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The study adopts a well-defined game theory with a decision support system (DSS) to embed the critical
factors involved in coordination game equilibrium. A data-warehouse-based DSS is used as a coordinating
instrument along with the disclosure of quality report cards. Feedback on prescribing, giving information
on aggregated data, along with the DSS, could be sufficient to improve prescribing behavior. The aim of
this study was to apply a DSS with pre-play communication of the coordination game theory to the
improvement of doctors’ antibiotic prescribing behavior. We examined whether the DSS improved the
prescribing behavior, and assessed how well the participating doctors improved quality of care. We found
the group using the system had a greater decrease in antibiotic prescription than the non-DSS group. This
study concluded that the DSS with game-theory modeling has made significant contributions for improv-
ing the doctors’ prescribing behavior. Future research directions and managerial implications are
addressed as well.

� 2008 Elsevier Ltd. All rights reserved.
1. Introduction

Drug expenditure control is an important element in the health
financial systems of all countries (Ess, Schneeweiss, & Szucs, 2003;
Okunade & Suraratdecha, 2006). The dominant influence in pre-
scribing drugs is the doctor and antibiotics usage has long been
considered an important issue for analyzing the decision-making
process in doctors’ prescribing behavior (Bradley, 1991;
Sintchenko & Coiera, 2003). The development of decision support
system is increasingly important in primary care for prescribing,
performance measures, cost control and quality of care (Ruland &
Bakken, 2002). The supporting healthcare decision-making is
dependent on the availability of integrated information and pre-
sented in a timely manner to their practice (Kim et al., 1999;
Sintchenko & Coiera, 2003; Slovensky, Fottler, & Houser, 1998).

The quality report cards or doctor profiles extract from medical
records, which reveal the difference in the quality of care delivered
and prescribing information among different doctors (Hibbard,
Stockared, & Tusler, 2003). The quality report cards thus are a use-
ful tool for peer-comparison and a voluntary response to engender
trust by reassuring the public about the performance of doctors
and the health care system more generally (Brownell, Roos, & Roos,
2001). Many studies have addressed the effectiveness of public
ll rights reserved.
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quality reports in stimulating hospital quality improvement, costs
control and supporting patient choice (Hibbard, Stockared, &
Tusler, 2005; Mason & Street, 2005). At the same time, a third-party
insurance payer can monitor a doctors’ adherence to prescribing
guidelines and measure the prescription rate being provided under
doctor profiles (Maryniuk, 1990). Nevertheless, this disclosure pro-
cess may encourage health care providers to play ‘‘games” within
the delivery of health care by changing their patterns of practice
(Dranove, Kessler, McClellan, & Satterthwaite, 2003). This phenom-
enon usually occurs when quality report cards and payment-audit-
ing (payoff) measures are directly related (Chinburapa et al., 1993;
McNamara, 2006; O’Brien, 1988).

The doctor’s prescribing behavior change with payment audit-
ing process can be modeled by the coordination game when the
third-party insurance payer audits the doctors’ claim procedures
(Burton & Sefton, 2004; Dixit & Skeath, 1999). One feature of a
coordination game is that the conditional best response involves
a matching of strategies across players (Alm & McKee, 2004). In
particular, costless signaling in coordination games has the poten-
tial to increase the possibility that the efficient equilibrium will be
reached by players (Camerer, 2003). Hence the available informa-
tion that allows doctors to focus on a particular strategy, with cost-
less signaling by disclosing the information in quality report cards,
also called ‘‘pre-play communication”, by which the doctors’ pre-
scribing behavior assessment will be delivered by comparing their
own performance with that of their peers. Moreover, a pre-play
communication that mimics the information provided by the
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quality report cards disclosure allows doctors to coordinate antibi-
otic prescriptions under the claim auditing rules.

The study developed a data-warehouse-based decision support
system (DSS) that displays the quality report cards and allows phy-
sicians to search for their own percentage of antibiotic prescrip-
tions as well as compare those results with others. The aim of
this study was to apply the DSS with pre-play communication of
the coordination game theory to the improvement of doctors’ pre-
scribing behavior. This application via the DSS discloses the per-
centage of antibiotic prescriptions in the quality report cards of
doctors and their peers as pre-game communication. The pre-play
communication paradigm will also implicitly affect and reshape
doctors’ practice patterns, which will be conducted under the influ-
ence of peer-comparison, and the doctor will therefore make more
appropriate decisions concerning utilization of antibiotics
(Lambert et al., 1997).

It will then be useful to investigate whether the doctors in pre-
scription integrate such information into their decision-making
processes in order to obtain the optimal outcome and avoid refus-
ing reimbursement under the medical claims payment audit
(MCPA) procedures. The study also helps policy makers to under-
stand the extent to which the quality report card can be a coordi-
nating instrument to facilitate the coordination of practice patterns
among doctors. Furthermore, it allows the doctors and the
Taiwan’s Bureau of National Health Insurance (TBNHI) to obtain
consistency in reaching win-win situations when dealing with pre-
scribing patterns and cost containment.

