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1 Introduction

Information technology (IT) adoption has become a critical activity in many industries, and con-

nectivity is an increasingly important function in the usage of IT.1 In the presence of various

incompatible products, the choice of technology depends not only on its usability and quality, but

also on the entities that can be communicated with through it. This paper studies the strategic effect

on the adoption choice of electronic medical records (EMRs)—the central component of health IT

infrastructures—among hospital chains, whose decision could involve the tradeoff between dif-

ferent levels of network externalities. On the one hand, a unified information system is preferred

due to internal network effects. On the other hand, hospital chains may allow for decentralized

IT solutions to capture the benefit from external complementarities. Analysis results shed light on

the strategic management of large healthcare organizations and have potentially important policy

implications for coordinating the adoption of health IT.

EMRs allow healthcare providers to store, retrieve, and exchange health information using

computers instead of paper records. Many EMR systems are not interoperable, but systems from

the same vendor can communicate with each other relatively easily.2 Hospital chains enjoy economies

of scale or positive network effects by purchasing the system from a single vendor. For instance,

member hospitals could share the licensing fee, human-capital training materials, costs of external

consultancy, expenditures on IT support services, and so on. Moreover, while sharing the same

vendor does not ensure interoperability, the efficiency gains in transferring information when it is

1https://www2.deloitte.com/us/en/insights/focus/cio-insider-business-insights/

technology-investments-value-creation.html.
2Interoperability describes the ability of different information systems, devices, and applications to access,

communicate, integrate, and interpret data in a coordinated manner (https://www.himss.org/resources/
interoperability-healthcare). Despite improving interoperability in the past few years, it has remained limited
across vendors, especially during the studied period (Furukawa et al., 2013).
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needed, could increase with the number of affiliated providers on the same IT platform.3 Finally,

achieving internal integration could also be part of the overall strategy of a chain.

However, maintaining the required level of system uniformity may force the local division

to forgo the cost savings or network externalities from the local market. For instance, hospitals

may experience greater demand for health information exchange (HIE) with neighboring (non-

affiliated) hospitals. Choosing a system lacking interoperability with other local providers incurs

additional costs.4 Also, the local market-dominant vendor—the one that local hospitals most com-

monly adopt—can achieve economies of scale in the provision of resources and services, which

can translate into a cost advantage.5 In addition, the customization and support for EMR imple-

mentation could be complex and labor intensive; and thus, it may be better to have a local IT

provider and reply on local resources (e.g., skilled labor and infrastructure) that could work as a

substitute for internal support (Forman et al., 2008).

Nevertheless, interoperability with local providers may not be beneficial to hospitals, due to

competition concerns. When data transmission becomes relatively easy, hospitals may worry about

losing patients, especially those with insurance plans that set less stringent rules for referral. Mak-

ing access to medical records hard may reduce the likelihood of patients switching providers (Baker

et al., 2015). Evidence suggests that information exchange is more likely to occur inside rather than

3Note that healthcare providers that share a common vendor platform may still experience challenges in data
transmission, but they typically face fewer barriers to achieving interoperability (Everson, 2017). A lot of recently-
developed informatics tools and approaches rely on a vendor-based system, and thus, data access and exchange is
expected to be easier on platforms from the same vendor (EDM Forum, 2013).

4Hospitals may have to rely on printing and faxing of patient records in transmitting data externally (https:
//www.healthitoutcomes.com/doc/are-it-costs-squeezing-community-hospitals-dry-0001). More-
over, many hospitals have to install interfaces to connect to external providers that use different EMR systems.
Adopting a popular vendor could reduce expenses on the deployment and maintenance of these interfaces (https:
//www.healthitoutcomes.com/doc/cost-hinders-hie-interoperability-0001).

5For instance, the cost of developing an interface for a popular system could be only one
third of that for a system that is lesser known (https://www.healthitoutcomes.com/doc/
how-much-will-an-ehr-system-cost-you-0001).
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outside hospital systems for strategic considerations (Vest and Simon, 2018). However, this effect

could be small, because it does not seem to be the primary finding in closely related studies.6

Decision-making for affiliated hospitals involves the tradeoff between internal standardization

and external local adaptation, especially when the benefit from external complementarities out-

weighs the competitive effect. This paper studies how affiliated hospitals consider these tradeoffs

from their choice of EMR vendors. Specifically, I examine how much profit an affiliated hospital

gains or loses from choosing a particular vendor as the vendor’s local market share or system share

varies. The local market share is defined as the ratio of the total number of local hospitals adopting

this vendor to the total number of hospital adopters in the local market. The system share is defined

as the fraction of affiliated hospitals adopting this vendor among all member hospitals with EMRs.

This paper is one of the few empirical studies documenting these dynamics behind the technol-

ogy adoption decision in the context of health care—an ideal and important setting for this topic

for several reasons. First, this industry is information-intensive: the provision of care relies on

substantial intra- and inter-organization interactions. Hospitals’ decision to adopt health IT plays

an important role in the strategic interaction between all healthcare providers.

Moreover, understanding the interplay between these incentives is important because of dif-

ferent policy implications and because of the large dollar values at stake. By 2015, the U.S. fed-

eral government had spent over $20 billion7 to promote the adoption of EMRs, with the goal

of building a nationwide health information network, but a truly interoperable healthcare system

6For instance, when the network definition accounts for vendor differences, both Desai (2016) and Lin (2021) find
a positive correlation between the probability of choosing a vendor and its local market share. Moreover, empirical
evidence suggests that hospitals are more likely to exchange patient records if they share a common EMR system
(Everson and Adler-Milstein, 2016; Downing et al., 2017; Castillo et al., 2018). One exception is the paper by Wang
(2019), who finds the competition effect dominates when considering different levels of adoption, but she ignores the
feature of incompatibility between products.

7https://www.healthcareitnews.com/news/ehr-incentives-climb-19b.
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has yet to be established.8 If hospitals demonstrate incentives for external coordination, policy-

makers may consider minimal interference. However, if these hospitals manifest strict confor-

mance to the internal standard, creating large frictions to external information sharing and even

resulting in anti-competitive practices—such as information blocking,9 policymakers may have to

consider (re)designing appropriate policy and subsidy mechanisms to encourage outside coopera-

tion.10 Finally, the tradeoff studied here has analogies to the consideration in other industries, such

as software, telecommunication, computing and network equipment, and so on. The analysis and

implications could be applied to a broader context.

Based on a national sample of hospitals from 2005 to 2014, I estimate a conditional logit re-

gression of hospital choice over vendors and find that, in general, the value of a particular vendor

increases with its popularity in the local market and among all affiliated hospitals, with the latter

being much more significant. However, endogeneity could arise due to unobserved characteris-

tics at the market level. For instance, a vendor achieving local dominance could simply result

from market-wise promotions instead of benefits from external coordination. I use a Hausman-

type instrument, exploiting the cross-market spillover within a chain to construct the instrumental

variables (IVs) for market share. I use the control function (CF) approach in the IV estimation.

After addressing endogeneity, the positive effect at the market level disappears for new adopters

but become larger and more significant for experienced adopters. A potential explanation is that

hospitals with existing EMRs have accumulated experience with the technology and have a better

8https://www.healthaffairs.org/do/10.1377/hblog20150304.045199/full/.
9https://www.healthit.gov/sites/default/files/reports/info_blocking_040915.pdf.

10Even though most hospitals have acquired EMRs by the end of the studied period, learning about the balance
between these strategic imperatives remains important because of the increasing trend of switching and the ongoing
policies for health IT diffusion.
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sense about what complementary resources are available nearby, and thus, they are more likely to

consider outside options. I also explore what factors could affect the extent to which an affiliated

hospital responds to the market-level and chain-level vendor prevalence. For instance, a chain is

more likely to adopt a unified system for economies of scale but less likely to impose the internal

standard to divisions that could generate relatively high revenue for the chain.

