be
considered as fraud. Insurance fraud would not be possible without
asymmetric information—and cheating on insurance companies
is deemed immoral—it is referred to as a moral hazard (3).
Health insurance fraud can be committed by medical providers,
policyholders, or health insurers. Although anyone in the system is
capable of committing fraud, healthcare providers are more likely
than patients to do so (4, 5).

Some of the healthcare fraud schemes that are frequently
discussed in the literature and used to develop fraud detection
algorithms or analytics within regulatory entities are as follows:
(DRG)
fragmentation of procedures, up-coding of services, phantom

Diagnostic-Related  Groups creep, unbundling and
billing, providing excessive services that are not required, kickback
schemes, billing for mutually exclusive procedures, duplicate
claims and intentional billing errors (6). A number of studies in
the world has proven that, provider moral hazard among providers
did exist in hospital services (7).

Moral hazard has preoccupied health economics and U.S.
health policy for half a century (8). When Medicare providers’
payment patterns changed to a prospective Diagnostic Related
Groups (DRG) system in the United States, hospitals raised the
patient’s disease code to a higher level (up-coding). It is aimed at
getting the hospital’s finance higher than they should be. In private
hospitals, the response was stronger. Up-coding or code creeps also
occurs in independent medical practices where there is an increase
in claim payments, 2.2% from what it should be in 1 year. Hospitals
respond to changes in payment patterns by changing the intensity
of service provided to patients, severity levels, and market share
(7,9, 10).

Alonazi (11) conducted an audit of the Saudi healthcare system
and found the official documents contain the details of various
moral hazard measures. Berta et al. (12) examined several types of
deviant in Italian hospitals and linked them to hospital efficiency.
Deviations in question include up-coding, cream skimming, and
readmissions. Debpuur et al. (13) found that the form of moral
hazard in the Northern Ghana National Health Insurance is
diagnosing simple malaria with complicated malaria, exaggerating
the provision of drugs and health services to patients, asking for
payments for services that are not provided, and increasing the
number of patients receiving health services.

World Health Organization (WHO) estimates the annual
global health care expenditure is US$ 5.7 trillion (2008). Each year,
7.29% of that, or an estimated US$ 415 billion, is lost to fraud
and errors. South Africa’s healthcare system is defrauded between
4 million and 8 billion US Dollars annually. In the UK in 2008-
2009, about 3% of National Health Services (NHS) fees were lost to
fraud (14). The Centers for Medicare and Medicaid Services (CMS)
spent $1.1 trillion on health coverage for 145 million Americans in
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2016, $95 billion of which was improper payments related to abuse
or fraud (15).

According to a 2009 study, 19.6% of 11.8 million Medicare
beneficiaries who were hospitalized from 2003 to 2004 were
readmitted within the first month of their hospitalization, costing
an estimated $41 billion per year (16). According to Geruso
and Layton (2020), upcoding could have cost Medicare $10.5
billion in 2014, or $640 per Medical Advantage enrollee (17).
Between July 2009 and June 2010, 139 patients were admitted
and treated for preterm labor at a level III center, but none
of them delivered preterm. Total hospital charges for the
management of these patients were $1,018 589. Unnecessary
admissions and treatments for threatened preterm labor are
part of clinical practice and contribute to exploding healthcare
costs (18).

Indonesia is the world’s largest country that aims to achieve
Universal Health Coverage through the National Health Insurance.
However, the health financing fund was claimed to contribute to
budget deficit from USD 200,000,000 in 2014 to USD 450,000,000
in 2016. The moral hazard of health providers has been blamed
as one cause of the deficit. In 2015, there were around 175
thousand claims from health services managed by National Health
Insurance Administration Agency or recognized by name BPJS
Kesehatan with a value of 27 million dollars that was detected as
fraud, and up to now there have been 1 million claims detected.
Nevertheless, so far no independent study was done to assess the
real incidence and cause of moral hazards in the National Health
Insurance of Indonesia (7, 19, 20). This research can contribute
to improve the implementation of Indonesian National Health
Insurance by providing scientific evidence on the existence and
sources of moral hazards among providers. This will allow the
relevant parties to forecast the events and take preventive actions
in the future.

On the other hand, systematic review conducted by Pongpirul
and Robinson (21) stated that the actors of moral hazard in
hospitals could be classified into three categories; those are hospital
management, clinicians, and coders (21). However, no study has
shown the relationship of moral hazard with the type of hospital,
physician, coder, and patient characteristics. The hypothesis we
seek to test is that there is a relationship between the characteristics
of physicians (age, gender, and specialization), coders (age, gender,
education level, number of certificates, and length of service),
and patients (age, birth weight, LOS, discharge status, and the
severity of the illness) with the incidence of moral hazards.
This study aims were to identify the incidence of moral hazards
and determinant factors such as physicians, coders and patients
characteristics in the implementation of national health insurance
in Indonesia.

2. Methods
2.1. Design

We conducted a cross-sectional study on representative Class

C hospitals to undertake medical record analysis in West Sumatera
Province, Indonesia.
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2.1.1. Population

In this study, the population consisted of medical records
from inpatients in class C hospitals in West Sumatra. According
to data from the Ministry of Health, class C hospitals are the
most common type of hospital in West Sumatra. According
to data from the Health District Office West Sumatera
Province, there are 38 Class C hospitals, 15 of which are
government-owned and 23 of which are private (22). A Class
C hospital is one that offers four basic medical specializations:
surgery, obstetrics and gynecology (OBGYN), pediatrics, and
internal medicine.

2.1.2. Sample

A cluster random sampling technique was used to

Cluster
into clusters/classes,

choose the hospitals. random sampling divides
the population
that
under study. In this study, 6 (six) Class C hospitals were
three

three private hospitals. In accordance with the sample size

with the assumption

each class/cluster already has the trait/variation

selected, consisting of government hospitals and
calculation, the minimum sample size for this study is 360
medical records.

Six hospitals receive an equal quantity of samples. In each
hospital 60 medical records were selected. The 60 patient medical
records will be split into four primary groups of INA-CBG internal
disease cases: surgical cases (Group 1), medical cases (Group 4),
delivery cases (Group 6), and neonatal cases (Group 8). The
number of medical records obtained for each case was 60/4, i.e.,
15 medical records per case. The sampling method in this study is
shown in Figure 1.

