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Abstract Current market conditions create incentives for some
providers to exercise control over patient data in ways that
unreasonably limit its availability and use. Here we develop a
game theoretic model for estimating the willingness of
healthcare organizations to join a health information exchange
(HIE) network and demonstrate its use in HIE policy design.
We formulated the model as a bi-level integer program. A
quasi-Newton method is proposed to obtain a strategy Nash
equilibrium. We applied our modeling and solution technique
to 1,093,177 encounters for exchanging information over a 7.5year period in 9 hospitals located within a three-county region
in Florida. Under a set of assumptions, we found that a proposed federal penalty of up to $2,000,000 has a higher impact
on increasing HIE adoption than current federal monetary incentives. Medium-sized hospitals were more reticent to adopt
HIE than large-sized hospitals. In the presence of collusion

among multiple hospitals to not adopt HIE, neither federal incentives nor proposed penalties increase hospitals’ willingness
to adopt. Hospitals’ apathy toward HIE adoption may threaten
the value of inter-connectivity even with federal incentives in
place. Competition among hospitals, coupled with volumebased payment systems, creates no incentives for smaller hospitals to exchange data with competitors. Medium-sized hospitals need targeted actions (e.g., outside technological assistance,
group purchasing arrangements) to mitigate market incentives
to not adopt HIE. Strategic game theoretic models help to clarify HIE adoption decisions under market conditions at play in
an extremely complex technology environment.
Keywords Health information exchange . Medical record
linkage . Game theory . Market models
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A 10-year expectation for healthcare organizations in the
United States is coordinated exchange of electronic patient
data through far-reaching health information exchange (HIE)
networks. [1, 2] The federal government has taken an active
role to stimulate electronic medical record (EMR) interconnectivity. Enacted in 2009, the Health Information
Technology for Economic and Clinical Health (HITECH)
Act has provided a $2,000,000 base incentive for those hospitals electronically exchanging patient information with unaffiliated providers. This includes other unaffiliated hospitals
and ambulatory care facilities that are regional and sometimes
in direct competition. Although recent evidence shows mixed
effects of HIE, two recent systematic reviews suggest it may
be due to a lack of widespread HIE adoption. [3, 4] There has
been an uptick in HIE adoption since the enactment of the
HITECH Act; however, only 40 % of hospitals and 14 % of
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solo practices are conducting HIE activities with significant
state-to-state variations. [5, 6] Common barriers to HIE adoption include financial impediments to investment, interface
and workflow issues, privacy and security regulations, and
strategic concerns regarding the competitive advantage of
Bowning^ patients’ data. [7–12].
A recent report to Congress highlights that current HIE
market conditions create incentives for some entities to exercise control over patient data in ways that unreasonably limit
its availability and use. [13] This issue, named health information blocking, is used to maintain a captive market share
and reinforce market dominance. Current evidence shows that
hospitals being for-profit, hospitals controlling major regional
market shares, and hospitals in more concentrated markets are
at decreased likelihood of adopting HIE. [14, 15] Large health
systems (e.g., accountable care organizations) are motivated
to exchange electronic patient data internally, maintaining a
common medical record, but are less likely to exchange with
competitors and unaffiliated providers. [16] Although providers are legally required to share patients’ records, there is
anecdotal evidence that significant barriers exist to exchange
and some providers are hesitant to release records to patients
transferring to other providers. [13, 17–21] While the evidence is limited, there is little doubt that health information
blocking is occurring and obstructing nationwide HIE. [13]
Various modeling studies have been undertaken to study
HIE network structures and inform policy. [22–28] However,
only a few have focused on issues related to health information blocking and the strategic hospital decision to share patient records with competitors. Zhu and colleagues proposed a
game theoretic approach to studying the strategic behavior of
data owners. [29] Desai developed a game theoretical model
to analyze the potential loss of competitive advantage due to
HIE adoption. [30] A crucial difference between these studies
is the type of interaction assumed between hospitals and patients, and among competing hospitals. In hospital competition focused models, hospital interactions can be summarized
in terms of conjectural variation (i.e., each hospital’s decision
to adopt HIE is predicated on the way it perceives its competitors may react). Our proposed model, unlike previous approaches, considers patients’ options of where to seek
healthcare services by calculating oligopolistic equilibriums
of HIE adoption decisions using hospital utility function conjectural variations. The resulting bi-level mathematical program can be used to deepen our understanding of health information blocking under different market structures.