Related literature. This paper is related to four strands of literature. First, it contributes to

the current studies on EMR adoption built on network effects theory (Miller and Tucker, 2009;

Lee et al., 2013; Wang, 2019), by incorporating the feature of product incompatibility in defining

a network. Most of the prior studies assume EMR systems are compatible, but in reality, systems

from different vendors are unable to communicate (Furukawa et al., 2013). Both Desai (2016) and

Lin (2021) also account for vendor heterogeneity in the network definition, but they focus on the

network effect at the market level. I further examine how the tradeoff between different levels of

network effects influences the choice by hospital chains.

Second, this paper contributes to the empirical literature on technology adoption with network

effects (Goolsbee and Klenow, 2002; Gowrisankaran and Stavins, 2004; Tucker, 2008; Björkegren,

2019), by exploring the mechanisms that underlie how organizations with multiple segments eval-

uate different levels of network effects. In addition to the main analysis, I also examine to what

extent, factors such as economies of scale or demand for internal coordination affect the tradeoff

facing hospital chains. Third, this paper also provides empirical evidence to the literature on how

organizations decide between internal coordination and external adaptation. A rich body of the-

oretical studies investigates this tension using team-theoretic models (Dessein and Santos, 2003,

2006; Dewatripont, 2006; Alonso et al., 2008; Rantakari, 2008), but empirical evidence has been
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rather limited due to data constraints. My approach to exploring the underlying mechanisms is sim-

ilar to that by McElheran (2014), who examines what factors are associated with (de)centralized IT

investment, based on a national sample of U.S. manufacturing firms. Finally, this paper also com-

plements the broad literature on IT diffusion that investigates how business characteristics affect

IT investment decisions via its impacts on costs and benefits (Forman and Goldfarb, 2006; Forman

et al., 2008; Dranove et al., 2014). Motivated by these studies, my paper examines how hospital

systems balance the internal constraints and external market forces in IT purchasing.

The rest of the paper proceeds as follows. Section 2 introduces industry and institutional back-

ground. Section 3 presents the datasets and shows summary statistics. Section 4 explains the

empirical strategy. Section 5 discusses the estimation results. The last section concludes and

points out limitations.

2 Industry Background

EMRs were invented in the 1970s, but their acceptance was slow until recent years. In 2009, the

American Recovery and Reinvestment Act provided $27 billion to promote health IT—in particu-

lar, to encourage the adoption of EMRs. It was the first substantial commitment of federal resources

to support the adoption of this technology and created a strong push in the diffusion. I focus on

inpatient EMR systems, particularly on the component, clinical data repository (CDR). CDR is

essentially a centralized database that collects, stores, accesses, and reports health information. It

is the backbone of the entire system.

The implementation cost of an EMR system varies tremendously depending on numerous fac-
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tors, including the sophistication of the system, the amount of data conversion, the level of cus-

tomization, one-on-one assistance during training, and ongoing use. According to a study con-

ducted by the Congressional Budget Office (Orszag, 2008), the average implementation cost for

a 250-bed hospital ranges from $3 million to $16 million, and the ongoing cost for subsequent

upgrades and maintenance is approximately 20% to 30% of the initial contract value per year. The

rollout cost could even escalate to hundreds of millions of dollars for large hospitals. For example,

in 2011, the medical center at the University of California, San Francisco, spent $150 million to

put in place its EMR system.11

Despite the hefty price tag accompanying EMR implementation, hospitals are willing to make

a massive investment in this technology for various reasons. Besides the strong push from the

federal incentive program, EMRs enable hospitals to engage in better documentation, to lower

their administrative costs, and to streamline and automate their revenue practices.12 Digitizing

medical records also helps hospitals adapt to reforms in the payment system, as well as to the

new features of accountable care organizations. Finally, a qualified EMR system may improve the

quality of health care, although the literature suggests mixed evidence overall, or positive effects

among subpopulations.13 Existing adopters may also consider replacing the current EMR vendors,

even though the new purchase and implementation involve a considerable amount of costs and

efforts. According to Coustasse et al. (2018), the three most salient reasons for switching EMRs

include poor performance of the existing system, desire for interoperability, and excessively high

11https://getreferralmd.com/2013/01/the-costly-darkside-of-emr-implementations/.
12Studies that examine the productivity impact of health IT usage find modest efficiency gains in general (Parente

and Van Horn, 2006; Borzekowski, 2009; Lee et al., 2013). Despite the finding of modest benefits on the overall value
added, Lee et al. (2013) find that health IT capital and labor can generate high marginal products.

13See Atasoy et al. (2019) for a comprehensive review.
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costs of maintenance or upgrades.14

Choosing between EMR vendors is a complicated decision. Najaftorkaman et al. (2015) iden-

tify 17 distinct theories and models as theoretical foundations for EMR adoption studies and docu-

ment 78 factors that influence adoption. Among those factors, technical factors (Van Der Meijden

et al., 2003), financial factors (Simon et al., 2007), and organizational and environmental factors

(Kazley and Ozcan, 2007; Jha et al., 2009; Miller and Tucker, 2009; Angst et al., 2010) have

received significant attention in the health informatics and economics literature. I focus on an en-

vironmental factor, the network effect, which reflects strategic interaction in the adoption decision.

According to the American Hospital Association (AHA), a hospital chain/system is defined

as “either a multi-hospital or a diversified single-hospital system.”15 It may consist of multiple

hospitals as well as non-hospital facilities, such as ambulatory care facilities and subacute care

units. Ambulatory care facilities offer medical services that do not require an overnight hospital

stay (Hirshon et al., 2013).16 Subacute care refers to a level of care that is intensive but to a lesser

degree than hospitalization care and is usually rendered to patients right after acute hospitaliza-

tion for rehabilitation or continuous treatments.17 These non-hospital facilities provide services

complementary to hospital care, and thus, the consolidation between hospitals and these facilities

implies greater demand for internal coordination.18

14Switching may also arise due to market exit of an existing vendor, but I expect that it is not the primary reason.
The data suggests that the majority of switchers, prior to their replacement, were with leading vendors that stayed in
the market during the entire sample period.

15See Fast Facts Archive 2019 from the AHA Annual Survey (http://www.aha.org/research/rc/
stat-studies/fast-facts.shtml).

16Common examples of healthcare delivery at an ambulatory care facility could be evaluation of an injured ankle
or fever in a child (Hirshon et al., 2013).

17https://www.knollwoodnursingcenter.com/difference-between-acute-sub-acute-care/.
18Consider a patient who visited a cardiologist (at an ambulatory setting), underwent a heart surgery at a hospital,

and stayed in a subacute care facility for postoperative care. Treating this patient requires information flow between
the ambulatory care facility, the hospital, and the subacute care unit.
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For hospital systems, the managing party makes most organizational decisions. A member

hospital’s adoption choice of health IT could be a decision on its own, following the instruction of

the managing party, or some solution in between. In this paper, I assume that the action is taken by

the individual hospital, which reflects the chain’s adoption incentive.19

3 Data

3.1 Data sources and important variable definitions

My primary dataset comes from the Healthcare Information and Management Systems Society

(HIMSS) Analytics Database, which is the longest running survey and comprehensive national

source of health IT adoption data. The database contains detailed demographic and IT profile

information for the majority of U.S. hospitals and a large set of non-hospital facilities. It records

the time and choice of the adoption decision for these healthcare providers.