The sample inclusion criteria include medical records which
have complete data on 14 casemix variables, including: Patient
Data (1). Identification: Patient name, Medical Record Number;
(2). Age in years; (3). Age in days; (4). Gender; (5). Date of
Birth; (6). Birth Weight (for neonates), Admission Data (7).
Date of hospital admission (8). Discharge Date (9). Length
of stay (LOS) (10). Discharge Disposition Clinical Data (11).
Primary Diagnosis; (12). Secondary Diagnosis; (13). Primary
Procedure; (14). Secondary Procedure. Sample exclusions criteria
are medical records that are not found, damaged, or cannot be
read by an independent coder. Data collection was carried out in
January-June 2018.

2.2. Data collection

The data were collected by independent reviewers, namely
several senior medical record professionals who did not work
in the selected hospitals and have a minimum of 5 to 10
years of experience as coders. Furthermore, the qualification for
selecting independent reviewers is that they have attended INA-
CBG coding training on a national scale five times or more. The
reviewer’s job is to go over the medical records of the patient
who were chosen as samples. The function of an independent
reviewer is to code the patient’s illness based on the information

Frontiersin Public Health

10.3389/fpubh.2023.1147709

in the medical records. Because the independent coder is not
involved in the service and management processes at the hospital
under review, we consider the results of this coding to be the
gold standard for medical coding. Furthermore, the reviewers
gathered secondary data in the form of the characteristics of the
coder, clinician, and patient, which were the study’s independent
factors.

2.3. Study outcomes

2.3.1. Moral hazard

Three indicators of moral hazards are used in this study: up-
coding, readmission and unnecessary admission. These variables
were derived from systematic review and a pilot study to identify
the main moral hazard indicators in hospitals.

Up-coding is the mismatch between the diagnosis code and
procedure written in the medical records which causes an increase
in hospital reimbursement (7, 23-25). In this study, an Independent
Senior Coder (ISC) reviewed each of the medical records. The
codes were entered into INA-CBGs software to determine the
hospital tariff. Furthermore, researchers gathered data on the
results of medical coding executed by the hospital coder (original
codes) and their tariff. The tariff based on the original codes was
compared with the codes from ISC. If the tariff from the hospital
coder’s work is higher than ISC codes, then the case is considered
as up-coding.

Readmission is an event of patient service where the same
discharged inpatient is brought back for hospitalization to undergo
the same disease treatment after a period of <30 days (26). In this
study, we reviewed the medical records and if the is hospitalized
in the same hospital for the same disease they had previously
been treated and discharged <30 days, then it is classified as a
readmission case.

Unnecessary admission is a hospitalization case where
there is no significant reason for the patient to be treated
when they were first admitted to the hospital (26). In
this  study,
admission with a length of stay (LOS) of 2 days and
below, and the dead).
However, admissions that ended in death are not considered

unnecessary admission is defined as any

patient is discharged well (not

unnecessary admissions.

2.3.2. Characteristics of patients

Patient data is an important factor to determine INA-
CBGs tariff. Patient data consist of demographic data, admission
data, and clinical data. So far, there were no studies that
look at the relationship between patient variables with moral
hazard. Patient variables in this study were patients age,
birth weight, LOS, discharge status, and the severity of the
patient’s illness.

2.3.3. Characteristics of coders
A coder is a person who assigned the diagnoses and procedure
codes and enters the minimum data set into INA-CBGs software
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FIGURE 1
Sample selection process.

1
Private Hospitals involve in
study =3

60 Medical records in each
hospital

v
15 medical records respectively
from surgery cases (Group 1),
medical cases (Group 4), midwifery
cases (Group 6) and neonatal cases
(Group 8)

in order to produce INA-CBGs tariff. The coder’s qualification is
very decisive for coding quality. Coders’ characteristics in this study
were age, gender, education level, number of certificates, and length
of service.

2.3.4. Characteristics of physicians

In terms of health care provided in hospitals, a physician is
a person who has responsibility for patient care. The physician
also has the potential to perform moral hazard by increasing
admission volume, changing the intensity of care, and exaggerating
(21). Physician variables in this study were age, gender, and
specialization (medical, surgical, OBGYN, pediatric).

2.4. Statistical analysis

The characteristics of

doctors, coders, and patients are described in the frequency

incidence of moral hazard and

distribution table. Incident moral hazard consists of up-coding,

readmission, and unnecessary admission. The physician’s
characteristics include the physician’s age, physician’s gender,
and physician’s specialization (medical, OBGYN,

and pediatric). The characteristics of the coder consist of

surgical,

the coders age, coders gender, education level of coders,
the number of coder’s certificates, and coders length of
service. Patient characteristics consist
birth weight, LOS, discharge status, and the severity of the

patient’s illness.

of patients age,

We used multilevel logistic regression analysis to examine the
contributions of characteristics of the patient, coder, and physician
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to the incidence of moral hazards. The following multilevel model
was used (27).

M = fo+ B+ ... fiXi + Moj + €

P (y = Ol noj)

In the presence of more than one explanatory variable, logistic

regression is used to calculate the odds ratio. With the exception

that the response variable is binomial, the approach is quite similar

to multiple linear regression. The impact of each variable on the
odds ratio of the observed event of interest is the result (28).

2.5. Ethics approval

Ethical approval for this study was obtained from Faculty of
Medicine Andalas University (No. 052/KEP/FK/2018).

3. Results

3.1. Incidence of moral hazard

Detailed indicators of moral hazard are presented in
Table 1. The most common type of moral hazard was possible
unnecessary admission (17.8%), followed by up-coding (11.9%)
and readmission (2.8%).

Unnecessary admissions were up to 4.2% more common
among neonates group. Meanwhile, deliveries group dominated up
coding cases by as much as 2.8%. Readmissions were more common
in neonatal groups and female reproductive system groups. The full
results can be seen in Table 2.
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TABLE 1 Incidence of moral hazard.