2 Objective
Our objective is to describe a mathematical model for estimating the willingness of a set of healthcare organizations to
adopt HIE, which considers different levels of federal
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incentives and health information blocking. Given outlined
assumptions, the model illuminates optimal levels of financial
incentives and the effects of information blocking across a 9hospital region in Florida.

3 Material and Methods
We used changes in the expected number of hospital visits
(i.e., market share) as the primary measure that drives likelihood of a hospital to adopt HIE. In our models, hospitals seek
to maximize their profit and patients seek to maximize their
utility. The hospital profit is a function of the number of patients they see, the costs of adopting HIE, the marginal benefits of adopting HIE (e.g., reduction of repeated testing), and
the federal incentives for adopting or not adopting HIE. The
patient utility is a function of their personal preference, the
quality of care offered by the hospital, and the costs of
switching provider. Each hospital profit is constrained to a
pre-determined budget for HIE investment, and each patient
utility function is constrained to only the hospitals able to
provide services the specific patient needs. Although we assume all patients are insured, their movement from one provider to another is constrained by their healthcare needs.
Hospitals are incentivized to adopt HIE to minimize hospital
readmissions, decrease unnecessary duplicate testing, attract
patients from other hospitals (i.e., increase market share), and
collect the federal financial incentives for adopting HIE technology. Hospitals are dis-incentivized to adopt HIE as a way
to reduce patient migration. Patients may be willing to switch
providers due to personal preferences (e.g., minimize traveling distance to provider, word of mouth recommendation) or
the quality of care provided at each hospital (e.g., hospital
ranking). Patient switching providers is facilitated by HIE because transmission of electronic medical records is enabled
compared to paper-based transactions (i.e., faxes) which are
cumbersome. [31] To simulate the effect of federal incentives,
we evaluated the impact of a $2,000,000 incentive for hospitals adopting HIE and a $2,000,000 penalty for hospitals not
adopting HIE. To simulate the effect of health information
blocking, we artificially force a subset of hospitals to not adopt
HIE, and then assessed the impact of these artificial collusions
on other hospitals and their willingness to adopt HIE.
The data set included hospital admissions during a 7.5-year
period to a hospital network in adjacent counties and other
information about provider organizations such as number of
beds (for characteristics of the hospitals see section 4.1). The
average price of healthcare services at each hospital and the
HIE adoption costs were collected from published literature.
Other model parameters including the costs a patient incurs
when switching providers, the marginal benefits a patient receives when receiving healthcare services at a hospital, and
the hospital budget designated for HIE adoption were
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randomly generated in ranges of plausible values. In the absence of data, patients’ personal preferences for a particular
hospital were assume to have a high variability, and thereby
we used a uniform distribution to simulate numerical values.
We describe next the market details, the mathematical representation of the market, and the proposed solution strategy to
find the market equilibrium.
3.1 Market description
We consider a finite number of hospitals serving a finite number of patients. Hospitals decide whether or not to adopt HIE
based on two sources of economic value: inherent value and
network value. Inherent value is the value a hospital derives
from the adoption of HIE (e.g., reduction of readmissions or
duplicated testing) and network value is the value a hospital
derives from other hospitals’ use of HIE (e.g., patients migrating from other hospitals). By not adopting HIE, hospitals may
be able to increase their profits by reducing patient migration.
Alternatively, by adopting HIE, hospitals may increase profits
by treating patients migrating from other hospitals and by
receiving inherent value of adopting HIE (e.g., reduction of
readmissions or duplicated testing). In a community served by
a multi-hospital system, a Nash equilibrium will occur when
no hospital has any incentive to change unilaterally its HIE
adoption decision. On the other hand, patients decide whether
or not to switch the hospital where they receive healthcare
services based upon an extension of the utility function used
in [30]. The model presented in [30] is similar to ours, except
for two fundamental differences. The first difference is that in
[30] a duopoly market is assumed—the multi-hospital equilibriums are not calculated nor discussed. We instead consider
reactions of more than two competing hospitals in a given
community, which we argue is a more realistic representation
of the HIE marketplace. Second, our model is constrained by
hospital HIE adoption budgets and by patient allocation
needs, i.e., patients in our model have specific care needs that
cannot be served by every hospital.