The remainder of the paper is organized as follows. Section 2
provides the underlying theory of reimbursement of health care
with the policy of medical claim payment auditing (MCPA) proce-
dures, decision support systems, and coordination games. Section 3
depicts the framework of study, DSS design and data collection.
Section 4 demonstrates the results of the system evaluation. In Sec-
tion 5 we present the computational results. Finally, we present
concluding remarks and suggestions for future research in Section
6.
2. Literature review

In this section, we briefly review the related concepts about the
medical claim payment auditing (MCPA) procedures, the technol-
ogy in the data warehouse decision support systems and the
underlying theory of coordination games.

2.1. The medical claim payment auditing (MCPA) procedures before
reimbursement

Taiwan has implemented national health insurance from 1995.
The Taiwan’s Bureau National Health Insurance (TBNHI), with sin-
gle-payer health insurance systems, governs drug costs and regu-
lates drugs payment list and indication for treating infections.
Many studies argued a doctors’ prescription is influenced by health
insurance and health-related policies (Alvanzo, Cohen, &
Nettleman, 2003; Chiang, 1997). In particular, the payment of Tai-
wan’s National Health Insurance (NHI) based on a fee-for-service
payment schedule has led to a higher volume of prescriptions from
physicians (Cheng, 2003). The third-party insurance payer there-
fore needs to adopt an array of strategies to combat this problem.
Both utilization review and physician profile analyses have been a
critical factor in controlling health care costs and assurance quality
of care after implementing NHI in Taiwan (Cheng, 2003; Chiang,
1997).

The medical claim payment auditing (MCPA) strategy is a major
action against doctors who deviate from the prescribing guidelines
or TBNHI’s regulations (Fu, Tsai, Lin, & Wei, 2004). The effective
MCPA procedures, which operate by thorough peer review activi-
ties to eliminate any charges that violate the MCPA rules, are a
key tool in reducing a physician’s inappropriate prescriptions and
controlling health expenditures (Denig, Haaijer-Ruskamp, &
Zijsling, 1988; Hellinger, 1996).

With the MCPA procedures, monthly medical claims reimburse-
ment is examined by the TBNHI. The TBNHI determines the doc-
tors’ medical claim reimbursement based on the audit rules
concerning billing claims and tries to determine whether the med-
ical claim needs to undergo the medical records peer-review pro-
cedures before reimbursement is made. Therefore, doctors should
aim to not violate any of the rules and policies established by the
TBNHI (Cheng, 2003). In general, the audit rules summarize infor-
mation concerning medical claim billing (e.g. the average claim
price, the amount of medical claim fee) and quality (e.g. the per-
centage of antibiotics, the percentage of injections). These rules
are derived from the doctors’ profiles by averaging the quantity
contents of the doctors’ cohort, which results in the discriminate
indicators of claim billing and patterns of prescribing, called
‘‘auditing flags” that decide whether the doctors’ claims need to
undergo the medical records peer-review procedures.

Hence, a doctors’ probability of medical records peer-review
procedures is based not only upon his/her patterns of prescribing,
but also upon these patterns of prescribing relative to his/her
peers. Thus, doctors have to consider the behavior of others, and
then follow a similar course of action in order to avoid being sub-
ject to the medical records peer-review procedures. Therefore, a
basic rule for doctors’ patterns of prescribing is ‘‘not significantly
different from your peers” (Fu et al., 2004). Nevertheless, the med-
ical records peer- review activities are time-consuming and raise
personnel costs, so under budget constraints the TBNHI can only
audit those claims that are higher than the MCPA threshold. Thus,
there is a game among physicians and between physicians and
TBNHI. In order to increase the doctors’ compliance on reimburse-
ment regulations, the TBNHI announces the MCPA rules to doctors
before claims are submitted. As a result, the MCPA rules guide the
doctors’ prescribing patterns to approach an equilibrium state un-
der the MCPA’s threshold (Alm & McKee, 2004; Dixit & Skeath,
1999). The coordination game can be employed under the auditing
process and thus change these doctors’ prescribing behavior
(Cooper et al., 1990, 1992; Shiell & Chapman, 2000; Van Huyck,
Battalio, & Beil, 1990).

2.2. Data-warehouse-based decision support system

As health information technology continues to improve, elec-
tronic medical records are now kept in digital form and stored in
data warehouses, and facilitate developing decision support sys-
tem to be a direct aid on clinical decision-making to increase
health care quality and efficiency (Lovell & Celler, 1999; Short,
Frischer, & Bashford, 2004; Tsai & Kuo, 2007). Data warehouses have
emerged to meet this need in healthcare. A data warehouse, as a
repository for data extracted from various operational health infor-
mation systems, facilities the third-party insurance payer to audit
electronic medical records and transaction processes to ensure
heath services are more accountable (March & Hevner, 2007;
Watson, Fuller, & Ariyachandra, 2004). Data warehousing offers
benefits such as cost savings and error reduction from the consol-
idation of multiple, disparate decision support platforms in clinical
practice. It can be used to support queries, reporting, online analyt-
ical processing (OLAP) and data mining for all levels of manage-
ment decision-making processes (Kim, Hong, & Park, 2008). A
data warehouse is also at the heart of decision-making in the clin-
ical practice, which integrates data from disparate sources into one
coherent repository of information to give a better picture of the
overall situation ((March & Hevner, 2007). Such systems have be-
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come central for decision support in health care (Berndt, Hevner, &
Studnicki, 2003; Pedersen & Larsen, 2001), and provide the data
infrastructure that is needed for decision support (Ruland &
Bakken, 2002; Watson et al., 2004).