Indicators of moral hazard Numbers %
Up-coding Yes 43 11.9
No 317 88.1
Readmission Yes 10 2.8
No 250 97.2
Unnecessary admission Yes 64 17.8
No 296 82.8
Total 360 100

3.2. The characteristic of physicians,
coders, and patients

Table 3 illustrates the characteristics of physicians, coders and
patients. The average age of physicians was 41 years old. It means
that the physicians involved in this study were mostly young.
Similarly the average age of coders was 31.32 years old. Meanwhile,
the average age of patients was 26, 49 years old, and average LOS
was 4 days.

Most of physicians’ were male and one third of them were
specialized in OBGYN (31.4%). Half (50.8%) of coders have had
<4 years work experience and more than half coder (67.5%) have
at less only one INA CBG coding training. Most of patients (71.4%)
are females, with the discharge status dominated discharge home
(93.6%). Most of the infant patients have not experienced low birth
weight (84.6%) as illustrated in Table 4.

It could be seen from multivariate analysis that physician’s
age, physicians’ specialization, coders” length of service, and LOS
have significant relationship with incidence of moral hazard. The
most remarkable influence on moral hazard cases is physicians
specialization variable. To put it simply older physicians, medical
specialization, coders with less length of service, and long LOS had
a significant relationship with the incidence of moral hazard. The
full results can be seen in Table 5.

4. Discussion

Indonesia offers significant funding for JKN implementation.
According to the BPJS Kesehatan financial report, health insurance
expenses totalled 6.364 billion US dollar in 2018. Several rules
to prevent moral hazard or fraud have also been implemented,
such as the release of Regulation of the Minister of Health
no. 36 of 2015 on hospital fraud prevention. However, no
research has been conducted to demonstrate the efficiency of
these preventative measures against moral hazard situations
in hospitals.

This study found the incidence of unnecessary admission
17.8%. This
finding is higher than in other studies elsewhere. According
to Mosadeghrad (30)
measurement of unnecessary patient admissions in Iranian
hospitals, 2.7%

was the highest moral hazard indicator at

and Isfahani research on the

of hospital admissions were considered
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unacceptable and unnecessary. The highest

patients’ admissions in hospital were 11.8%, and the lowest

unnecessary

were 0.3%.

Unnecessary admission is “an admission that provides no
significant benefit to the patient or provides a benefit that
could have been obtained at a lower level of care (31). In this
study, the term “unnecessary admission” refers to patients who
are hospitalized for 1 to 2 days with a non-dead discharge
status. Unnecessary admissions mostly occurred in the Neonatal
Group and Deliveries Group. Other studies elsewhere on
unnecessary admissions were mostly found in the emergency
departments (32-34).

A variety of patient-related factors (e.g., age, disease severity,
method of payment, and route and time of admission), physicians,
and the hospital and its diagnostic facilities and technology
influence the unnecessary admission of patients to the hospital.
Unnecessary hospitalization increases nosocomial infections,
morbidity, and mortality, and reduces patient satisfaction and
hospital productivity (35-39).

Previous researchers proposed several strategies for reducing
avoidable hospital admissions, including expanding the primary
health care network, reducing hospital beds, implementing an
effective and efficient patient referral system, using a fixed provider
payment method, promoting residential and social services care at
the macro level, establishing a utilization management committee,
using the appropriateness evaluation protocol, establishing short-
stay units, and establishing a patient referral system (30, 33, 40, 41).

Indonesia has implemented several of these strategies in its
health care system, such as implementing a patient referral system.
The National Health Insurance Administration Agency has a tiered
referral system that must be implemented by health insurance
participants, social health insurance companies, and health facility
providers. This tiered referral system operates on a hierarchical
basis, beginning with primary health facilities (the closest to the
community) and progressing to secondary and tertiary health
facilities. Referral to second-level health facilities can only be
administered by a first-level health facility (42).

With the existence of a referral system, where there are criteria
such as health services in primary health care facilities that can be
referred directly to tertiary health care facilities only for cases that
have been diagnosed and a treatment plan has been established, a
repeat service and is only available in tertiary health care facilities,
reducing the incidence of unnecessary admissions because there
is a system that must be followed, unnecessary admissions will be
reduced. This system is strengthened by the existence of a policy
that states that if a health facility does not adopt a referral system,
BPJS Kesehatan will conduct re-credentialing on the health facility’s
performance, which may have an impact on future collaboration.

However, hospitals must strengthen management to avoid
unnecessary admissions by establishing a utilization management
committee and implementing the appropriate evaluation protocol.

The second type of moral hazard found in this study was up-
coding (11.9%). In Germany, up-coding occurs at 1% of inpatients’
payments (29). Another study found a fairly high incidence of up-
coding, estimating that 18.5% annual reimbursed claims for Present
on Admission (POA) infections were up-coded hospital-acquired
infections (HAIs) (43).
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TABLE 2 Percentage of moral hazard types based on casemix main group.
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Moral hazard Casemix main groups Total % Explanation ‘
Up-coding (43) (¢} 10 2.8 Deliveries group
w 6 1.7 Female reproductive system groups
P 4 1.1 Newborns and neonates groups
K 4 1.1 Digestive system group
G 3 0.8 Central nervous system groups
I 3 0.8 Cardiovascular system groups
L 3 0.8 Skin, subcutaneous tissue and breast group
M 3 0.8 Musculoskeletal system and connective tissue groups
D 2 0.5 Haemopoeitic and immune system groups
C 1 0.3 Myeloproliferative system and neoplasms groups
E 1 0.3 Endocrine system, nutrition and metabolism groups
] 1 0.3 Respiratory system groups
N 1 0.3 Nephro-urinary system groups
U 1 0.3 Ear, nose, mouth and throat groups
Readmission (10) P 2 0.5 Newborns and neonates group
w 2 0.5 Female reproductive system groups
G 1 0.3 Central nervous system groups
I 1 0.3 Cardiovascular system group
] 1 0.3 Respiratory system groups
K 1 0.3 Digestive system group
L 1 0.3 Skin, subcutaneous tissue and breast groups
1) 1 0.3 Ear, nose, mouth and throat groups
Possible unnecessary admission (64) | P 15 4.2 Newborns and neonates group
(¢} 14 3.9 Deliveries group
U 10 2.8 Ear, nose, mouth and throat groups
M 6 1.7 Musculoskeletal system and connective tissue groups
G 4 1.1 Central nervous system groups
H 3 0.8 Eye and adnexa groups
L 3 0.8 Skin, subcutaneous tissue and breast groups
w 3 0.8 Female reproductive system groups
D 2 0.5 Haemopoeitic and immune system groups
K 2 0.5 Digestive system group
I 1 0.3 Cardiovascular system groups
N 1 0.3 Nephro-urinary system groups

Hospitals in Germany have up-coded at least 12,000 premature
babies and received additional reimbursements totalling more than
100 million Euros since the implementation of DRG. Currently,
approximately 2,000 up-coding generate an additional 20 million
Euros per year (44).