I define a hospital as having adopted EMRs if the component CDR is live and operational

in the hospital. Other typical and common applications will often be put in place after CDR,20

usually purchased from the same vendor. This paper seeks to evaluate the strategic effect on the

choice of vendors, which is considered at the early stage of the adoption decision. The time to

adopt CDR signals a hospital’s willingness to enter the market and its preference for a particular

vendor.21 With the information on vendor identity, I construct the dependent variable—the choice

19In other words, I assume that incentives are aligned throughout the entire chain. Thus, the managing party and
constituent units share a common goal to maximize profits of the overall chain. This assumption is also a characteristic
in the team-theory framework.

20In the sample, more than 95% of hospitals with advanced components have already adopted CDR.
21The record of “enterprise EMRs,” another basic component examined by some prior studies, was discontinued

as of 2008. Therefore, I focus on CDR.
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of a particular vendor by an affiliated hospital.

The HIMSS data include key demographic information about hospitals/chains, such as bed size

and location. The database also includes the number of ambulatory and subacute care facilities

that are associated with a healthcare delivery system. I complement the HIMSS data with the

AHA Annual Survey (which is available for a shorter time period between 2005 and 2010), using

the Medicare provider number and geographic information to link the datasets. I extract variables

related to profit status, location, and whether a hospital is a teaching hospital from the AHA data.

Moreover, I merge my hospital data with a consistent hospital level panel database created by

Cooper et al. (2018) to obtain information on hospital system affiliation and ownership changes

(e.g., mergers and acquisitions).

A market is equivalent to a health service area (HSA), a measure developed by Makuc et al.

(1991). An HSA consists of one or more counties that are relatively self-contained with respect

to the provision of routine hospital care.22 The location of each hospital can be directly linked to

the corresponding HSA by the federal information processing standards (FIPS) code. Following

prior studies, I control for market characteristics that are related to healthcare market competition

and also affect hospital adoption decisions using the following two variables: the size of the local

elderly population and the Herfindahl-Hirschman Index (HHI) (Lin, 2015; Wang, 2019). I obtain

the former by calculating the natural logarithm of the total population above 65 in each market,

using data from the Area Resource Files (ARF). As suggested by Lin (2015), the size of the elderly

population can serve as a measure of the demand for health care. I construct the HHI using the

22I use HSAs instead of hospital referral regions (HRRs) as the market definition. I expect that external interaction
between hospitals is more likely to occur at the HSA level, as HRRs are delineated based on the referral patterns for
highly-specialized care such as cardiovascular procedures or neurosurgery.
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bed size of each hospital. Including HHI controls for the effect on the adoption decision from the

competitiveness in the hospital market.23

Sample construction. I start with over 4900 hospitals in the HIMSS dataset and obtain about

4500 hospitals after merging it with the AHA annual survey. The market share is calculated based

on all hospitals (both stand-alone and affiliated hospitals), but the main analysis focuses on the

adoption choice of affiliated hospitals, about 55% of the whole sample. To summarize, the sample

contains approximately 2500 hospitals affiliated with 420 hospital chains, covering more than 920,

or 95%, of the HSAs in the U.S. between 2005 and 2014.24

3.2 Summary statistics and suggested evidence

Figure 1 presents the trend of adoption and switching rates separately for stand-alone and affiliated

hospitals.25 Almost 49% of affiliated hospitals adopted EMRs in 2005, and the fraction had risen

to over 98% by 2014. Switching rates had been increasing from 4% to over 10% at the end of the

sample period. Stand-alone hospitals share a similar pattern in adoption but switch less frequently.

Figure 2 shows the distribution of the adoption choice between the market- and system-dominant

vendors by affiliated hospitals, for which none of the dominant local vendors is the main IT

provider for the parent system.26 Thus, the vendors chosen by these hospitals fall into one of the

following categories: dominating the local market, dominating the parent system, or neither. Al-

most 60% of new adopters follow the parent system, whereas only 10% choose the dominant local

23Other variables may also play an important role in the competition of healthcare markets and potentially influence
the adoption decision. I use only these two variables, because they are commonly cited as important factors for
healthcare competition, and I also want to keep the estimation manageable.

24I focus on this sample period, due to limited information on hospital system affiliation in later years.
25Appendix Table A1 provides more details on these variables.
26A system-dominant vendor refers to the one that other members most commonly adopt.
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vendor. For experienced adopters, the difference between the percentage of choosing the market-

and system-dominant vendors becomes less significant, although a large fraction of switchers end

up with vendors other than these two options.

The market for inpatient EMRs has been fairly concentrated. Table 1 lists the top 11 vendors

that, on average, account for over 90% of the national market share. All the remaining vendors

are categorized into one group called “others.” The combination of the leading vendors in Table 1

with the group “others” results in 12 options that form a choice set available to all hospitals. Local

markets are even more concentrated. In over 60% of the markets, the number of existing vendors

that belong to the top list is no more than three per market (shown in Appendix Figure A1),27 and

the market-dominant vendor usually has at least 50% of the local market share (shown in Appendix

Figure A2).28 Also, most markets have a clear dominant vendor, but which vendor dominates

varies across geographic areas, as shown in Appendix Figure A3. Similarly, in about 80% of

the hospital chains, there are no more than two leading vendors in place (shown in Appendix

Figure A4), and at least 50% of adopting members choose the system-dominant vendor (shown in

Appendix Figure A5).29 To summarize, the simple statistics suggest that integration occurs both

externally and internally, with the latter to a greater extent. Also, variations in adoption choice

across markets and chains are important sources for identification.

Table 2 reports the summary statistics for hospital characteristics. Consider the upper panel for

new adopters or hospitals that had not adopted EMRs by the end of the sample period. The first

two rows suggest that both markets and hospital systems are becoming more connected. Particu-

27The vendor “Self-developed” in Table 1 is excluded here because it is not a real vendor.
28This finding holds for most of the leading vendors except GE.
29This finding holds for most of the leading vendors except Healthland.
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larly within a chain, the choice of more than 70% of adopting members converges to the system-

dominant vendor at the end of the sample period. The other hospital characteristics, such as profit

status, percent of teaching hospitals, and bed size, remain stable over time. I also report the per-

centage of affiliated non-hospital facilities in the same market as an affiliated hospital and find

that, on average, 25%-30% of these facilities are nearby. The lower panel suggests that experi-

enced adopters, on average, are larger and more likely to be teaching hospitals and surrounded by

affiliated facilities.

Table 3 reports the statistics at the chain and market level, respectively. The chain size, in terms

of the total number of hospitals or beds, grew during the sample period. More leading vendors exist

per chain over time. The number of affiliated ambulatory care facilities per chain doubled during

the sample period, which is consistent with the recent growth in the outpatient setting—hospitals

reducing inpatient care by shifting patients to outpatient facilities. The last panel summarizes

the variables at the market level. In general, there are more affiliated hospitals than stand-alone

hospitals per market. The size of the elderly population increased by 25% from 2005 to 2014, and

the HHI remained stable during this period.

4 Estimation Strategy

4.1 Non-IV estimation

The empirical specification is motivated by the technology adoption decision facing a stylized

affiliated hospital, which chooses from a set of vendors that produce incompatible EMR systems

and picks the most profitable one among those generating positive net values. The payoff from
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choosing a vendor depends on a variety of factors. I focus on the effect of network benefits at

different levels and estimate a static discrete-choice model using the conditional logit specification.