Decision support systems (DSS) is an interactive, computer-
based system intended to provide support to decision-makers
engaged in solving various semi- to ill-structured problems
involving multiple attributes, objectives and goals (Nemati,
Steiger, Iyer, & Herschel, 2002). Integrating the data warehous-
ing technology can aid decision-makers and physicians in
health care to make appropriate and cost-effective decisions
under the cost containment policy (Liang, Xue, & Berger,
2006). DSS is thus becoming increasingly critical in the daily
operation of health care (Ruland & Bakken, 2002), with physi-
cians using DSS to make strategic decisions and improve their
clinical operations and quality of care. However, DSS is depen-
dent upon knowledge acquisition for the design of the decision
mechanism in terms of (1) the clinical domain, for understand-
ing of the decision problem; (2) decision science and research
on practical decision-making motivation; and (3) informatics
technology, to provide the technology and algorithms for the
data collection, processing, structure, presentation and integra-
tion of the database (Nemati et al., 2002; Pedersen & Larsen,
2001; Ruland & Bakken, 2002).

Accordingly, using the quality report cards as a pre-play com-
munication is proposed to show how the DSS is an important
instrument in the coordinating process among doctors and the
NHI auditing policy. It is here that the notion of a ‘‘coordination
game” enters in the design of the decision support systems. The
DSS provides a close to the time of information to doctors so that
they can analyze the probability of auditing and make more advan-
tageous decisions after comparing their antibiotic prescription
rates with their peers.

2.3. Coordination game

Game theory is one of the most commonly used tools for mod-
eling and analyzing management problems, which are character-
ized by both multi-period runs and strategic decision-making.
Game theory techniques have also been widely employed to deal
with issues in health care management (O’Brien, 1988; Shiell &
Chapman, 2000), and physicians and third-party insurance payers
can thus be viewed as the players engaged in a game (Ford, Wells,
& Bailey, 2004). Doctors are the ones who realize both the interde-
pendence of individual practice strategies and the health insurance
policies or regulations that are the basic criteria of the game. The
coordination game can create agreements among the players about
their preferences among the possible outcomes (Colman, 1995).
The coordination game is defined by four elements (Rasmusen,
1994):

(1) The set, i = {1,2, . . . ,n}, of players.
(2) The sequence, s = {s1,s2, . . . ,sn}, of strategy sets of the players.
(3) The sequence, pi(s1, . . . ,sn), of payoff functions of the players,

and
(4) The sequence, F:{s1 , . . . ,sn,p1 , . . . ,pn} ? s* is a rule that

defines an equilibrium and is based on the possible strategy
combinations and the payoff functions.

The coordination game equilibrium, 8i;piðs�i ; s��iÞP piðs0i; s�i Þ;8s0i,
and the strategy combination s* is a Nash equilibrium if no player
has an incentive to deviate from their strategy since other players
do not deviate. A rational player is judicious if they have a clear
preference, which is represented by a game function payoff that
can be expressed in terms of utility, profit, sales revenue, negative
cost, or any other such quantitative measure (Dixit & Skeath,
1999). There is a high degree of success in attaining the payoff
dominant equilibrium outcome in a coordination game, since the
best outcome is that considered best by the other players.

More than one equilibrium strategy is usually available in this
type of game, and the player makes decisions in a way consistent
with their objective, namely, to maximize their payoff in the game.
Players will have the highest payoffs if they can coordinate a strat-
egy when they play the game (Cooper et al., 1992). This is the basic
concept of focal point equilibrium, where players play their best
response because of its differential characteristic (Schelling,
1960). In other words, if the players have information that enables
them to focus on a particular strategy, then the likelihood of reach-
ing the coordinated result will be enhanced (Alm & McKee, 2004).
The best response is the basic criteria in game playing that involves
matching strategies across players, and thus a coordination game
cannot reach its dominant strategy. Often there is an efficient out-
come, which can only be achieved through coordination. When
players communicate, the desire to obtain optimal results will
encourage them to collaborate.

Many studies have found that pre-play communication (i.e.
cheap talk) is quite effective in achieving Pareto-efficient outcomes
when players coordinate (Dixit & Skeath, 1999; Schelling, 1960).
Cooper and et al. (1990) found that a high degree of success can
be attained when there is a payoff-dominant equilibrium outcome
in a coordinated game. One-way pre-game communication could
also be quite effective in achieving coordination relative to the
no-communication baseline in games with a cooperative strategy
(Cooper et al., 1992). Farrell (1993) argued that cheap talk is a sig-
naling game in which neither player 1’s nor player 2’s payoff is
dependent on the message. The ability to communicate often af-
fects the outcome of strategy interaction. Burton and Sefton
(2004) found that when players have an opportunity to do pre-play
communication the possibility of equilibrium will increase signifi-
cantly and communication plays a key role in reassuring the sub-
jects that certain strategies will be used in the game, allowing
them to coordinate and create an efficient equilibrium. As a result,
pre-play communication enables players to coordinate and reach
the focal point equilibrium.