Up-coding is the practice of classifying a patient in a DRG that
results in a higher reimbursement or shifting a patients DRG to
another DRG that results in a higher payment from the third-party
provider (25, 45). There are two primary methods for detecting
potential DRG up-coding: (1) auditing by recoding the original
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medical charts, and (2) comparing historical claim data to detect
an increase in the percentage of higher-cost DRGs (24).

Previous studies have indicated that DRG up-coding by private
providers can be intentional (46). A code audit is the most
reliable method of detecting DRG up-coding. Experienced health-
information managers recode the original medical chart and then
compare the new codes to the codes originally submitted by the
hospital in code audit (46). Other research indicates that audits with
fines can reduce up-coding while not necessarily inducing more
honesty (47).
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TABLE 3 Characteristics of physicians, coders, and patients.

Variables Mean (£SD) Median Max Min
Physicians; age 41.04 (£9,037) 39 72 31
Coders; age 31.32 (£5,244) 30 40 26
Patients” age 26.49 (+£22,387) 25.5 86 0
LOS 4.18 (£2,213) 4 20 1

Another qualitative study on up-coding discovered that the
Deliveries Group (2.8%) had the highest percentage of up-coding,
followed by Female Reproductive System Groups (1.7%). Upcoding
could result in a loss of IDR 154,626,000, or 9% of hospital
revenue (48).

That study also discovered that the reasons for up-coding can
be divided into three categories: (1) hospital-related; this occurred
due to a lack of defined coding criteria. The hospital also did not
know the flow of coordination between the teams constituted to
tackle the problem of coding conflicts between the hospital and
BPJS Kesehatan. (2) related to doctors; and (3) related to coders.
Doctors frequently did not understand the coding standards. From
the doctor’s perspective, the disease’s symptoms could also be
incorporated into medical coding, but they couldn’t. Furthermore,
the coders occasionally have problems reading, and the doctor’s
handwriting and untranslated abbreviations are illegible (48).

To avoid human error in up-coding, doctors and coders should
receive medical coding training to reduce doctor misspecifications
or coder misunderstandings.

So far, the governments efforts in reducing moral hazard,
including up-coding, have included the signing of an agreement
or memorandum of understanding (MoU) between the BPJS
Kesehatan and the Director of the Hospital, which includes the
“Declaration of Absolute Responsibility Submission of Health
Services Claims” and the “Statement of Claims by the Team
Hospital Fraud Prevention,” which specifies that the hospital
director is accountable for submitting claims files that are devoid
of fraud or moral hazard. If there is fraud, the director is willing to
face legal consequences.

This study discovered a low number of readmission incidents,
with only 2.8%. Readmission cases were confirmed more in
group P (Newborns and Neonates Group) and group W (Female
reproductive system Groups) with two cases each.

Hospital readmissions can be defined as admissions to hospitals
or other health care facilities arranged within a specific period of
time following a hospital stay. Readmissions can also be defined as
returning to the hospital within 30 days of being discharged (at first
time), allowing the hospital to receive multiple reimbursements for
the same treatment (12, 49, 50). The following factors contribute
to readmissions: Inability to recognize the seriousness of the
patients illness, inability to appropriately address the patients
illness, patients being discharged from the hospital prematurely,
and a lack of control over the hospital (12, 51, 52).

Furthermore, in research conducted by Auger et al. (53)
on medical record review, 15% of readmissions were classified
as unplanned and preventable. Researchers and policymakers
concluded that a significant proportion of readmissions were
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TABLE 4 Characteristics of physicians, coders, and patients (categorical
data).

Variabel F %

Physician

Physician’s sex

Male 244 67.8

Female 116 322

Physician’s specialization

Surgery 78 21.7
Medical (Internal Medicine, Ophthalmology, 67 18.6
Cardiology, ENT (Ear, Nose and Throat), Pulmonology
Obstetric and genecology 113 31.4
Pediatric 102 28.3
Coder
Coder’s Sex
Male 0 0
Female 360 100

Coder education

Lower than diploma 0 0

Diploma and higher 360 100

Number of coder’s training

One and none 243 67.5

More than one 117 32.5

Coder length of services

Less than 4 years 183 50.8
More than 4 years 177 492
Patients

Patient’s sex

Male 103 28.6

Female 257 71.4

Birth weight (neonates)

Low birth weight 14 15.4

Normal 77 84.6

Discharge status

Discharge home 337 93.6
Transferred to other hospitals 11 3.1
Discharge against medical advice 6 1.7
Death 6 1.7

Primary diagnosis

A00-B99 8 2.2
C00-D48 25 6.9
D50-D89 6 1.7
E00-E90 6 1.7
H00-H59 2 0.6
(Continued)
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TABLE 4 (Continued)

Variabel F %
100-199 23 6.4
J00-J99 22 6.1
K00-K93 32 8.9
L00-L99 5 1.4
MO00-M99 6 1.7
N00-N99 10 2.8
000-099 105 29.2
P00-P96 89 24.7
Q00-Q99 2 0.6
R00-R99 6 1.7
S00-T98 8 2.2
700-799 5 14

Primary procedure
No procedure 139 38.6
01-05 1 0.3
06-07 1 0.3
08-16 3 0.8
21-29 17 4.7
30-34 2 0.6
35-39 2 0.6
40-41 1 0.3
42-54 21 5.8
55-59 1 0.3
65-71 8 2.2
72-75 89 24.7
76-84 19 53
85-86 21 5.8
87-99 35 9.7

Severity level of illness
Severity level 3 26 7.2
Severity level 2 57 15.8
Severity level 1 277 76.9

Total 360 100

The bold values indicate the highest percentage of each variable.

caused by healthcare system failures—whether due to inadequate
treatment during the initial hospitalization or a failure of
care coordination after hospital discharge. Therefore, it is
necessary to have policies to reduce inappropriate readmissions
because hospitals receive additional payments when patients are
readmitted (54).