The probability of hospital i—without EMRs—choosing vendor j at year t has the following form:

Prob
(

D j
it = 1

∣∣∣X j
it ,Zit ,Mit

)
=

exp
(

X j
itα +Zitγ

j +M
j
it

)
1+∑k∈J exp

(
Xk

itα +Zitγk +Mk
it
) , (1)

where D j
it = 1 if hospital i chooses vendor j; X j

it , Zit , and Mit denotes the vendor, hospital, and

market characteristics, respectively; J represents a set of vendors available to all hospitals, includ-

ing the leading vendors as listed in Table 1 and the “others.” The profit from non-adoption is

normalized to be zero. Note that, the adoption decision can be conceptualized as proceedings in

two steps: whether to adopt any EMRs and then which vendor to select. For simplicity, the current

setup conflates these two dimensions of decision-making and treats non-adoption as the outside

option.30 X j
it includes a set of vendor j’s characteristics. Let

X j
itα = MktShare j

itαmkt +SysShare j
itαsys + ∑

`∈J
[1{`= j}(α`+δ`× t)] (2)

+1{i has EMRs}×1{ j was chosen at (t−1)}αchosen,

where the third term on the right-hand side incorporates vendor fixed effects and vendor-specific

time trends, with the former controlling for other unobserved vendor characteristics31 and the latter

30In the current setting, the estimated network benefits may stem from the correlation between the non-adoption
within the system/market and the non-adoption of the focal hospital. I re-estimate the main specification based on
the sample including only hospital-year observations with adoption/switching decisions, excluding the option of the
current choice. This specification provides an estimate of the correlation between the probability of choosing a vendor
and its system/market share, conditional on adoption/switching. I report the results in Appendix Table A3. The
findings are qualitative similar to the main results in Table 5.

31Such characteristics include IT capabilities at the vendor level—namely, system quality, usability, functionality,
and technical support, among others.
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capturing the overall changes of vendor quality/promotion/popularity over time.32 For hospitals

with EMRs, I further include an indicator for whether a particular vendor was previously chosen

to evaluate the extent to which a hospital sticks to the chosen vendor.

In theory, the network benefits, both internally and externally, can arise from (1) cost savings

in implementation and operation33 or (2) efficiency gains in information transfer with other (affil-

iated or non-affiliated) healthcare providers. While two hospitals choosing the same vendor does

not necessarily imply information exchange between them, I view (2) as a potentially important

source. Studies find that hospitals using a common EMR system face fewer technical barriers to

establishing connections (Everson, 2017) and are more likely to engage in HIE activities (Ever-

son and Adler-Milstein, 2016; Downing et al., 2017; Castillo et al., 2018). Distinguishing one

mechanism from another is beyond the scope of this paper.

αmkt (αsys) measures the marginal effect of market (system) share.34 The adoption choice is

likely to be an outcome from the interaction—such as negotiation—between the vendor and hospi-

tal. αsys also captures the effect of these strategic interactions at the chain level and thus, measures

the aggregated value of choosing a particular vendor as its system share varies, which could arise

from network externalities, economies of scale, price advantage, and the strategic concerns at the

chain level.35 To minimize the effect of such interactions at the market level so that αmkt only

reflects the net benefit from external coordination that policymakers aim for, I use IVs in the esti-

mation and provide more detail in the next section. A significantly positive coefficient for market

32An arguably better way is to include vendor-year fixed effects to allow for unrestricted, differential trends by
vendor, but it would result in many more parameters and make the estimation less precise.

33I categorize this into network benefits because the cost savings here are essentially economies of scales, which
are closely related to network effects (Farrell and Klemperer, 2007).

34I exclude the focal hospital in constructing the share variables. I also use the weighted average of shares that
accounts for bed size. The main results hold. Section 5 provides more detail.

35As pointed out by Miller and Tucker (2014), hospital chains may have incentives to prevent information outflow.
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(system) share suggests a member’s tendency to integrate into the market (parent system). If the

concern about losing patients exceeds the benefit from external complementarities or if the re-

quirement of centralized IT structure dominates, I expect the value of adopting the dominant local

vendor to diminish or even turn negative. Therefore, comparing αsys with αmkt suggests how an

affiliated hospital assesses the value of following the parent system versus coordinating with the

external local market.

Zit represents hospital-specific features, including profit status, bed size, whether a hospital is

a teaching hospital, and the number of hospitals in the same chain.36 I further interact vendor

dummies with the following variables—the indicator for teaching hospital, the number of sister

hospitals, and hospital bed size—to allow the effect of these variables to vary by vendor.

I control for market characteristics (encapsulated in M
j
it) following the approach by Lin (2015)

and Wang (2019). I include the following two market observables: total elderly population and the

HHI, each interacted with vendor dummies to allow for varying effects by vendor. I control for

market unobservables using market-level group dummies, similar to the method used by Collard-

Wexler (2013), Lin (2015), and Wang (2019). I construct these group dummies in the following

steps. First, I regress the share of adopting hospitals in each market on the observed market char-

acteristics (i.e., the size of the elderly population and HHI) and market and year fixed effects. I

divide all the markets into four groups by quartiles of the estimated market fixed effects, which

indicate the level of profitability on adoption. Then, I include three dummies (for the top three

quartiles) in the logit regression, and the estimated coefficients measure the effects relative to the

36I tested what to include in the controls from a set of relevant variables mentioned in the literature (using a shorter
period of the sample), including total outpatient visits, total inpatient admissions, the number of full-time physicians,
percentage of Medicare and Medicaid discharges, number of competitors, and fraction of competitors with EMRs.
The results are robust to those from the reported specification.
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lowest quartile. I call the market-group dummies market-category effects following prior studies.

The choice set for hospitals without EMRs includes the leading vendors as listed in Table 1, the

“others,” and the outside option—no EMRs. I exclude the outside option from the choice set for

hospitals that have already adopted the technology. Note that I estimate a static instead of dynamic

model here, considering that the choice of brands might require less dynamic optimization than the

fundamental decision of acquiring an EMR system. Prior studies have applied a similar approach to

model technology adoption with network effects (Gowrisankaran and Stavins, 2004; Desai, 2016).

I expect the results from a dynamic model to be qualitatively similar, but it is hard to predict the

difference in magnitude, which could depend on a variety of factors.37

I use the maximum likelihood estimator (MLE) and estimate the logit model separately for hos-

pitals with and without EMRs, given that they have different choice sets and potentially different

motivations. Each observation corresponds to a hospital and year combination. In the analysis for

new adopters, a hospital is dropped after adoption; the analysis for experienced adopters is based

on all hospital-year cells among hospitals with EMRs. Standard errors are clustered at the chain

level to allow for dependence in the residuals across member hospitals within a chain.

4.2 IV estimation

Concerns may exist about endogeneity for the market share variable, such as market-wise pro-

motion or special preferences of local physicians, both of which could simultaneously affect the

market share and the choice of vendors at the same time. For instance, a vendor based in a partic-

37Lin (2021) compares the estimated external network benefits between the static and dynamic models, based on
the sample of stand-alone hospitals, and finds that the effect remains in the dynamic model but becomes smaller. She
provides a discussion on what factors could contribute to the differences.
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ular market may offer promotions to all local hospitals. It thus becomes the most adopted simply

because of price advantage rather than the benefit from coordination.

To construct the instruments, I exploit the cross-market spillover within a hospital chain.

Specifically, I first find out all the outside associated markets, defined as the external markets

that are “important” to an associated chain—that has affiliated hospitals in the same market as the

focal hospital. I view a market as “important” for a hospital chain if, among all the markets where

the chain is located, this market includes the most of its hospital members. Then, the instruments

are constructed by averaging the market share and market dominance indicator for each vendor

across these markets. I provide more detail on how to construct the instruments and discuss the

exclusion restriction assumption in Appendix 1. Appendix Figure A6 shows an example of out-

side associated markets for an affiliated hospital in the actual data. The focal hospital is located in

Florida, and some of its local competitors belong to chains with member hospitals in other regions.