3. Empirical study

In this section, we illustrate how a DSS as a pre-play communi-
cation plays an important role in the coordination process. We
have designed a data-warehouse-based DSS that employs technol-
ogy to gather and analyze a large quantity of information in this
study.

3.1. Conceptual framework

We assume that the doctors’ prescribing behavior change with
payment auditing process is a coordination game, and the third-
party insurance payer offers a DSS to disclose the peer-comparison
information for increasing Nash equilibrium. The coordination
game equilibrium is 8i;piðs�i ; s��iÞP piðs0i; s��iÞ;8s0i, where i = {1,2 ,
. . . ,n} is a set of doctors, where s = {s1,s2 , . . . ,sn} is a set of prescrib-
ing strategy, where pi(s1 , . . . ,sn) is a set of payoff function under
prescription rate and MCPA procedures, where F:{s1 , . . .sn,
p1 , . . . ,pn} ? s* is a set of equilibrium based on the appropriate
the strategy and payoff function.

The effectiveness of the game is measured by how much the cir-
cumstances surrounding decision-making can be stimulated. This
can be separated into five stages (Elgood, 1984):

1. Determination of objectives and/or identification of problem.
2. Collection and/or analysis of information.
3. Definition and/or comparison of an alternative course of action.
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4. Action.
5. Review of results (feedback on payoff).

Among the five stages, it has been widely recognized that when
doctors are given pre-play communication from quality report
cards and allow a majority of doctors to learn the optimal strate-
gies to test conditional rules, which increases the likelihood of a
coordinated outcome or Pareto-efficient outcome (Brandts &
Charness, 2003; Burton & Sefton, 2004; Cooper et al., 1992; Dixit
& Skeath, 1999; Jaegher & Jegers, 2001; Schelling, 1960). The coor-
dination game allows a doctor (player) to predict the most likely
course of action that will be taken by each doctor based on his/
her knowledge of the available options and his/her expected pay-
ment under the auditing policy. Hence a payment audit game
among doctors is used to ensure that their patterns of prescribing
antibiotics do not deviate too much from the average of their
peers. When a doctor contemplates the payment (or payoff) he/
she will have an incentive to coordinate changes in antibiotic
prescriptions.

The optimal practice for each doctor is to coordinate on submit-
ting zero antibiotic prescriptions, because this yields the highest
payoff when the TBNHI only audits on the basis of the difference.
However, the MCPA procedures are an infinite game when the doc-
tors make a continuous contract with TBNHI. If a doctor decides to
submit zero antibiotic prescriptions it will create a narrow strategy
space in the future (i.e. a loss of drug payment on reimbursement).
Hence, the doctors need to consider their peers antibiotic prescrip-
tions in order to make appropriate decisions. Accordingly, it is
worth exploring the connection between the coordinating instru-
ment (DSS discoursing quality report cards) and the changes in
doctors’ prescription patterns. A conceptual framework of the doc-
tors’ prescribing decision-result cycle is used as the basis of this
study, as depicted in Fig. 1.

A rational doctor coordinates their patterns of prescribing on an
equilibrium via the DSS (revelation of quality report cards) coordi-
nating device to find the difference between their antibiotic pre-
scriptions and those of their peers. The doctor will then their
patterns of prescribing accordingly (Ahluwalia, Weisenberger,
Bernard, & McNagny, 1996). DSS is a useful coordinating instru-
ment to aid doctors in predicting the probability of MCPA action
being taken. Although the DSS may substantially change a doctors’
prescribing behavior of prescribing antibiotics, the extent of this
change is also dependent on doctors’ own monetary payoff. Hence,
we supplement the MCPA procedures to be conducted on the basis
of deviations of prescription patterns. Under the MCPA procedures
there are thorough peer review activities for ensuring that any pre-
scription provision complies with clinical guidelines and TBNHI
regulations, and the cases that violate the guidelines and regula-
tions will be refused reimbursement from the MCPA procedures.
This monetary payoff is central part of the doctors’ prescribing
decision (Dixit & Skeath, 1999).
Fig. 1. The cycle of doctors
3.2. Decision support system design and architecture

A DSS is used as the coordinating device for the disclosure of
quality report cards in this study based on previous research into
a form of pre-game communication that facilitates coordinating.
This is illustrated in Fig. 2. Antibiotic prescriptions for outpatients
are chosen as the quality report cards, which are the average per-
centage of antibiotics prescribed per outpatient visit. The DSS’s
scheme consists of three components: (1) aggregating the differen-
tial claim dataset into the data warehouse; (2) OLAP technology,
which integrates the functionality of earlier generations of data
warehouse information technology and changes the data into mul-
tidimensional cubes that can be observed faster from all perspec-
tives and produce varied quality report cards (Tremblay, Fuller,
Berndt, & Studnicki, 2007); and (3) a Web-based interface that pro-
vides a convenient channel for a doctor to use ( Bhargava, Power, &
Sun, 2007; Kruck, Teer, & Christian, 2008).