Several interventions have succeeded in reducing readmission
rates for discharged patients. These interventions include: patient
needs assessment, medication reconciliation, patient education,
timely outpatient appointments, and telephone follow-up. The
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impact of the intervention on the readmission rate is proportional
to the number of components performed. This means that
interventions with single component treatments are unlikely to
reduce readmissions significantly (55).

Another finding in our study was physicians' age and
specialization, coders length of service, and LOS was the
determinant factor of moral hazard in hospitals.

Older physicians are 1.037 times more likely than younger
physicians to be associated with moral hazards (POR = 1.037).
Other studies found that male physicians and older physicians
were more likely to commit fraud, waste, and abuse on Medicare
(56, 57). Based on the in-depth research conducted, it is stated,
before beginning inpatient care, younger physicians learned the
fundamentals of rules. As a result, their knowledge of coding rules
keeps them more aware of moral hazards than older physicians.
Older physicians may be resistant to new patient treatment rules,
particularly coding rules that they believe are unfair to them. It is
suggested that every CME (Continuing Medical Education) unit
in the Faculty of Medicine should include Moral Hazard material
in its activities in order to increase knowledge and skills, as well
as develop doctors™ attitudes so that they can always carry out
their profession properly and correctly, and to help physicians
understand the consequences of moral hazards and avoid them in
the interest of their patient’s health.

We also discovered that the specialization of physicians
can influence the occurrence of moral hazards. Based on the
study’s findings, medical specializations are 2.373 times more
likely to perform moral hazards rather than surgical, pediatrics,
and OBGYN specializations (POR = 2.373). Previous research
has found that the specialization of physicians influences the
occurrence of fraud. According to Chen (57), physicians in certain
specialties (such as family medicine, psychiatry, internal medicine,
anesthesiology, surgery, and OBGYN) are more likely to commit
Medicare fraud, waste, and abuse.

Pediatric specialization is used as the standard for calculating
baselines in this study because the algorithm for compiling
the INA-CBGs code in cases of pediatric is more complex,
making manipulation difficult. According to this study, medical
specialization is more likely to cause moral hazard than other
specializations. Previous studies discovered Family medicine
physicians and psychiatrists departed are more likely to commit
fraud. This is because fraud is easier to commit when the risk of
malpractice suits is very low, such as in the fields of family medicine
and psychiatry. The study also explains that surgeons have the
highest proportion of doctors who face malpractice claims based
on their specialization (58).

BPJS Kesehatan is expected to be more stringent in inspecting
cases of moral hazard to medical specialists and to continue to
educate and raise awareness among physicians about the potential
moral hazard in their medical practices.

We discovered that the length of service of the coder
was a determinant of moral hazards. A beginner coder was
2.237 times more likely than an experienced coder to commit
moral hazard (POR = 2.237). The length of service corresponds
to the opportunity to receive training. Because the INA-CBG
coding rules are not taught in detail in their studies, beginner
coders have limitations in understanding the hospital coding
regulations. Hospitals should provide regular training, particularly
for new coders.
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TABLE 5 Multiple logistic regression analysis of factors influencing moral hazards.

Variabel B S.E. Wald p-value POR 95.0% C.I. for EXP(B)
Physician’s age ‘ 0.036 ‘ 0.018 ‘ 4.054 ‘ 0.044 ‘ 1.037 ‘ 1,001-1,073
Physician’s specialization

Surgery 0.752 0.356 4.459 0.035 2121 1.056-4.262

Medical 0.864 0.377 5.257 0.022 2.373 1.134-4.262
Obstetric and gynecology 0.219 0.338 0.421 0.517 1.245 0,642-2,415
Pediatric 1

Coder length of services 0.805 0.255 9.942 0.002 2.237 1,356-3,691

LOS 0.222 0.069 10.397 0.001 1.249 1,091-1,430

The LOS is the final factor discovered in this study that
influences moral hazard in hospitals. Moral hazards are 1.249 times
more likely to occur in long lengths of stay than short lengths of
stay (POR = 1.249). Patients who require more treatment spend
more days in hospitals. More hospital resources will be deployed as
aresult. Some hospitals are willing to take moral hazard, such as up-
coding if they believe the INA-CBG tariff is insufficient for patient
care. We recommend that the BPJS Kesehatan conduct more audits
of hospitals with higher LOS.

The study’s findings are highly encouraging, as it is well-known
that senior physicians, medical specialists, coders with shorter
lengths of service, and patients with longer lengths of stay. This
discovery should encourage hospitals and insurance companies
to be more cautious and pay more attention to audits of patient
medical records containing these variable factors.

5. Strengths

In this study, each medical record was examined by an
Independent Senior Coder (ISC). ISC comes from a higher-
level hospital than the one being analyzed, where the coders are
accustomed to coding more difficult and complex cases, and they
have had national-level training more than five times.

6. Limitations

The operational definition of unnecessary admission in this
study is a hospitalization of <2 days, and discharges, which are not
due to death. No doctor conducts a thorough examination of the
unnecessary admission case. As a result, some cases of unnecessary
admission may be considered necessary admission because they are
not further evaluated by medical experts. The next study is expected
to include a physician reviewing each case to determine whether
hospitalization or admission is required.

7. Conclusion

This study revealed that the most common moral hazard is
unnecessary admission, followed by up-coding and readmission.
The factors significantly associated with moral hazard are
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physicians’ age, physicians’ specialization, coders’ length of service,
and LOS. The main factor that most has a role in moral hazard is the
physician’s specialization. It is suggested to the hospitals conduct
training for physicians and coders about coding rules in casemix
system in the hospital.

Data availability statement

this
without

The raw data supporting the conclusions of
article will be made available by the authors,

undue reservation.