Specifically, this hospital corresponds to three outside associated markets: one in Mississippi, one

in New York, and one in Pennsylvania. The instruments here are the average of market share and

the market dominance indicator for each vendor across these three markets. It is relevant in the

sense that the associated chains’ decision-making may take into account the conditions in these

markets (because they are important markets), which will affect the choice of their members and,

ultimately, the focal hospital. It is exogenous because these outside markets plausibly have little

relation to the unobservables in the focal market. To ensure the exclusion restriction assumption

holds, I include in the IV sample the markets that are “unimportant” for the associated chain, i.e.,

the markets with a small number but not the most of its member hospitals. I also confine the outside

associated markets to those located at least 300 miles from the focal hospital to avoid spillovers
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across markets due to proximity.

l use the control function (CF) approach because of the nonlinear relationship. The first step is

to regress the endogenous variable—market share—on the instruments and obtain the error term,

êmkt. Next, I estimate the main regression additionally including the first-stage residual and a

polynomial expansion to the second degree.38 The IV sample is restricted to the observations for

which I can construct the instruments. I obtained the standard errors by bootstrapping to account

for the estimation error in the first stage.

5 Results

5.1 Main results

I now discuss the empirical results. Table 5 reports the coefficients for the key variables of interest:

market share, system share, and the indicator for whether a particular vendor was chosen previ-

ously. The first coefficient column suggests that, for new adopters, both the market and system

shares have positive impacts on the adoption choice. Moreover, the value from coordinating with

the market is less than that from integrating into the chain. I also report the average marginal effect

of each share variable on the choice probability.39 On average, the probability of choosing a par-

ticular vendor goes up by 19.0 percentage points given the variation in system share of this vendor,

whereas the change in probability is 2.80 percentage points as the vendor’s market share varies.

38The consistency results for the CF estimation only guarantee that some function of the first-stage residuals will
make the second stage produce unbiased estimate. Thus, I include the first-stage residuals with a polynomial expansion
in the second stage. The results using expansions with higher degrees are similar.

39To obtain the marginal effect, I first calculate the derivative of the choice probability with respect to the share
variable. The derivative has a closed-form expression—a function of the predicted probability and the estimated
coefficients—due to the assumption of the Type I extreme value distribution. The predicted probability varies by
observation, and thus, the marginal effect is the average change across all observations.
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The next two columns show the coefficients based on the IV sample, for which the sample size

drops by about 50%, but the findings based on the regular logit regression remain similar in the

reduced sample. The third column shows the estimates using the CF approach.40 The coefficient

for system share remains significantly positive, but the coefficient for market share is no longer

significant. After controlling for the unobserved characteristics at the market level, the benefit

from external (local) adaptation disappears for new adopters, suggesting either limited evidence of

complementarities at the market level or significant competitive pressure that counteracts the gains

from external coordination for these hospitals.

The right panel shows the same set of results for experienced adopters. In the first column of

this panel, the coefficient on system share is positive and significant despite a smaller magnitude

than that from the sample of initial adopters, whereas the coefficient on market share becomes

insignificant. I include in this analysis an indicator for whether a particular vendor was previously

selected. The significantly positive estimate suggests that hospitals are very “loyal” to the chosen

vendor, implying a potentially large cost barrier to switching. The logit results are similar between

the entire sample and the IV sample. The last column presents the results using the CF approach.

The coefficient for market share becomes significantly positive, with greater magnitude than that

from the non-IV estimation. On average, the change of system (market) share raises the probability

of being chosen by 12.4 (6.87) percentage points.

Affiliated hospitals with existing EMRs seem to value external benefits to a greater extent

than those without EMRs. A potential explanation is that new adopters tend to rely on internal

experience or resources, due to the uncertainty about the technology, whereas existing adopters

40Table 4 reports the results from the first stage of the CF approach, suggesting that the instruments are strongly
correlated with the endogenous variable.
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may have a better sense about the technology and what external complementary resources are

available nearby, and thus, they are more likely to consider outside options.

The CF approach enables a heteroskedasticity-robust Hausman test on whether the suspected

variables are endogenous. I conduct this test by testing the joint insignificance of the first-stage

error terms included in the second stage. The last row shows that the null hypothesis of no en-

dogeneity is rejected. The estimation model seems to fit with the data reasonably well, with the

pseudo R2 close to 0.6 for initial adopters and over 0.8 for experienced adopters. For robustness

checks, I construct the share variables accounting for hospital bed size. I report these results in

Appendix Tables A4. The findings are generally consistent.

5.2 Underlying mechanisms

I also explore the mechanisms that underlie the compromise in the choice decision. The idea is

to examine whether the value of a vendor’s internal/external prevalence depends on a moderating

factor. Most of the analyses are indebted to the findings from the team-theoretic framework. The

empirical approach is either to additionally include interactions between each share variable and a

moderator variable in the main specification or to run the main regression on different subsamples.

For the former, I also estimate the baseline effect of the moderator variable. All the reported

results are from IV estimation, where the CF approach is extended to allow for interaction terms.

Specifically, I introduce additional first-stage regressions in which the dependent variable is the

interaction between the endogenous variable and the moderator variable and the regressors include

the instruments interacted with the moderator variable. In the second stage, I estimate the main

equation using the MLE, including all the first-stage residuals and their polynomial expansions.
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Chain size

Acquiring and maintaining an EMR system is notoriously expensive. A natural choice for an

affiliated hospital is to select the vendor that is widely adopted within the chain, so that members

with the same vendor can apportion the fixed cost related to upfront investment, maintenance,

subsequent upgrades, and so on. However, this is different from the prediction from the team theory

literature that assumes a limited information-processing capacity of firms and thus anticipates that

a larger (and more sophisticated) chain is more likely to decentralize IT purchasing due to the high

cost of information processing (McElheran, 2014).41 To compare these predictions, I interact both

the market and system shares with chain size, measured in terms of the total number of hospital

beds in the chain, and include these interactions into the main regression.

Table 6 presents the results, including the key variables of interest and the interactions with the

moderator variable. The findings from the baseline variables are similar to those from the main

specification. The interaction term with system share is significantly positive, suggesting that the

larger a chain is, the more likely a member is to adopt the internal standard. On average, the

probability for a vendor of being chosen given the variation in system share further increases by

1.60 (0.74) percentage points for new (experienced) adopters, as the chain gets larger. To sum up,

a large chain has intentions of pursuing a unified standard, supporting the cost-saving incentive.42

Need for internal coordination

The provision of health care usually involves multiple medical encounters, each of which will be

more effective if all the related information can be accessed and coordinated. Thus, there is a

41A third mechanism could be related to agency concerns, which lead to the same prediction as economies of scale.
42Another potential explanation is increased corporate control due to agency concerns.
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need for HIE between different healthcare providers, especially those serving different parts of the

continuum of care.43 Also, HIE is more likely to occur between providers in the same area, given

that patients tend to seek care close by. Thus, I measure the need for internal coordination via the

fraction of affiliated ambulatory/subacute care facilities in the same market as the focal hospital.

The HIMSS database provides information on non-hospital facilities affiliated with a healthcare

delivery system, from which I can construct the moderator variable.