121

historical patient volumes are below 5 %. The timing of the
model is as follows. First, patients are randomly assigned to an
index hospital with imperfect information about their personal
preference. Second, patients learn their hospital preference
perfectly, and we assume the prospect of the hospital adopting
HIE causes no impact on the patient’s utility function. Third,
hospitals make a binary decision whether or not to adopt HIE.
Finally, patients decide whether or not to switch the index
hospital. If the index hospital decides to adopt HIE, then the
patient switching costs are reduced to zero (patient switching
costs are reduced to zero even if only the index hospital decides to adopt HIE).
3.3 Model formulation
Mathematically, the HIE market can be formulated as an oligopolistic market equilibrium model on a network consisting
of the node sets I and J, where the set I corresponds to the
hospitals in a given community and the set J corresponds to
the patients served by the multi-hospital network. Each hospital takes as inputs its perceived market conditions (including
any competitors’ service and demand functions) and maximizes profit under a set of equilibrium constraints. The
upper-level variables consist of the hospital’s decision to
adopt HIE, and the lower-level is the patient’s decision as to
switch hospital. The upper-level problem is parameterized by
the patient’s willingness to switch which is restricted by given
bounds; such bounds constitute the upper-level constraints.
The upper-level objective is the hospital’s profit, equal to its
revenues less its costs. A single-hospital problem focuses on a
hospital denoted by i* ∈ I. The following is the notation used
in the formulation of this problem Table 1
The lower-level patient switching problem is formally stated as the following mathematical program in variable tij and
yij, parametrized by decision ei for i ∈ I.
&

3.2 Model assumptions
All hospitals maximize expected payoffs and have a designated budget for HIE adoption. Patients maximize expected utilities, which are measured in terms of the quality of care offered by each hospital, their personal preferences, and the
switching costs generated at the time of moving health information from one hospital to another one. We assume all patients have medical insurance, and thereby they are insensitive
to price changes on healthcare services. [32] We use administrative data to calculate the average number of inpatient encounters to each of the hospitals under study, and then we
calibrate the model parameters (i.e., vertical quality component offered by each hospital, vi) until divergences with

Maximization of patient’s utility: each patient decides
where to consume healthcare services (tij) based on the
quality of care offered by each hospital (vi), personal preference (rij), and the costs of switching provider (s). The
costs of switching provider is reduced to zero if the hospital decides to adopt HIE. The factor (α) allows to convert the patient’s preferences to monetary values.

max

XX  


t ij α vi þ rij −ð1−ei Þs
2

t ij ;yij ∈f0;1g

&

i

ð1Þ

j

constrained by the set of hospitals to which a patient cannot migrate due to special healthcare needs, i.e., patients in
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Table 1

Model notation

With the lower-level problem defined, we may now
complete the upper-level problem that hospital i * ∈ I
solves to determine its decision of adopting HIE.
Specifically, taking tij and yij for all j ∈ J as given, hospital
i* ∈ I maximizes its profit.

Symbol Definition
Sets:
I

Set of all hospitals in the community

J
Tj

Set of all patients in the community
Set of all hospitals where patient j cannot purchase healthcare
services, Tj ⊂ I

&

Indices:
i
j

Hospital in the community
Patient in the community
Parameters:
Marginal product of the patient’s input
Vertical quality component offered by hospital i
Personal preference component for hospital i by patient j

α
vi
rij
s
p
qi
fi
βi
CHIE
Bi
tij
yij
ei

Switching cost
Price of service
Number of patients served by hospital i
Quantity of federal monetary incentive for adopting HIE
Inherent value per patient a hospital i receives for adopting
HIE
Fixed HIE adoption cost
Budget allocated by hospital i for HIE adoption
Lower-level patient decision variables:
1 if patient j consumes from hospital i and 0 otherwise
1 if patient j migrates from hospital i and 0 otherwise
Upper-level hospital decision variables:
1 if hospital i adopts HIE and 0 otherwise

Maximization of hospital’s profit: each hospital decides whether or not to adopt HIE (ei) based on the
number of patients they serve (qi), the number of
patients migrating from other hospitals (tij), and the
number of patient leaving the hospital (yij). Also, the
hospital takes into account the marginal benefits of
adopting HIE (βi), the cost of adopting HIE (CHIE),
and the federal incentives/penalties associated with
HIE adoption (fi).

"
max p qi* þ

ei ∈f0;1g

X

t i* j −

j

X
j

#

"

yi* j þ ei βi qi* þ

X
j

t i* j −

X

!