Author contributions

SS, RM, SA, and RS contributed to conception and design
of the study. SS organized the database and wrote the first draft
of the manuscript. SS, RM, and SA performed the statistical
analysis and wrote sections of the manuscript. All authors
contributed to manuscript revision, read, and approved the
submitted version.

Funding

This work was supported by Ministry of Health of
Indonesia for providing the financial for this
study (HK.03.01/1/987/2019).

support

Acknowledgments

We acknowledge Ministry of Health of Indonesia for providing
the financial support for this study.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

frontiersin.org


https://doi.org/10.3389/fpubh.2023.1147709
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Syafrawati et al.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated

References

1. Andargie G. Introduction to Health Economics. Gondar: University of Gondar
(2008).

2. Nyman JA. Is “moral hazard” inefficient? The policy implications of a new theory.
Health Affairs. (2004) 23:194-9. doi: 10.1377/hlthaff.23.5.194

3. Van Wolfen J, Inbar Y, Zeelenberg M. Moral Hazard in the Insurance Industry.
Tilburg: Tilburg University (2013).

4. Peck S, McKenna L. Fraud in healthcare: a worldwide concern. Health
Manag. (2017) 17:124-6. Available online at: https://healthmanagement.org/c/
healthmanagement/issuearticle/fraud-in- healthcare-a-worldwide- concern

5. Villegas-Ortega J, Bellido-Boza L, Mauricio D. Fourteen years of manifestations
and factors of health insurance fraud, 2006-2020: a scoping review. Health Justice.
(2021) 9:1-23. doi: 10.1186/s40352-021-00149-3

6. Kumaraswamy N, Markey MK, Ekin T, Barner JC, Rascati K. Healthcare fraud
data mining methods: a look back and look ahead. Perspect Health Inform Manag.
(2022) 19. Available online at: https://perspectives.ahima.org/page/healthcare-fraud-
data-mining- methods-a-look-back-and-look-ahead

7. Dafny LS. How Do Hospitals respond to price changes? Am Econ Rev. (2005)
95:1525-47. doi: 10.1257/000282805775014236

8. Robertson CT, Yuan A, Zhang W, Joiner K. Distinguishing moral hazard
from access for high-cost healthcare under insurance. PLoS ONE. (2020)
15:€0231768. doi: 10.1371/journal.pone.0231768

9. Seiber EE. Physician code creep: evidence in medicaid and state employee health
insurance billing. Health Care Financ Rev. (2007) 28:83.

10. Ellis RP, McGuire TG. Hospital response to prospective payment: moral
hazard, selection, and practice-style effects. J Health Econ. (1996) 15:257-
77. doi: 10.1016/0167-6296(96)00002-1

11. Alonazi WB. Fraud and Abuse in the Saudi healthcare system: a
triangulation analysis. Inquiry ] Health Care Organ Prov Finan. (2020)
57:0046958020954624. doi: 10.1177/0046958020954624

12. Berta P, Callea G, Martini G, Vittadini G. The effects of upcoding, cream
skimming and readmissions on the Italian hospitals efficiency: a population-based
investigation. Econ Model. (2010) 27:812-21. doi: 10.1016/j.econmod.2009.11.001

13. Debpuur C, Dalaba MA, Chatio S, Adjuik M, Akweongo P. An exploration
of moral hazard behaviors under the national health insurance scheme in
Northern Ghana: a qualitative study. BMC Health Serv Res. (2015) 15:1-
9. doi: 10.1186/s12913-015-1133-4

14. Jones B, Jing A. Prevention not cure in tackling health-care fraud. World Health
Orga Bullet World Health Org. (2011) 89:858. doi: 10.2471/BLT.11.021211

15. Drabiak K, Wolfson J. What should health care
do to reduce billing fraud and abuse? AMA Journal of Ethics.
22:221-31. doi: 10.1001/amajethics.2020.221

organizations
(2020)

16. Jencks SE, Williams MV, Coleman EA. Rehospitalizations among patients
in the Medicare fee-for-service program. N Engl ] Med. (2009) 360:1418-
28. doi: 10.1056/NEJMsa0803563

17. Geruso M, Layton T. Upcoding: evidence from Medicare on squishy risk
adjustment. ] Polit Econ. (2020) 128:984-1026. doi: 10.1086/704756

18. Lucovnik M, Chambliss LR, Garfield RE. Costs of unnecessary admissions and
treatments for “threatened preterm labor”. Am ] Obst Gynecol. (2013) 209:217.el-
3. doi: 10.1016/j.2j0g.2013.06.046

19. BPJS. Management Program Report Year 2016 and Financial Statement 2016.
BPJS Kesehatan (2017). Available online at: https://www.bpjs-kesehatan.go.id/#/
formasi- public- detail?slug=d882051c-6e27-4cdc-b19¢c-530e19f1c759 (accessed
October 18, 2022).

20. Rahma P. Strengthening the Role of the JKN Fraud Prevention Team in the Regions
to Control Fraud. Pusat Kebijakan dan Manajemen Kesehatan Fakultas Kedokteran.
Yogyakarta: Universitas Gadjah Mada (2019).

21. Pongpirul K, Robinson
system: a systematic scoping
doi: 10.5372/1905-7415.0703.180

22. Indonesian Ministry of Health. Hospital Data Online. Jakarta. Hospital system
Online. In: Health IMo, editor. Jakarta. Indonesia. (2017).

C. Hospital
review. Asian

manipulations in the DRG
Biomed. (2013) 7:301-10.