The aggregated doctors’ claim tables are obtained from patient
service list table and patient service content table. The doctors’
claim payment tables contain 25 attributes, which correspond to
doctors’ service provision. We use on-line analysis processing
(OLAP) (Microsoft OLAP services, Taiwan) to extract the necessary
data from the data warehouse for building the multidimensional
cubes, which consist of the doctors’ information from all perspec-
tives (e.g. per patient, per visit antibiotic usage) (Berndt et al.,
2003). The aggregate prescriptions data warehouse is then calcu-
lated based on the data extracted above. Next, comparing a doc-
tor’s prescription rate of antibiotics with all other doctors’ norms
derives the percentile range of the indicators. Finally, the system
assigns individual codes and passwords for integrating the results
of individual quality report cards. The data are placed on the Web-
based interface DSS (Lee & Chung, 2005). The doctors can search for
their own percentage of antibiotic prescriptions and make compar-
isons with percentile distributions (see Figs. 3 and 4). The system
records when the doctors access the database, and then are stored
in a log database.

Figs. 3 and 4 show that when doctors use the Internet to search
the quality report cards, different colors light up to inform users
what percentile of antibiotic prescriptions belongs to which group.
Camerer (2003) pointed out that traffic lights are familiar examples
of a ‘‘correlating device” – a public, observable signal from which
doctors can adjust their strategy according to their circumstances.
The colors used follow those of traffic lights: red means that the
antibiotic prescriptions exceed the 90th percentile, yellow lies be-
tween the 90th percentile and 75th percentile, and green means
that antibiotic prescriptions are below the 75th percentile. The
red light tells the doctors that they fall within an extreme group
when compared with their peers. As a result, the doctor needs to
decrease their antibiotic prescriptions. Otherwise they will be sub-
jected to MCPA procedures. The doctors must keep their antibiotic
prescriptions below the 75th percentile, or in the ‘‘green light”, in
’ prescribing decision.



Fig. 2. Doctors’ medical claim profiles gathered and the procedure for creation of DSS quality report cards.

Fig. 3. An example of a DSS quality report card on the TBNHI Website.
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order to prevent medical peer-review procedures by the MCPA.
Therefore, the correlating instruments are useful in triggering col-
lective action when explicit communication is cumbersome or pro-
hibited. Thus, we adopt an auxiliary ‘‘traffic light” to disclose
quality report cards on the DSS.

3.3. Data collection

During the research for this study we contacted a total of 1457
doctors who had contracts with the TBNHI, with practice areas
covering two cities and three counties of TBNHI’s southern branch.
Overall, there were 3.6 million beneficiaries receiving primary care
from the doctors. Prescriptions were collected for all outpatient
visits and came from the computerized claims data warehouse of
the NHI, so that we could evaluate the percentage of antibiotic pre-
scriptions among the contracted doctors. The medical claims data
warehouse contains data for a two-year time period. On average,
the system handled over 2.7 million cases involving outpatient pa-
tient visits services every month.

This natural experiment was uncontrolled for before and after
comparisons. Use of the DSS was voluntary though strongly
encouraged. During this period, the TBNHI periodically offered



Fig. 4. The query results from DSS.

Table 1
Percentage of antibiotic prescriptions at different quarters and doctors’ characteristics
(n = 1266).

Criteria Mean SD

Baseline quarter 0.1729 0.1752
Quarter I 0.1613 0.1670
Quarter II 0.1604 0.1684
Quarter III 0.1565 0.1593
Quarter IV 0.1526 0.1544
Quarter V 0.1428 0.1548
Monthly amount of medical claim fee ($USD) 18502 14632
Age (year) 49 11
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evidence-based medical guidelines and education in antibiotic pre-
scriptions to doctors with whom it had a contract. There were 1102
doctors (87%) in the education only group (non-DSS group) and
164 doctors (13%) in both the education and using DSS group
(hereafter DSS group). Among the 1457 doctors, 191 doctors were
not included in the analysis because their data was incomplete
during the study period, due to the doctors’ withdrawal from the
TBNHI contract. Therefore, the final analysis was based on 1266
doctors and consisted of 1102 doctors in the non-DSS group and
164 doctors in the DSS group. The baseline quarter and the post-
intervention percentages of antibiotic prescriptions were taken
from TBNHI’s data warehouse, which has collected medical claims
for all outpatient-visits.

This two-year study was divided into five quarters by each
quarter after the baseline quarter. The model, which uses the coor-
dinating instrument and doctors’ prescription rate change when
prescribing antibiotics, based on the following three assumptions:

1. A doctor who suffers from over prescribing antibiotics is
described by a loss function. It shows the relationship between
prescribing antibiotics and the higher probability of underlying
medical records peer-reviews procedures by the MCPA.

2. Operating in a consumer society, doctors tend to improve the
quality of care, obeying the guidelines for antibiotic pres-
criptions.

3. Each doctor faces a population of patients who may suffer from
either a high severity or a low severity illness, both with the
same probability. Therefore, the probability of antibiotics usage
is the same.

We compared the changes in the percentage of antibiotic pre-
scriptions for all. The percentage of antibiotic prescriptions in out-
patient visits between the DSS and non-DSS group. Both X2-test
and t-test were used to analyze significant differences. Statistical
analysis was conducted using the Statistical Package for the Social
Sciences (SPSS 15.0 for Windows, 2006, SPSS, Chicago, IL). The re-
sults of the analysis will be discussed in detail in the following
sections.
4. Results

In this section, we describe the results of the statistical analysis
and incorporate the DSS using group feedback on the percentage of
antibiotic prescriptions gathered. We also compare the variations
in percentiles of antibiotic prescriptions across the two groups in
the five quarters.