#

yi* j −C HIE þ f i

j

ð5Þ

&

constrained by the budget that each hospital allocates for
HIE adoption: for all hospitals i ∈ I,

ei ½C HIE − f i ≤ Bi

ð6Þ

need of tertiary care versus secondary or primary care: for
all patients j ∈ J,
&
X

t ij ¼ 0

ð2Þ
ei ∈f0; 1g

i∈T j

&

X

by the migration of a patient to a unique hospital to avoid
having patients visiting two providers at the same time: for
all patients j ∈ J,

t ij ¼ yi* j

ð3Þ

i≠i*

&

and by the binary decision variables

and, by the binary decision variables

t ij ; yij ∈f0; 1g2

ð4Þ

ð7Þ

Rewriting the resulting formulation (1) – (7), we obtain the
following bi-level integer program, to which we refer as BiIP.
The upper-level of problem (8) represents the interest of hospital i ∈ I, while the lower-level represents the interest of patient j ∈ J. The hospital is classified as leader of the bi-level
program, and the patients are classified as followers (leaderfollower or Stackelberg game). Patients in our model can arguably switch providers more easily than may be the actual
case in other regions due to, for example, the narrowness of
networks. There are multiple factors influencing the patient
health insurance purchase decision that, for the sake of simplicity, were compounded in a single factor, rij. However, if a
greater level of complexity about patient’s preferences is to be
accommodated, additional parameters within the current
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model structure will need to be added to account for specific
patient’s preference and their type of insurance coverage.
BiIP:
"
max p qi* þ

ei ∈f0;1g

X
j

To guarantee that an optimal solution is obtained for the
formulation presented in (8), the bi-level model is solved in
two steps. First, we fixed the hospital’s decision of whether to
adopt (ei = 1) or to not adopt (ei = 0) HIE. Second, given the
fixed hospital’s decision, the lower level model becomes a
single level mixed integer problem that can be solved independently. Third, once the lower level model is solved for
each possible value of ei, we obtain the optimal solution for
hospital i ∈ I. The optimal solution is the maximum between
F(ei = 1) and F(ei = 0), where F(ei) represents the profits of
hospital i ∈ I.
When multiple hospitals participate in the HIE market, the
equilibrium strategies among those hospitals need to be obtained. In this context, each hospital solves their bi-level model. Since the bi-level solution approach considers testing each
possible hospital strategy, the corresponding market equilibrium can be formulated as a matrix game. Each position in the
matrix game represents the profit of each hospital for a unique
combination of strategies E(e1, e2, e3, … , ei). The representation of the matrix game and solution approach for obtaining
the market equilibrium is presented in Fig. 1.
As stated earlier, each position in the matrix game represents a combination of strategies E(e1, e2, e3, … , ei) of the
hospitals. In order to obtain an equilibrium, we evaluate each
combination of these strategies in the lower-level problem and
calculate the profit for each hospital according to the hospital’s
objective function described in (5). Once each possible strategy combination in the matrix is populated with the corresponding hospitals’ profits, the equilibrium can be obtained.


A strategy profile E * e*1 ; e*2 ; e*3 ; :::; e*i is a Nash equilibrium

#
"
!
#
X
X
X
t i* j −
yi* j þ ei βi qi* þ
t i* j −
yi* j −C HIE þ f i
j

j

j

≤ Bi ; ∀i; ei ∈f0; 1g;
subject to ei ½C HIE − f i 8
XX  
 9

>
t ij α vi þ rij −ð1−ei Þs : >
>
>
>
>
>
>
>
>
j
i
=
<X


X
t i* j ; yi* j ∈ max
t ij ¼ 0; ∀ j;
t ij ¼ yi* j ; ∀ j; >:
2 >
tij ;yij ∈f0;1g >
>
>
>
i∈T j
i≠i*
>
>
>
>
;
:
tij ; yij ∈f0; 1g2

ð8Þ
3.4 Solution strategy for the single and multi-hospital
problem
Bi-level optimization models have been widely used to study
strategic behavior of market participants in different markets.
[33–35] Bi-level models include two mathematical programs,
where one serves as a constraint on the other. For a lower level
model, with convex and feasible space and objective function,
the first order necessary conditions represent a solution for the
model. [36] The model presented in (8) does not comply with
these assumptions since the lower-level model is a nonconvex model due to the presence of integer decision variables. A number of solution approaches have been discussed
to tackle problems of this type. However, most of these approaches do not necessarily guarantee a solution to be optimal,
[37] and if they do, computational requirements are cost prohibitive for large problems as the one under study. [38].

Fig. 1 Diagram of the solution
approach for obtaining market
equilibrium in a multi-hospital
problem. Abbreviations: HIE,
health information exchange

HIE market
game

1
,

,

,

2

,

:
,

0,1

2

,

.