Frontiersin Public Health

10.3389/fpubh.2023.1147709

organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

23. Lorence DP, Richards M. Variation in coding influence across the USA.
Risk and reward in reimbursement optimization. | Manag Med. (2002) 16:422-
35. doi: 10.1108/02689230210450981

24. Silverman E, Skinner J. Medicare upcoding and hospital ownership. J Health
Econ. (2004) 23:369-89. doi: 10.1016/j.jhealeco.2003.09.007

25. Barros P, Braun G. Upcoding in a national health service: the evidence from
Portugal. Health Econ. (2017) 26:600-18. doi: 10.1002/hec.3335

26. Mills A. Health care systems in low and middle income countries. N Engl ] Med.
(2014) 370:552-7. doi: 10.1056/NEJMral110897

27. Merlo ], Yang M, Chaix B, Lynch ], Rastam L. A brief conceptual tutorial
on multilevel analysis in social epidemiology: investigating contextual phenomena
in different groups of people. J Epidemiol Commun Health. (2005) 59:729-
36. doi: 10.1136/jech.2004.023929

28. Sperandei S. Understanding logistic regression analysis. Biochem Med. (2014)
24:12-8. doi: 10.11613/BM.2014.003

29. Lingen M, Lauterbach K. Upcoding-a risk for the use of diagnosis-
related  groups. Deutsche Med Wochenschrift —(1946). (2000) 125:852-
6. doi: 10.1055/s-2000-7019

30. Mosadeghrad AM, Isfahani P. Unnecessary hospital admissions in Iran: a
systematic review and meta-analysis. Tehran Univ Med ] TUMS Pub. (2019) 77:392—
400.

31. Eriksen B, Kristiansen I, Nord E, Pape ], Almdahl S, Hensrud A, et al.
The cost of inappropriate admissions: a study of health benefits and resource
utilization in a department of internal medicine. J Intern Med. (1999) 246:379-
87. doi: 10.1046/j.1365-2796.1999.00526.x

32. Ben-Assuli O, Leshno M, Shabtai I. Using electronic medical record systems for
admission decisions in emergency departments: examining the crowdedness effect. J
Med Syst. (2012) 36:3795-803. doi: 10.1007/s10916-012-9852-0

33. Carlill G, Gash E, Hawkins G. Preventing unnecessary hospital admissions:
an occupational therapy and social work service in an accident and emergency
department. Br ] Occup Therapy. (2002) 65:440-5. doi: 10.1177/030802260206501002

34. Collins SP, Pang PS, Fonarow GC, Yancy CW, Bonow RO, Gheorghiade M.
Is hospital admission for heart failure really necessary? The role of the emergency
department and observation unit in preventing hospitalization and rehospitalization. |
Am Coll Cardiol. (2013) 61:121-6. doi: 10.1016/j.jacc.2012.08.1022

35. O’Cathain A, Knowles E, Turner J, Hirst E, Goodacre S, Nicholl J. Variation in
avoidable emergency admissions: multiple case studies of emergency and urgent care
systems. J Health Serv Res Policy. (2016) 21:5-14. doi: 10.1177/1355819615596543

36. Pope I, Burn H, Ismail SA, Harris T, McCoy D, A. qualitative study exploring the
factors influencing admission to hospital from the emergency department. BMJ Open.
(2017) 7:€011543. doi: 10.1136/bmjopen-2016-011543

37. Weissman JS, Gatsonis C, Epstein AM. Rates of avoidable hospitalization
by insurance status in Massachusetts and Maryland. Jama. (1992) 268:2388-
94. doi: 10.1001/jama.1992.03490170060026

38. McGregor M]J, Reid RJ, Schulzer M, Fitzgerald JM, Levy AR, Cox
MB. Socioeconomic status and hospital utilization among younger adult
pneumonia admissions at a Canadian hospital. BMC Health Serv Res. (2006)
6:1-10. doi: 10.1186/1472-6963-6-152

39. Pileggi C, Bianco A, Di Stasio S, Angelillo I. Inappropriate hospital use by
patients needing urgent medical attention in Italy. Public Health. (2004) 118:284-
91. doi: 10.1016/j.puhe.2003.06.002

40. Richards III E Pitluk H, Collier P, Powell S, Dion C, Struchen-

Shellhorn W, et al. Reducing unnecessary Medicare hospital admissions
for chest pain in Arizona and Florida. Prof Case Manag. (2008)
13:74-84. doi: 10.1097/01.PCAMA.0000314177.01661.b3

41. Arab-Zozani M, Pezeshki MZ, Khodayari-Zarnaq R, Janati A. Inappropriate
rate of admission and hospitalization in the iranian hospitals: a systematic
review and meta-analysis. Value in Health Regional Issues. (2020) 21:105-
12. doi: 10.1016/j.vhri.2019.07.011

42. Handayani PW, Saladdin IR, Pinem AA, Azzahro F, Hidayanto AN, Ayuningtyas
D. Health referral system user acceptance model in Indonesia. Heliyon. (2018)
4:¢01048. doi: 10.1016/j.heliyon.2018.e01048

frontiersin.org


https://doi.org/10.3389/fpubh.2023.1147709
https://doi.org/10.1377/hlthaff.23.5.194
https://healthmanagement.org/c/healthmanagement/issuearticle/fraud-in-healthcare-a-worldwide-concern
https://healthmanagement.org/c/healthmanagement/issuearticle/fraud-in-healthcare-a-worldwide-concern
https://doi.org/10.1186/s40352-021-00149-3
https://perspectives.ahima.org/page/healthcare-fraud-data-mining-methods-a-look-back-and-look-ahead
https://perspectives.ahima.org/page/healthcare-fraud-data-mining-methods-a-look-back-and-look-ahead
https://doi.org/10.1257/000282805775014236
https://doi.org/10.1371/journal.pone.0231768
https://doi.org/10.1016/0167-6296(96)00002-1
https://doi.org/10.1177/0046958020954624
https://doi.org/10.1016/j.econmod.2009.11.001
https://doi.org/10.1186/s12913-015-1133-4
https://doi.org/10.2471/BLT.11.021211
https://doi.org/10.1001/amajethics.2020.221
https://doi.org/10.1056/NEJMsa0803563
https://doi.org/10.1086/704756
https://doi.org/10.1016/j.ajog.2013.06.046
https://www.bpjs-kesehatan.go.id/#/formasi-public-detail?slug=d882051c-6e27-4cdc-b19c-530e19f1c759
https://www.bpjs-kesehatan.go.id/#/formasi-public-detail?slug=d882051c-6e27-4cdc-b19c-530e19f1c759
https://doi.org/10.5372/1905-7415.0703.180
https://doi.org/10.1108/02689230210450981
https://doi.org/10.1016/j.jhealeco.2003.09.007
https://doi.org/10.1002/hec.3335
https://doi.org/10.1056/NEJMra1110897
https://doi.org/10.1136/jech.2004.023929
https://doi.org/10.11613/BM.2014.003
https://doi.org/10.1055/s-2000-7019
https://doi.org/10.1046/j.1365-2796.1999.00526.x
https://doi.org/10.1007/s10916-012-9852-0
https://doi.org/10.1177/030802260206501002
https://doi.org/10.1016/j.jacc.2012.08.1022
https://doi.org/10.1177/1355819615596543
https://doi.org/10.1136/bmjopen-2016-011543
https://doi.org/10.1001/jama.1992.03490170060026
https://doi.org/10.1186/1472-6963-6-152
https://doi.org/10.1016/j.puhe.2003.06.002
https://doi.org/10.1097/01.PCAMA.0000314177.01661.b3
https://doi.org/10.1016/j.vhri.2019.07.011
https://doi.org/10.1016/j.heliyon.2018.e01048
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Syafrawati et al.