A standardized IT system can improve cross-unit communications, whereas decentralized IT

purchasing may lead to a fragmented information network, making the ex-post management of

incompatible IT systems costly and even creating potential risk for patient safety (Payne et al.,

2012). Thus, a member hospital co-located with a large number of affiliated, complementary

facilities is more likely to adopt the internal standard, due to the stronger demand for internal

coordination. However, imposing a unified standard may lead to revenue losses due to the forgone

benefit from integrating into the local market, which could be substantial for divisions that have

large impacts on the overall business value for the chain (McElheran, 2014). A hospital that is

surrounded by many affiliated non-hospital facilities has great potential to boost revenue, given

that more supplementary services can be offered to the patients treated. As a result, the competing

forces make it difficult to theoretically determine the effect of this measure.

To compare these propositions, I include interactions of the measure for internal coordination

and each share variable in the main specification. Table 7 reports the estimates. Consider the

results in the first two coefficient columns. The baseline coefficient for system share is slightly

43The continuum of care represents a comprehensive range of healthcare services over a period of time, which
may cover all phases of illness from diagnosis to recovery or to the end of life (http://blog.eoscu.com/blog/
what-is-the-continuum-of-care).
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larger, whereas the interaction with system share becomes significantly negative. On average,

the increase in choice probability among new adopters due to higher system share declines by

16.6% (=3.68/22.2×100%) after accounting for the fraction of affiliated ambulatory care facilities

nearby. The result for experienced adopters is similar, with the marginal effect of system share

decreasing by 19.2%. Interestingly, integrating into the local market also becomes less desirable

among experienced adopters that are surrounded by many affiliated ambulatory care facilities.

The results share a similar pattern when I use affiliated subacute care facilities to construct the

moderating variable. Taken together, conformity with the internal standard may be less imperative

for member hospitals that are potentially high-revenue generators; meanwhile, these members that

are experienced adopters are also less likely to coordinate with the external local market, probably

due to the cost of internal coordination or the strategic consideration of the parent system.

Ownership change

In the last decade, the U.S. hospital industry has experienced profound organizational changes,

namely, consolidation of hospitals through mergers and acquisitions. One argument in favor of the

“bigger is better” statement is that the integrated organization enables greater efficiency and more

coordinated patient care, which entails an interoperable IT system. However, it remains uncertain

whether the merging entities have incentives to move to a common technology platform given the

challenges in information system restructuring and the substantial switching costs. Holmgren and

Adler-Milstein (2019) summarize the distribution of acquired hospitals’ switching decisions on

EMR vendors. They find that 35% of acquired hospitals switched to the dominant vendor of the

acquiring system post acquisition, whereas 44% of them were not using the dominant vendor and
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did not switch. To understand the IT adoption choice among these hospitals, I estimate the main

specification based on the sample of acquired hospitals during the post-acquisition periods.

Table 8 shows the results. The coefficient for system share is significantly positive among

acquired hospitals, suggesting that they have incentives to adopt the internal standard of the new

parent system, with the average change in probability above 20 percentage points given the vari-

ation in a vendor’s system share. The coefficients for market share are insignificant yet negative

for this group of hospitals, regardless of adoption experience. The results suggest that acquired

hospitals are willing to integrate into the new parent system but have little incentive to coordinate

with the local market.

6 Conclusion and Future Work

In the presence of various incompatible IT systems, the adoption choice facing hospital chains

involves a tradeoff between different levels of network effects. When there is a dichotomy in terms

of health IT solutions between the parent system and local market, I find that new adopters tend

to comply with the internal standard. After controlling for unobserved market characteristics, the

effect of local market share becomes significantly positive for existing adopters, suggesting that

hospitals with adoption experience welcome external coordination to a greater extent.

When I explore the underlying mechanisms for the tradeoff, I find that economies of scale are

an important reason to adopt a unified standard, whereas the need for internal standardization could

be less imperative for a member hospital co-located with a large number of affiliated, complemen-

tary facilities. However, experienced adopters surrounded by these facilities are also less motivated
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to integrate into the local market, which may be associated with the need for internal coordination

or reflects the strategic concern of the chain. Taken together, the stronger incentive for internal

consistency may imply challenges to information transfer across hospitals within a local market,

which could adversely affect competition and care coordination.

This study has a few limitations. First, due to data constraints, I model the choice of vendors

by abstracting away many specifics in the adoption decision. However, I view most of the assump-

tions as reasonable given the focus and scope of this paper. Moreover, I estimate a static model of

technology adoption, given that the consideration of brands might require less dynamic optimiza-

tion than the fundamental decision of adopting a system. I hope that this paper provides a building

block for future research that aims to better understand the strategic consideration in technology

adoption and how it affects the evolution of market structure.
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Figure 1: Adoption and switching rates over time

Note: Upper panel shows the adoption rate and lower panel shows the rate of switching.
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Figure 2: Frequency distribution of the choice of vendors

Note: Calculation based on affiliated hospitals for which no overlap exists between the set of

market- and system-dominant vendors. There are 529 new adopters and 1011 experienced adopters.
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Table 1: Top 11 EMR vendors and their national market share (%)
Year Self-

developed
Cerner CPSI Healt-

hland
Eclip-
sys

Epic GE HMS McKe-
ssons

Siem-
ens

Medi-
tech

Total

2005 8.87 10.93 4.76 0.87 3.35 1.57 0.22 1.62 13.91 12.01 30.25 88.37
2006 7.63 11.67 5.68 1.91 3.90 2.00 3.33 2.31 12.64 11.85 29.10 92.01
2007 6.29 11.27 8.05 3.46 3.33 3.29 2.79 3.09 11.07 10.61 28.07 91.32
2008 5.46 11.22 8.42 3.95 3.39 3.95 2.51 3.01 11.13 9.64 28.40 91.09
2009 4.76 11.53 8.24 4.31 3.48 5.73 2.30 4.26 12.03 9.15 26.91 92.70
2010 4.67 11.93 8.81 4.21 3.50 7.61 2.07 4.32 11.24 8.63 25.87 92.85
2011 4.36 12.39 9.10 4.56 3.07 10.16 1.12 4.61 10.95 7.91 24.98 93.21
2012 4.57 12.89 8.97 4.69 2.95 12.63 0.80 4.72 10.33 7.09 23.61 93.25
2013 4.08 13.99 8.87 4.53 2.68 16.24 0.66 5.05 10.05 6.40 22.57 95.12
2014 3.26 16.36 8.80 4.12 2.37 19.06 0.44 4.86 8.40 5.86 21.67 95.21
Note: Calculation is based on all hospitals, including stand-alone and affiliated hospitals in 2005-2014.
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Table 2: Summary statistics for hospital variables by adoption status
New or never adopters

2005 2006 2007 2008 2009 2010 2011 2012 2013 2014

% whose chosen vendor is
system-dominant

4.10 20.5 35.1 48.6 58.5 60.5 64.9 67.0 73.6 73.0

% whose chosen vendor is
market-dominant

4.02 12.0 19.3 24.4 29.8 33.8 35.2 35.5 37.2 41.3

% ever not-for-profit hospi-
tals

66.2 66.4 66.6 66.6 66.5 68.7 69.1 67.4 67.7 67.6

% ever teaching hospitals 6.03 5.99 6.00 5.96 5.98 6.18 6.10 5.96 6.02 6.10
# beds 190 189 188 187 189 193 192 190 191 191
% affiliated subacute care
facilities in the same market

28.2 28.9 29.3 29.8 29.3 29.3 29.8 28.2 25.1 25.4

% affiliated ambulatory care
facilities in the same market

30.0 30.3 30.9 31.3 30.7 31.1 30.7 29.3 27.8 27.8

# acquired hospitals 16 33 55 36 21 23 30 26 118 41

Total # affiliated hospitals 1,244 1,253 1,250 1,259 1,255 1,214 1,213 1,241 1,230 1,213