Patients
problem
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(NE) if no unilateral deviation in strategy by any single player
is profitable for that player. That is, the strategy E *
 * * * *
e1 ; e2 ; e3 ; ::ei is said to be a NE if:




ð9Þ
∀i∈I; F i e*i ; e*−i ≥ F i ei ; e*−i
If a pure NE cannot be found, a mixed strategy NE
(MSNE) can be always found as proven by [39]. An MSNE
assigns a probability distribution to the set of strategies that
hospitals can take. The probability distribution is understood
in our context as the willingness of hospitals to adopt HIE.
3.5 Numerical experiments
We conduct several numerical studies to answer the following
fundamental questions: How will HIE adoption rates be affected by federal incentives? How will HIE adoption be affected by health information blocking? To respond the first
question, we expose each hospital in the model to current
federal monetary incentives of up to $2,000,000, if they adopt
HIE; and to a set of proposed penalties of up to $2,000,000, if
they do not adopt HIE. To answer the second question, we
simulate health information blocking by randomly forcing a
set of hospitals to not adopt HIE, and then we assess the
impact of such decision in the other hospitals’ willingness to
adopt HIE—network effects. Additional sensitivity analyses
were performed to determine how different costs structure will
impact the willingness of hospitals to adopt HIE (see
Supplementary Material 2). We examine the results of these
experiments from two distinct perspectives: 1) the total number of hospitals that are willing to adopt HIE in the region, and
2) the expected number of patients in the community that will
be potentially counted in the HIE network. We estimate the
expected number of patients in HIE by multiplying the willingness of each hospital to adopt HIE by their respective patient volume. For example, if two hospitals have 60 % and
20 % willingness to adopt HIE, respectively; and their average
patient volume are 1000 and 500 patients per year, respectively; then the expected number of patients in the HIE network
are 700 (0.6·1000 + 0.2·500 = 700).

4 Results
The novel integration of mathematical programming and
game theory enabled us to estimate the willingness to adopt
HIE in a given community under (1) various scenarios of
federal monetary incentives, and (2) different levels of health
information blocking (i.e., hospital collusions to not adopt
HIE). The utility of this model in HIE policy development is
illustrated through analysis of an HIE marketplace across a 9hospital region in Florida.
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4.1 Sample hospital network and model validation
Patient volume data were collected from administrative claims
of nine hospitals geographically located within three adjacent
counties in Tampa, Florida. Hospitals with 88–218 beds were
classified as medium-sized and those with more than 218 beds
as large-sized. The dataset includes 1,093,177 encounters
from January 2005 to July 2012. The marginal product of
the patient’s input, α, is set to $150. The switching cost, s, is
set to $50. The average price of service for each patient
encounter, p , is set to $9700 as presented in [40]. To be
conservative, the inherent value per patient a hospital i receives from HIE are set to 60–70 % of the values presented
in [41] of $26 per hospital admission. The federal monetary
incentives, fi, are set to $2,000,000. [42] Since evidence on the
costs of HIE adoption is scarce, we set HIE adoption cost,
CHIE, at $900,000 based on anecdotal evidence [43]. The
HIE adoption budget for each hospital i was randomly generated between [$800,000, $1,000,000] (see Table 2). The patients’ personal preferences,rij, were randomly generated in
the interval (0, 1] (see Supplementary Material 1). The vertical
quality component of each hospital, vi, can take any values in
the interval (0,1], and it was used to calibrate the model until
divergences from the actual average patient volume per year
were less than 5 % (see Table 2).
The BiIP model was implemented in GAMS and solved
using CPLEX. [44] The multi-hospital MSNE search was
performed using the algorithm presented in [45] and implemented in MATLAB. [46] The MSNE search method is performed by reformulating the NE search into an optimization
problem that is solved via quasi-Newton method.
4.2 Influence of Federal Monetary Incentives
on promoting HIE adoption
To investigate the impact of federal incentives on HIE adoption, we calculated multi-hospital MSNE under scenarios of
penalties of up to $2,000,000 for those hospitals not adopting
HIE and incentives of up to $2,000,000 for those hospitals
adopting HIE. As presented in Fig. 3, we found higher sensitivity to penalties than incentives. We also found that not always a greater incentive (or penalty) is the most effective
strategy to promote HIE adoption in a given community. For
example, our results suggest that a penalty of $500,000 is
more effective than a penalty of $1000,000 to generate significant engagement of the hospitals in the community under
study. Specifically, with no federal incentives ($0): selfinterested behavior by all hospitals causes them–at equilibrium–to balance perfectly between adopting or not adopting
HIE. Larger hospitals have a higher likelihood of HIE adoption, because they have the incentives of both capturing HIE
inherent value and gaining market due to patient migration
from smaller hospitals. But with only a small change to the