43. Bastani H, Goh J, Bayati M. Evidence of upcoding in pay-for-performance
programs. Manage Sci. (2019) 65:1042-60. doi: 10.1287/mnsc.2017.2996

44. Jurges H, Koberlein J. What explains DRG upcoding in neonatology? The
roles of financial incentives and infant health. J Health Econ. (2015) 43:13-
26. doi: 10.1016/j.jhealeco.2015.06.001

45. Simborg DW. DRG creep: a new hospital-acquired disease. Mass Medical Soc.
(1981) 3:1602-4. doi: 10.1056/NEJM198106253042611

46. Luo W, Gallagher M, editors. Unsupervised DRG upcoding detection in
healthcare databases. 2010 IEEE International Conference on Data Mining Workshops
2010: IEEE. (2010). doi: 10.1109/ICDMW.2010.108

47. Grof3 M, Jiirges H, Wiesen D. The effects of audits and fines on upcoding in
neonatology. Health Econ. (2021) 30:1978-86. doi: 10.1002/hec.4272

48. Syafrawati S, Machmud R, Aljunid SM, Semiarty R. Incidence and root cause of
upcoding in the implementation of social health insurance in rural province hospital
in Indonesia. Asia Pacific Fraud J. (2020) 5:56-61. doi: 10.21532/apfjournal.v5i1.135

49. Hosseinzadeh A, Izadi M, Verma A, Precup D, Buckeridge D, editors. Assessing
the predictability of hospital readmission using machine learning. Twenty-FIfth IAAT
Conference. (2013). doi: 10.1609/aaai.v27i2.18995

50. Stone JL, Hofftman G. Medicare Hospital Readmissions: Issues, Policy Options and
PPACA. Washington, DC: Congressional Research Service (2010).

51. Niu Y. Regression Models for Readmission Prediction Using Electronic Medical
Records. Detroit, MI: Wayne State University (2013).

Frontiersin Public Health

11

10.3389/fpubh.2023.1147709

52. Khawaja FJ, Shah ND, Lennon RJ, Slusser JP, Alkatib AA, Rihal CS, et al.
Factors associated with 30-day readmission rates after percutaneous coronary
intervention. Arch Intern Med. (2012) 172:112-7. doi: 10.1001/archinternmed.
2011.569

53. Auger KA, Ponti-Zins MC, Statile AM, Wesselkamper K, Haberman B, Hanke
SP. Performance of pediatric readmission measures. ] Hospital Med. (2020) 15:723-
6. doi: 10.12788/jhm.3521

54. Cram P, Wachter RM, Landon BE. Readmission reduction as a hospital quality
measure: time to move on to more pressing concerns? JAMA. (2022) 328:1589-
90. doi: 10.1001/jama.2022.18305

55. Kripalani S, Theobald CN, Anctil B, Vasilevskis EE. Reducing hospital
readmission: current strategies and future directions. Annu Rev Med. (2014)
65:471. doi: 10.1146/annurev-med-022613-090415

56. Pande V, Maas W. Physician medicare fraud: characteristics and consequences.
Int ] Pharm Healthcare Mark. (2013) 7:8-33. doi: 10.1108/17506121311315391

57. Chen A, Blumenthal DM, Jena AB. Characteristics of physicians excluded
from US Medicare and state public insurance programs for fraud, health crimes, or
unlawful prescribing of controlled substances. JAMA Network Open. (2018) 1:¢185805-
e. doi: 10.1001/jamanetworkopen.2018.5805

58. Jena AB, Seabury S, Lakdawalla D, Chandra A. Malpractice risk according
to physician specialty. New Eng ] Med. (2011) 365:629-36. doi: 10.1056/NEJMsal0
12370

frontiersin.org


https://doi.org/10.3389/fpubh.2023.1147709
https://doi.org/10.1287/mnsc.2017.2996
https://doi.org/10.1016/j.jhealeco.2015.06.001
https://doi.org/10.1056/NEJM198106253042611
https://doi.org/10.1109/ICDMW.2010.108
https://doi.org/10.1002/hec.4272
https://doi.org/10.21532/apfjournal.v5i1.135
https://doi.org/10.1609/aaai.v27i2.18995
https://doi.org/10.1001/archinternmed.2011.569
https://doi.org/10.12788/jhm.3521
https://doi.org/10.1001/jama.2022.18305
https://doi.org/10.1146/annurev-med-022613-090415
https://doi.org/10.1108/17506121311315391
https://doi.org/10.1001/jamanetworkopen.2018.5805
https://doi.org/10.1056/NEJMsa1012370
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

	Incidence of moral hazards among health care providers in the implementation of social health insurance toward universal health coverage: evidence from rural province hospitals in Indonesia
	1. Introduction
	2. Methods
	2.1. Design
	2.1.1. Population
	2.1.2. Sample

	2.2. Data collection
	2.3. Study outcomes
	2.3.1. Moral hazard
	2.3.2. Characteristics of patients
	2.3.3. Characteristics of coders
	2.3.4. Characteristics of physicians

	2.4. Statistical analysis
	2.5. Ethics approval

	3. Results
	3.1. Incidence of moral hazard
	3.2. The characteristic of physicians, coders, and patients

	4. Discussion
	5. Strengths
	6. Limitations
	7. Conclusion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher's note
	References