4.1. Description of the sample

The average doctors medical claim fee per month was
18,502 ± 14,632($UD). The doctor’s average age was 49 ± 11 years.
The percentages of antibiotic prescriptions from the baseline
quarter to quarter V were 17.3%, 16.1%, 16.0%, 15.7%, 15.3%,
14.3%, respectively. The results are presented in Table 1. The
TBNHI’s southern region branch used educational lessons and
quality report cards to decrease the percentage of antibiotics
prescription. This caused the percentage of antibiotic prescriptions
for outpatient visits to drop from 17.3% to 14.3%.

Table 2 shows the differences in the doctors’ antibiotic prescrip-
tions rate between the non-DSS and DSS group (p < 0.001). The re-
sults of the analysis indicate that younger doctors and those with
higher claim fee per month are more likely to use DSS.



Table 2
The relationship of doctors’ characteristics with the non-DSS group and DSS group (n = 1266).

Criteria Non-DSS group (n = 1102) DSS group (n = 164) t p-Value

Mean SD Mean SD

Age (year) 50 11 46 9 �4.375 0.000
A amount of medical claim fee ($USD) per month 17,397 12,289 25,931 24,035 6.024 0.000
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4.2. Inter-group validity analysis at the baseline quarter

The percentage of antibiotic prescriptions distribution is
skewed to the right. We use the percentiles range to compare indi-
vidual observation with a set of norms to replace the geometric
mean. Then we divide all of the doctors into one of the following
three groups: the lower group is less than the 50th percentile,
the middle group lies between the 50th and 75th percentile, and
the higher group is greater than the 75th percentile. Table 3 shows
the percentile distribution for antibiotic prescriptions.

Since all of doctors’ prescriptions behavioral changes are influ-
enced by MCPA’s procedures or the use of DSS, it is necessary to
examine the differences between the non-DSS group and DSS
group within the MCPA procedures and the three percentile groups
at the baseline quarter. Based on the Chi-square analysis, we found
that there was no variation in the distribution of doctors between
the non-DSS group and DSS group in the three percentile groups of
antibiotic prescriptions (X2 = 3.06; p > 0.01). There was also no var-
iation for the MCPA procedures (X2 = 0.6684; p > 0.01). This statis-
tical analysis indicates that there are no significant differences
between the DSS and non-DSS groups at the baseline quarter. This
adds validity to using DSS or non-using-DSS groups as our unit of
analysis in the different quarters (see Table 4).

4.3. Changes in the percentage of antibiotic prescriptions between the
DSS group and non-DSS group at the different quarters

We use the t-test to exam the relationship between the non-DSS
group and DSS group, and the percentage of antibiotic prescrip-
tions at the five quarters. Before examining the variation in the
percentage of antibiotic prescriptions between the non-DSS group
and DSS group for the three percentile groups, the t-test for equal-
ity of mean is used to show that the differences between the vari-
ances are not significant at 5%.
Table 3
The percentile distribution of antibiotic prescriptions.

Percentile criteria Percentage of antibiotic prescriptions

25th Percentile 0.034
50th Percentile 0.107
75th Percentile 0.271
90th Percentile 0.431

Table 4
The intergroup relationship at the baseline quarter (n = 1266).

Non-DSS group (n = 1102)

N %

Percentage of antibiotic prescriptions
Lower group 561 88.6
Middle group 268 84.8
Higher group 273 86.1
MCPA procedures
Non-accept 328 85.9
Accept 774 87.6
There was no statistical significance (p > 0.01) in the lower and
middle percentile groups during the five quarters between the
non-DSS group and DSS group as shown in Tables 5 and 6. Table
7 presents the results of the higher group, where there are statisti-
cally significant declines in the percentage of antibiotic prescrip-
tions for the five quarters. This difference declined as time
increased (p < 0.001). Doctors in the higher percentile and DSS
groups tended to adopt the peer-comparison result to decrease
their antibiotic prescriptions more than the non-DSS group.

5. Discussion

The study adopts a well-defined game theory to build a DSS and
to embed the critical factors involved in coordination game equi-
librium. It leverages an instrument for supporting doctors in eval-
uating prescription rates of antibiotics. The results of our analysis
reveal that changes in doctors’ prescriptions come after informa-
tion about peer behavior is given and as a part of the prescribing
decision process. A doctor’s prescribing behavior can be improved
by methods such as education, retrospective feedback, concurrent
feedback, incentives, opinion leaders, patient education, and deci-
sion support systems (Ahluwalia et al., 1996; Dranove et al.,
2003; Hellinger, 1996). One of these methods is peer-comparison
feedback (i.e. doctor profiles), which provides data comparing the
performance of one physician with that of his/her peers to improve
provider accountability.