1 (0.1)
250 (3.2)
107 (4.5)
23 (1.3)
103 (3.0)
25 (2.1)

13.2
856,995
1782
19.72
796,010
3528
16.47
731,111
1230

59 (2.7)
59 (1.5)

13.86
796,943
8203
16.5
846,300
2221

βi [$]
Bi [$]
Simulated average patient
volume per year [patients]
Calibration error [admissions
(%)]

15.36
882,107
4072

373 (4.8)

16.47
863,011
1107

0.5006 (0.5015,
0.2491–0.7499)

0.5002 (0.5028,
0.5 (0.5005,
0.2517–0.7459)
0.2521–
0.7486)
16.12
15.18
852,583
840,047
2465
8063
0.5016 (0.5034,
0.2519–0.751)
0.4988 (0.4987,
0.245–0.7498)
0.5045 (0.5056,
0.254–0.7581)

0.5003 (0.5004,
0.5001 (0.5008,
0.2486–0.7513)
0.2488–0.749)

Medium
1106
Large
7813
Medium
2358
Medium
1759
Large
3425
Medium
1205
Large
7830
Medium
2162

Hospital 5
Hospital 4
Hospital 3
Hospital 2
Hospital 1

Size
Large
Actual average patient volume 4013
per year [admissions]
rij mean (median, IQR range) 0.4999 (0.5004,
0.2491–0.748)

Table 2

Model parameters and calibration results. Medium-sized hospital, 88–218 beds; large-sized hospital, >218 beds

Hospital 6

Hospital 7

Hospital 8

Hospital 9
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federal incentives, market equilibriums can dramatically shift.
The change is as follows: suppose the government decides to
increase the federal incentives from $0 to $500,000 to motivate HIE adoption. Shouldn’t each hospital’s likelihood of
adoption increase? The model demonstrated a new market
equilibrium in this new HIE that leads to increasing likelihood
of HIE adoption for only medium-sized hospitals. In Fig. 2 at
$500,000 of federal incentives, every large hospital risks market share losses due to patient migration to those mediumsized hospitals that are now willing to adopt HIE. As a result,
we see larger hospitals reducing their likelihood of adoption
while medium-sized hospital increasing their likelihood of
adoption. This phenomena–that adding more resources to a
network can sometimes hurt performance at equilibrium–
was first articulated by Dietrich Braess in 1968, [47] and it
has become known as Braess’ Paradox. Like many counterintuitive paradigms, the right combination of conditions must
coalesce to trigger. Similar phenomenon has been has been
observed empirically in transportation networks. [48].
Under a particular set of assumptions, hospitals may set
HIE adoption decisions to threaten the value of HIE even with
federal monetary incentives in place. Figure 2 also shows that
federal penalties have a strong stability property. If slightly
more than a given penalty is used, the likelihood of HIE adoption gets pushed to 100 %. If slightly less than a given federal
penalty is used, then the likelihood of HIE adoption gets
pushed to 100 %. So in the event of a ‘near miss’ in the
proposed federal penalty structure, we would expect the outcome to settle down to 100 % HIE participation in the region
under study. The situation looks different–and highly unstable–in the vicinity of the equilibriums under federal incentives. If slightly more than a proposed federal incentive is
used, then either a downward or upward pressure drives the
likelihood of HIE participation away from the initial equilibrium. Specifically, if exactly $1,000,000 of federal incentives
are offered for adopting HIE, then we are at equilibrium with
high likelihood of HIE participation across all hospitals. But if
the incentive is even slightly off from $1,000,000, the system
will tend to spiral up or spiral down to a significantly. Thus,
particular levels of federal incentives are not just unstable
equilibriums; they may represent critical points or tipping
points, in the success of HIE adoption in a given region.
4.3 Influence of Federal Monetary Incentives
on promoting HIE adoption in a community suffering
health information blocking
To examine the impact of health information blocking on HIE
adoption, we calculated multi-hospital equilibriums under scenarios of collusions among a subset of hospitals to not adopt
HIE, and then assessed the impact of these collusions on
others willingness to adopt HIE (i.e., network effect analysis).
To imitate the current policy environment, we set federal
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Fig. 2 Correlation between federal incentive structure, likelihood of HIE adoption and hospital size (number of beds). Abbreviations: HIE, health
information exchange