Experienced adopters
2005 2006 2007 2008 2009 2010 2011 2012 2013 2014

% whose chosen vendor is
system-dominant

69.8 72.3 72.0 70.5 70.7 70.6 69.7 71.3 74.8 69.2

% whose chosen vendor is
market-dominant

37.9 38.8 37.8 37.0 34.8 35.0 35.8 35.9 36.8 39.3

% ever not-for-profit hospi-
tals

65.9 66.0 66.4 66.6 67.6 68.2 68.6 68.6 68.8 69.6

% ever teaching hospitals 11.6 11.4 11.2 11.0 10.8 10.7 10.6 10.5 10.4 10.1
# beds 244 242 243 241 241 239 239 239 238 238
% affiliated subacute care
facilities in the same market

38.1 37.1 37.0 37.9 38.3 37.3 36.7 36.0 34.3 33.8

% affiliated ambulatory care
facilities in the same market

44.2 43.8 44.4 44.5 44.6 42.9 41.6 40.2 38.7 37.4

# acquired hospitals 21 20 33 26 43 51 61 63 130 125

Total # affiliated hospitals 1,178 1,205 1,220 1,244 1,274 1,304 1,339 1,377 1,425 1,460
Note: Table reports the mean value of statistics over the years 2005-2014.
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Table 3: Summary statistics for chain/market variables
Chain characteristics

2005 2006 2007 2008 2009 2010 2011 2012 2013 2014

# affiliated hospitals 5.8 5.8 5.8 5.8 5.9 5.9 6.1 6.3 6.5 6.7
# beds 1,246 1,246 1,237 1,249 1,267 1,287 1,313 1,360 1,398 1,444
# markets 3.6 3.6 3.5 3.5 3.6 3.6 3.6 3.8 3.9 4
# leading vendors 0.8 1 1.1 1.3 1.3 1.4 1.4 1.4 1.5 1.5
# ambulatory care facilities 28 29 30 31 32 35 40 45 60 74
# subacute care facilities 4.8 4.6 5 4.5 3.8 3.6 4.1 4.4 4.6 4.7
% acquiring systems 3.8 8.3 9.1 10 9.3 11.3 11.6 11.8 13.1 13.7

Total # chains 421 424 429 428 429 424 421 415 411 401

Market characteristics
2005 2006 2007 2008 2009 2010 2011 2012 2013 2014

# stand-alone hospitals 2.2 2.3 2.3 2.2 2.2 2.2 2.1 2 2 1.9
# affiliated hospitals 2.6 2.7 2.7 2.7 2.7 2.7 2.8 2.8 2.9 2.9
# leading vendors 1 1.2 1.6 1.8 2 2.1 2.2 2.2 2.3 2.3
# chains 1.6 1.6 1.6 1.6 1.7 1.6 1.6 1.7 1.7 1.7
Population over 65 39,930 40,241 40,958 41,989 42,904 43,829 44,844 46,766 48,418 50,142
HHI 0.51 0.52 0.52 0.52 0.52 0.52 0.52 0.52 0.53 0.53

Total # markets 915 921 921 921 921 921 920 920 920 919
Note: Table reports the mean value of statistics over the years 2005-2014.
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Table 4: First-stage results in the CF
Dependent variable: Market share

Hospitals without EMRs Hospitals with EMRs

Share in outside associated 0.393∗∗∗ 0.511∗∗∗

markets (0.0115) (0.00531)

Dominance indicator in outside 0.0465∗∗∗ -0.0222∗∗∗

associated markets (0.00605) (0.00263)

N 28,951 141,468
F-statistics 2124.5 11088.0
Note: The constant term is not reported. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 5: Effect from share variables
Without EMRs With EMRs

All IV sample All IV sample

Logit Logit CF Logit Logit CF

System share 2.675∗∗∗ 2.580∗∗∗ 2.574∗∗∗ 1.637∗∗∗ 1.621∗∗∗ 1.620∗∗∗

(0.181) (0.212) (0.120) (0.121) (0.139) (0.0710)

Market share 0.394∗∗ 0.516∗ -0.746 -0.149 -0.201 0.899∗∗

(0.169) (0.296) (0.660) (0.136) (0.234) (0.395)

Chosen previously 4.049∗∗∗ 4.064∗∗∗ 4.067∗∗∗

(0.0888) (0.101) (0.0539)

MEs (%): System share 19.0∗∗∗ 18.3∗∗∗ 18.3∗∗∗ 12.5∗∗∗ 12.4∗∗∗ 12.4∗∗∗

(1.29) (1.50) (0.849) (0.921) (1.06) (0.543)
MEs (%): Market share 2.80∗∗ 3.66∗ -5.30 -1.14 -1.53 6.87∗∗

(1.20) (2.10) (4.69) (1.04) (1.78) (3.02)

N 57,239 28,951 28,951 251,940 141,468 141,468
Pseudo R2 0.610 0.602 0.603 0.839 0.849 0.849
P-value for joint 0.0320 0.0152
significance of êmkt

Note: Unit of observation is hospital/year. Other regressors include the not-for-profit indicator, market-
category effects, vendor-specific time trends, vendor fixed effects, and vendor dummies interacting with the
following controls: bed size, number of member hospitals, teaching hospital indicator, HHI, and the elderly
population at the market level. Standard errors in parentheses. Standard errors clustered at the chain level for
logit regressions and bootstrapped standard errors (based on 50 replications) for the CF approach.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 6: Effect from share variables, by chain size
Chain size

Without EMRs With EMRs

System share 2.114∗∗∗ 1.395∗∗∗

(0.163) (0.0828)

Market share -0.00809 1.045∗

(0.918) (0.527)

Interacted with system share 0.000104∗∗ 0.0000600∗∗∗

(0.0000332) (0.0000141)

Interacted with market share -0.000122 -0.0000202
(0.000122) (0.0000464)

Chosen previously 4.084∗∗∗

(0.0706)

MEs (%): System share 15.0∗∗∗ 10.7∗∗∗

(baseline) (1.16) (0.632)
MEs (%): System share 1.60∗∗ 0.738∗∗∗

(extra) (0.510) (0.174)
MEs (%): Market share -0.0575 7.99∗

(baseline) (6.52) (4.02)
MEs (%): Market share -1.87 -0.248
(extra) (1.88) (0.571)

N 28,951 141,468
Pseudo R2 0.609 0.852
P-value for joint significance 0.0807 0.0902
of êmkt

Note: Analysis applying the CF approach to the IV sample, with in-
struments specified in Section 4. Unit of observation is hospital/year.
Other regressors include the not-for-profit indicator, market-category ef-
fects, vendor-specific time trends, vendor fixed effects, and vendor dum-
mies interacting with the following controls: the moderating variable, bed
size, number of member hospitals, teaching hospital indicator, HHI, and the
elderly population at the market level. Bootstrapped standard errors (based
on 50 replications) in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 7: Effect from share variables, by the need for internal coordination
fraction of co-located fraction of co-located

ambulatory care facilities subacute care facilities

Without EMRs With EMRs Without EMRs With EMRs

System share 3.123∗∗∗ 2.085∗∗∗ 2.831∗∗∗ 2.086∗∗∗

(0.152) (0.128) (0.154) (0.115)

Market share 0.147 1.840∗∗ 0.0732 1.399∗∗

(1.145) (0.560) (1.122) (0.540)

Interacted with system share -1.609∗∗∗ -0.968∗∗∗ -0.633∗ -0.899∗∗∗

(0.317) (0.194) (0.305) (0.176)

Interacted with market share -2.604 -2.050∗ -1.669 -0.359
(2.262) (0.893) (1.845) (0.894)