We focus on establishing a framework for pre-play communica-
tion so that the likelihood of a coordinated outcome or Pareto-effi-
cient outcomes increases. After the quality report cards were
disclosed, a significant decline in antibiotic prescriptions was de-
tected, and the DSS group showed a greater decline than the
non-DSS group at a different quarter (p < 0.001) in the higher per-
centile group. This result demonstrates that peer-comparison feed-
back with MCPA procedures as the monetary payoff in the
coordination game motivated the doctors’ practice change through
interactive learning activities and competition with peers. In par-
ticular, doctors in the higher percentile group decreased their anti-
biotic prescriptions more when they used the DSS to get peer-
comparison feedback on prescribing patterns. Therefore, the use
of pre-game communication is thus useful to the TBNHI authority,
generating compliance significantly above physician education
alone. These results are consistent with Wensing, Broge, Kauf-
mann-Kolle, Andres, and Szecsenyi (2004) study found that the
DSS group (n = 164) X2 p-Value

N %

72 11.4 3.0267 0.2202
48 15.2
44 13.9

54 14.1 0.6684 0.4136
110 12.4



Table 5
The relationship of the lower group at different quarters (n = 633).

Lower group Non-DSS group (n = 561) DSS group(n = 72) t p-Value

Mean SD Mean SD

Baseline I 0.0393 0.0322 0.0430 0.0323 �0.91 0.3648
Quarter I 0.0419 0.0515 0.0407 0.0282 0.19 0.8469
Quarter II 0.0425 0.0551 0.0377 0.0297 0.73 0.4676
Quarter III 0.0471 0.0548 0.0447 0.0406 0.37 0.7132
Quarter IV 0.0483 0.0569 0.0494 0.0481 �0.15 0.8795
Quarter V 0.0425 0.0584 0.0400 0.0392 0.35 0.7266

Table 6
The relationship of the middle group at different quarters (n = 316).

Middle group Non- DSS group (n = 268) DSS group(n = 48) t p-Value

Mean SD Mean SD

Baseline 0.1785 0.0467 0.1943 0.0459 �2.16 0.0313
Quarter I 0.1664 0.0675 0.1795 0.0650 �1.24 0.2149
Quarter II 0.1681 0.0775 0.1812 0.0873 �1.05 0.2923
Quarter III 0.1648 0.0745 0.1734 0.0881 �0.72 0.4744
Quarter IV 0.1601 0.0793 0.1699 0.0859 �0.79 0.4330
Quarter V 0.1449 0.0805 0.1567 0.0877 �0.92 0.3561

Table 7
The relationship of the higher group at different quarters (n = 317).

Higher group Non-DSS group (n = 273) DSS group(n = 44) t p-Value

Mean SD Mean SD

Baseline 0.4333 0.1292 0.4147 0.1191 0.90 0.3711
Quarter I 0.4042 0.1404 0.3248 0.1210 3.54 0.0005
Quarter II 0.4015 0.1461 0.2971 0.1330 4.45 0.0000
Quarter III 0.3797 0.1459 0.2809 0.1314 4.23 0.0000
Quarter IV 0.3640 0.1440 0.2751 0.1335 3.84 0.0002
Quarter V 0.3517 0.1526 0.2676 0.1396 3.43 0.0007
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application of quality circles had the intended effects on prescrib-
ing decisions in primary care in Germany.

Nevertheless, there are many factors that influence prescribing
decisions in clinical practice, such as patient demand, the illness it-
self, information on drugs, health insurance payment regulation,
pressure from colleagues and marketing by drug companies
(Alvanzo et al., 2003; Chiang, 1997; Wensing et al., 2004). In partic-
ular, when doctors face the competition with peers that underlie
the policy of patients having a free choice of physicians, this might
provide an incentive to give in to patients’ wishes for prescriptions
(Wensing et al., 2004). Individual decision-making is based on a
wide set of social factors, and egoism and altruism may also play
a role in influencing decision-making (Jan, 2003; Kwon, 2006;
Lin, Liu, Hsu, & Wu, 2008). A rational decision maker does undeni-
ably respond to economic incentives and tends to maximize his/
her monetary benefit (Hellinger, 1996). However, reimbursement
by the TBNHI is subject to auditing strategies such as peer review
activities or physician profile analyses to prevent false claims or
over prescription. Hence, based on the financial realities, the doc-
tors’ patterns of prescribing will be affected by the policies of the
third-party insurance payer. This is a general principal, widespread
in the implementation of national health insurance-led systems in
which essentially the payer decides what drugs are to be pre-
scribed (Lambert et al., 1997). In the study of Mugford, Banfield
and O’Hanlon (1991) argue that the feedback of statistical informa-
tion, presented close to the time of decision-making, is likely to
have a more direct effect on practice. A suitable time is important
for policy maker who use the feedback loop to change practice pat-
terns. Therefore, the DSS plays a critical role in the doctor’s pre-
scribing process and can enhance the ability of decision-makers
by starting to consider their payoff and past decision-making
behavior as part of the decision process (Farrell, 1993). This result
verifies previous studies that have found that pre-play communi-
cation is an effective coordinating instrument in achieving Pare-
to-efficient outcomes (Brandts & Charness, 2003).