incentives at $2,000,000 for hospitals adopting HIE. As presented in Fig. 3, we found that deliberate collusions to not
adopt HIE diminish the effectiveness of current federal incentive structures. Although health information blocking complaints are frequently attributed to health IT developers, we
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found that provider-initiated health information blocking may
also become a significant barrier for nationwide EMR interconnectivity even with federal monetary incentives in place.
As presented in Fig. 3a, when simulating 1-hospital collusions, we found that hospitals 1, 3 and 6 have significant
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Fig. 3 Influence of federal monetary incentive of $2,000,000 in a community with 1-hospital collusion (Fig. 3a) and 2-hospital collusion to not join HIE
(Fig. 3b)
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influence over hospital 4’s HIE adoption decision. Hospital 4 is
a medium-sized hospital with low quality component (vi=0.68)
and low budget for HIE adoption (βi=$731,111). In terms of
expected number of patients in the HIE network, we found that
hospital 1 health information blocking is the most significant,
because it reduces the expected number of patients in HIE by
29 % from 31,671 to 22,458 (31,671 is the total number of
patients seeking for healthcare services in our models).
Hospital 1 not only affects interconnectivity efforts by not
allowing its patients to keep their medical records in the network, but also by influencing other hospitals HIE adoption decisions, and thereby impacting the other hospital patients as
well. Hospital 1 is a large-sized hospital with low quality component (v i =0.810) and high budget for HIE adoption
(βi=$882,107) relative to other large-sized hospitals. As presented in Fig. 3b, when analyzing 2-hospital collusions, we found
that hospitals 3 and 7 have a significant effect on hospital 4 and
9. Hospital 4 is a medium-sized hospital with a low quality
component (vi=0.680) and low budget for HIE adoption
(βi=$731,111) relative to other large-sized hospitals, and hospital 9 is a medium-sized hospital with low quality component
(vi=0.675) and high budget for HIE adoption (βi=$863,011)
relative to other medium-sized hospitals. In terms of expected
patients in the HIE network, we found the collusion between
hospitals 3 and 9 to not adopt HIE is the most significant, because it reduces the expected number of patients in HIE by 35 %
from 31,671 to 20,676. This collusion reduced the incentives for
hospital 4 to adopt HIE, whilst all the others remain eager to
adopt. Hospital 3 is a large-sized hospital with a high quality
component (vi=0.680) and low budget for HIE adoption
(βi=$796,943) relative to other large-sized hospitals, and hospital 9 is a medium-sized hospital with low quality component
(vi=0.675) and high budget for HIE adoption (βi=$863,011)
relative to other medium-sized hospitals. To determine how different HIE adoption cost structures impact the willingness of
medium- and large-sized to invest on HIE, we performed a
sensitivity analysis on CHIE. As expected, the higher the cost
for medium-sized hospitals to adopt HIE, the less willingness of
all hospitals to join the HIE network (see Supplementary
Material 2 for more details on the sensitivity analysis).
In summary, results suggest that health information
blocking produces local network effects, in which each hospital is influenced by the decisions made by a subset of other
hospitals in the region. Our results also suggest that federal
incentives of $2,000,000 were not able to mitigate these negative network effects, and hospitals with low quality component are at the higher risk of not adopting HIE because of the
risk of losing market share. Health information blocking becomes even more important when evaluated from the perspective of how many patients in the community will be potentially counted in the HIE network. Small collusions among one or
two hospitals reduced the expected number of patients in HIE
by at least 29 %.
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5 Discussion
The intent of the HITECH Act was to drive the rapid adoption
of interoperable EMR systems to support coordinated care and
improved efficiency. However, some healthcare provider entities may be interfering with HIE across disparate and unaffiliated providers to gain market advantage. We propose a strategic
gaming model for assessing hospital decision’s to adopt HIE,
which simulates an oligopolistic healthcare delivery market.
When evaluating the behavior of hospitals under no federal
incentive structures, our model suggests that less than six out
of nine hospitals had market incentives to adopt HIE. Only
medium-sized hospitals were not willing to adopt. Market incentives for hospitals to adopt HIE may be driven by reductions
in repeat testing and hospital readmissions, as well as market
share gains facilitated by a reduction of patient switching costs.
Such market incentives, combined with HIE’s ability to lower
patient switching costs, [31] may be perceived by smaller hospitals as a threat for market share and thereby a barrier to
adopting HIE. These results are aligned with empirical evidence suggesting that large hospital systems are more likely
to have greater HIE capabilities than small and single practice
providers. [16] Competition between hospitals, coupled with
volume-based payment structures, create no incentives for
smaller hospitals to exchange their data with competitors.
[49–52] Although we believe the recent shift from volume- to
value-based medicine may amplify the inherent value of HIE
for all providers, medium-sized hospitals may need targeted
actions to mitigate market incentives to not adopt HIE.
Consistent with economic theory, markets respond to market failures by developing structures that fill the gaps resulting
from these failures. [53–56] Examples of recent structures
include the value-based payment structure for hospitals and
the HITECH Act. Particularly, the HITECH Act stimulates the
use and exchange information, yet the effects of information
exchange between healthcare providers can be conflicting. On
the one hand, increased information exchange may improve
hospital planning to the benefit of society and may help patients to make informed decisions. Further, increased information exchange may have a collusive potential to the benefit of
hospitals but at the expense of the society as a whole. Market
structures are not always successful in filling the gaps, but the
political discussion regarding collusive efforts—health information blocking—are already taking place.
The Office of the National Coordinator for Health
Information Technology recognizes health information
blocking as an important and unexplored barrier for HIE. [13]
Our results suggest that provider health information blocking,
through collusions to not join an HIE network, is a significant
barrier for nationwide interconnectivity of EMRs. We also
found that current monetary incentives, as well as proposed
penalties, had little to no effect on stimulating HIE in the region
evaluated. Our results highlight the need for a new and
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comprehensive strategy to remedy health information
blocking—current federal monetary incentives are not enough
for some communities. Although a common practice of providers is to justify not adopting HIE due to privacy and data
security concerns, there are reports of privacy laws being cited
in situations in which they do not, in fact, impose restrictions.
The Health Insurance Portability and Accountability Act
(HIPAA) does not restrict patient data from being shared between providers. The HIPAA Privacy Rule only establishes
national standards of privacy protections and rights, which applies to health plans, healthcare clearinghouses, and providers.
The Rule requires appropriate safeguards to protect the privacy
of personal health information, as well as setting limits and
conditions on the uses and disclosures that may be made of
such information without patient authorization. As long as patient consent is obtained, no further restrictions are imposed by
HIPAA in a patient information transaction between providers.
ONC is proposing to work with the Centers for Medicare &
Medicaid Services to coordinate payment incentives and leverage other market drivers to reward interoperability and exchange, and to discourage health information blocking.
Among several policy layers that are under discussion, new
incentives to adopt HIE and penalties that raise the costs of
not moving to interoperable health IT systems were proposed.
In light of these debates, under particular market assumptions,
our results suggest that penalties may be more effective than
incentives to promote HIE adoption. Still abundant research is
needed to estimate the optimal design of proposed HIE policy.
Study limitations and future research are discussed next.
First, our research does not considers the physician opinion
or willingness to use electronical medical records HIE, and
thereby the model decides from a net economic perspective.
We cannot assess the influence of healthcare providers on HIE
hospital adoption. Second, our MSNE search method does not
provide the one and unique equilibrium of a game; instead, the
method finds the equilibrium out of many a game may have
that is best in the sense that all players have optimized their
payoffs rather than adjusted to their beliefs about other players
in the game. Third, although out of the scope of this investigation, health information blocking behavior can also be generated by EMR vendors, or by coordinated actions between
EMR vendors and their healthcare provider customers. Future
work will study the role of competition in EMR developers
market, and how their actors behave under different market
structures. Finally, patients in our models can switch providers
more easily than is the actual case due to the narrowness of
networks. There are multiple factors influencing the patient
health insurance purchase decision that, for the sake of simplicity, were compounded in a single parameter—the patient’s
personal preference. Since studying the complexities surrounding health insurance purchase are out of the scope of
this investigation, we consider this as a limitation that will
be address in future research.
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6 Conclusion
A bi-level model for calculating oligopolistic HIE adoption
equilibrium in healthcare provider markets has been developed and illustrated. The equilibrium is interpreted as the willingness of each hospital to share their patient data with competitors. Our research extends the existing evidence on HIE by
incorporating network effects and the strategic behavior of a
finite set of providers have at the time of deciding whether or
not to adopt HIE. Using sample data from hospitals in Florida,
we studied the potential impact of current and proposed HIE
policy, as well as the impact of health information blocking in
the willingness to adopt HIE. The proposed model can be used
by policy makers to find incentive structures that will spur
HIE adoption in a given community. HIE organizations can
also benefit from our model by using it to prioritize their
efforts to seek new customers by approaching those providers
with higher likelihood of HIE engagement. Future work will
analyze the dynamics of HIE adoption decisions over time,
and extend the application of the model in evaluating other
HIE networks and other markets where inter-organizational
cooperation for the common good is essential.
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