In addition to these findings, we find that the DSS group was
younger and had higher medical claim fees than non-DSS group.
This indicates that the characteristics of individual doctors affect
the collection of external information. It is especially important
that a doctor is informed when he/she belong to ‘‘the higher per-
centage of antibiotic prescriptions” group or is in the ‘‘red light”.
Since doctors with higher medical claim fees have to face MCPA
procedures, the monetary payoff affects them more than for doc-
tors with lower medical claim fee. Many studies (Chinburapa
et al., 1993; Denig et al., 1988) have also argued that the MCPA pro-
cedures are an auxiliary instrument used to change deviations in a
doctor’s patterns of prescribing and to decrease inappropriate drug
prescriptions for the third-party insurance payer. As a result, pub-
lishing the audit rules of MCAP procedures often forces physicians
to achieve high levels of compliance with drug prescribing regula-
tions. This compliance will positively impact the doctors’ patterns
of prescribing and reduce health expenditures (Wu, Knill-Jones,
Wilson, & Craig, 2004). Meanwhile, applying peer-comparison
feedback can enable doctors to benchmark their patterns of pre-
scribing against these of their peers.

Nevertheless, the other important issue in the peer-comparison
problem is how to define the relevant peer group? What biases are
produced after disclosing the peer-comparison result? One result
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of defining peer groups may be the proverbial ‘‘slippery slope,”
with patients ultimately suffering (Kim et al., 1999). Shahian et
al. (2001) indicated that one way the doctors can improve their
apparent performance is by avoiding high-risk patients. Physicians
will inevitably be concerned that treating such patients will lead to
a poor outcome due to the negative quality rates. However, the dis-
closure of performance in health care seems sometimes to confuse
the quality of indicators, and ‘beating the system, not improving
quality’ may pervert behavior and engender a defensive culture
detrimental to quality (Mason & Street, 2005). Therefore, we need
to use the appropriate information with performance assessments
for overlooking this bias and take account of known confounding
variables.
6. Conclusions and suggestions for future research

We employ a DSS with coordinating instruments for doctors to
integrate relevant information into their prescribing decision pro-
cess. Our study shows that game-theory modeling, built into the
decision support systems, has made significant contributions to
understanding the coordinating instruments for managing the doc-
tors’ practice patterns and encouraging doctors toward these pat-
terns favored by the third-party insurance payer. Herein, the
real-world data set, gathered from the NHI program in Taiwan,
shows that doctors’ patterns of prescribing can be reshaped
through peer-comparison and the monetary payoff of MCPA proce-
dures. Our study also shows that the quality report cards help the
doctor filter and evaluate information for establishing suitable pat-
terns in their practice management. In the future, integrating elec-
tronic clinic data with practice management data on the doctor
practices, doctors will easily be able to compare their patterns of
practice with their peers, and thus control health costs as well as
increase efficiency.

Some limitations of this study should be mentioned. First, de-
spite significant efforts to reshape doctors’ prescribing behaviors,
many doctors were not involved in our sample. Therefore our study
is an uncontrolled before and after comparison because use of the
DSS was voluntary and this is a natural experiment that did not
control different case mixes of disease distribution across doctors.
Potential biases exist as the results are likely to be existed toward
better-known report card efforts. Second, regardless of our exten-
sive follow-up efforts, we limited the patterns of prescribing anti-
biotics information to claim data, and medical records did not
confirm this, so the patterns of prescribing antibiotics bias cannot
be ascertained. It may be that the percentages of antibiotics pre-
scribed are different, or perhaps the percentages are not accurately
submitted in the claim data. Nevertheless, this study concludes
that disclosing the peer-comparison information via DSS is a ben-
eficial coordinating instrument to aid doctors’ practice compliance
with drug prescription regulations.

This research has two important policy implications. First, while
the promise on the quality of care is voluntary for doctors, if policy-
makers can facilitate a form of pre-play communication the among
doctors before the claim auditing process it will be increase the
compliance of doctors. Notably, when the health care operates in
a management-oriented system, doctors’ actions are highly reliant
on the perception of their monetary payoff and the cognitive expe-
rience of the clinical care. Therefore, a DSS is used as the coordinat-
ing instrument for the disclosure of quality report cards can act as a
good facilitator to push doctors toward a better quality patient
care. Second, policy-makers can acquire more knowledge about
applying behavioral game modeling into designing a decision sup-
port system, and stimulate a positive attitude in the players (health
care providers) for improving cost savings based on the prescrip-
tion patterns.
Furthermore, this study encouraged the TBNHI to expand its
disclosure of quality report cards and peer-comparison results on
its website. These results were highlighted to attract physicians
and beneficiaries concerned about the related indicators of quality
care in the NHI. Other countries may also find our study results
helpful when investigating the issue of prescriptions as well as
cross-country comparisons.

Opportunities for further research are abundant. First, further
research should examine not only variations in antibiotics pre-
scription by different specialists, but also building a suitable mech-
anism that will reflect various diseases with certain antibiotics.
Second, there is need for infrastructure and technical assistance
to facilitate development of the peer-comparison process and the
sharing of information among doctors. Greater systematization
may be required, and the goal should be to enhance the doctors’
involvement. Third, a plurality of communication approach and re-
search questions in evaluation is needed so as to broaden our
understanding of doctors’ prescribing behavior and sue of DSS
applications. To this end, the buildings of an intelligent DSS to de-
tect and measure changes in doctors’ prescription rates of antibiot-
ics for diagnosing abnormal practices are highly necessary and
useful for practitioners. We hope that many researchers will em-
ploy DSS approaches and game theory modeling for further inves-
tigation of this important area.
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