Chosen previously 4.084∗∗∗ 4.051∗∗∗

(0.0698) (0.0645)

MEs (%): System share 22.2∗∗∗ 15.9∗∗∗ 20.1∗∗∗ 15.9∗∗∗

(baseline) (1.08) (0.976) (1.09) (0.880)
MEs (%): System share -3.68∗∗∗ -3.06∗∗∗ -1.39∗ -2.50∗∗∗

(baseline) (0.724) (0.612) (0.670) (0.489)
MEs (%): Market share 1.04 14.1∗∗ 0.520 10.7∗∗

(extra) (8.13) (4.28) (7.97) (4.13)
MEs (%): Market share -5.96 -6.48∗ -3.66 -0.999
(extra) (5.18) (2.82) (4.05) (2.49)

N 26,455 133,416 24,063 120,852
Pseudo R2 0.612 0.851 0.617 0.856
P-value for joint significance 0.000176 0.00128 0.00257 0.0639
of êmkt

Note: Analysis applying the CF approach to the IV sample, with instruments specified in Section 4. Unit
of observation is hospital/year. Other regressors include the not-for-profit indicator, market-category effects,
vendor-specific time trends, vendor fixed effects, and vendor dummies interacting with the following controls:
the moderating variable, bed size, number of member hospitals, teaching hospital indicator, HHI, and the elderly
population at the market level. Bootstrapped standard errors (based on 50 replications) in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 8: Effect from share variables, by ownership change
Without EMRs With EMRs

System share 3.612∗∗∗ 2.680∗∗∗

(0.717) (0.265)

Market share -1.712 -2.303
(5.566) (1.216)

Chosen previously 3.947∗∗∗

(0.181)

MEs (%): System share 25.6∗∗∗ 20.5∗∗∗

(5.09) (2.02)
MEs (%): Market share -12.2 -17.6

(39.5) (9.29)

N 1,365 15,324
Pseudo R2 0.635 0.829
P-value for joint significance 0.804 0.356
of êmkt

Note: Analysis applying the CF approach to the sample of the post-
acquisition periods of the acquired hospitals from the IV sample. Instru-
ments specified in Section 4. Other regressors include the not-for-profit in-
dicator, market-category effects, vendor-specific time trends, vendor fixed
effects, and vendor dummies interacting with the following controls: bed
size, number of member hospitals, teaching hospital indicator, HHI, and
the elderly population at the market level. Bootstrapped standard errors
(based on 50 replications) in parentheses.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Appendix 1 More detail on IVs

I provide more detail on how to construct the instruments and discuss the exclusion restriction

assumption here. Consider an example of hospital A1, a member of chain A located in market

m1, as shown in Appendix Figure A7. I call the market where the focal hospital (A1) is located,

m1, the focal market. The endogenous variable for A1 is a vector with each entry indicating the

market share for the corresponding vendor in m1. Suppose that B1 is affiliated with chain B,

the rest of whose members, {B2,B3,B4,B5}, are equally distributed in m2 and m3. I call B an

associated chain, because it has member hospitals in the same market as the focal chain, A. The

instruments for A1 are the average of the market dominance indicator and market share for each

vendor across m2 and m3—the outside associated markets. This instrument is relevant in the sense

that the managing party of B may take into account the market conditions in m2 and m3, which

will affect the choice of B1 and ultimately A1. It is a clean measure because these outside markets

plausibly have little relation to the unobservables in m1.

The exclusion restriction in this instrument boils down to vendor market share in the outside

associated markets only affecting the focal hospital’s vendor choice via its effect on the local

vendor market share. In other words, no spillovers in unobservables occur between the focal

market, m1, and the outside associated markets, m2 and m3. A threat to identification could occur

if a vendor offers market-wise promotion or establishes a large-scale sales network in m1, m2,

and m3 at the same time, because all the members of B are located in these markets. To assuage

these concerns, I base the IV analysis on the sample satisfying the following conditions. First,

I focus on the focal markets that are treated as “unimportant” in the overall decision-making of

44



the associated chain, such as m1 for B. I construct the instruments using markets that are likely

to play an important role in the decision process for the associated chain, such as m2 and m3 for

B. By doing so, I reduce the likelihood that affiliated hospitals in the outside associated markets

respond to the variations in the focal market. I view a market as “important” for a hospital chain

if, among all the markets where the chain is located, this market includes most of its members

(e.g., m2 and m3 for B) and as “unimportant” otherwise (e.g., m1 for B). In addition, I remove

an outside associated market from the IV sample if it contains members of the focal chain—the

chain that the focal hospital belongs to—and if the focal market is important to the focal chain. By

doing so, I reduce the likelihood of cross-market spillovers via the focal chain.44 Finally, I only

keep outside associated markets that are at least 300 miles away from the focal hospital to avoid

spillovers across markets due to proximity.

Appendix Table A2 summarizes the key statistics for the IV sample. On average, each hospital

corresponds to approximately three outside associated markets. Both the chains and markets tend

to be larger than those in the overall sample, but the hospital-specific characteristics are generally

similar. Figure A6 shows an example of a focal hospital and its outside associated markets in the

actual data. The focal hospital is located in Florida, for which the three outside associated markets

are located in Mississippi, New York, and Pennsylvania.

44In this case, a vendor is likely to extend a market-wise promotion from an outside associated market to the focal
market, to attract the large fraction of member hospitals in the focal chain in the hope of winning the entire chain. By
contrast, the incentive becomes weaker if the focal market is a fringe one for the focal chain, given the inconsequential
gains compared with the potentially high cost of large-scale promotions.
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Appendix 2 Extra Figures and Tables

Figure A1: CDFs of number of leading vendors per market

Note: Leading vendors per market taken from Table 1.
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Figure A2: CDFs of market share for dominant local vendor

Note: Each panel shows the CDFs of a particular vendor’s local market share among all the mar-

kets where this vendor is the local dominant vendor, that is, has the highest local market share.
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Figure A3: Vendor distribution across markets in 2009

Note: Each patch represents a local market and each color represents a particular vendor. Each

dot stands for approximately 10% of local market share for the represented vendor. The clustering

of dots of the same color within a market measures the extent to which the represented vendor

dominates the local market. Note that the location of dots is randomly assigned by the software

and does not pinpoint exact locations.
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Figure A4: CDFs of number of leading vendors per chain

Note: Leading vendors per market taken from Table 1.
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Figure A5: CDFs of system share for system-dominant vendor

Note: Each panel shows the CDFs of a particular vendor’s system share among all the systems

where this vendor is the dominant vendor, that is, has the highest system share.
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Figure A6: Example of outside associated markets in the data

Note: Each patch represents a local market. The focal hospital is located in Florida, represented

by a star in the subfigure. The subfigure shows the area after zooming in on the focal market in the

map.
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Figure A7: Example of how to construct instruments for market share

Note: Each square stands for a hospital. There are three markets: m1, m2, and m3. Hospital A1 is

the focal hospital. Hospital B1 belongs to chain B, the rest of whose members, {B2,B3,B4,B5},

are located in markets m2 and m3.
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Table A1: Adoption and switching rates (%)

Adoption rate Switching rate

Stand-alone Affiliated Stand-alone Affiliated

2005 33.0 48.5 1.1 4.3
2006 40.3 57.2 2.0 4.4
2007 60.5 70.6 3.3 4.7
2008 70.0 79.2 3.7 7.1
2009 76.8 89.9 3.7 6.6
2010 79.7 92.7 4.8 8.0
2011 84.3 94.2 4.8 8.1
2012 88.2 94.8 5.3 9.4
2013 91.6 96.6 5.5 9.6
2014 95.6 98.4 5.2 10.3
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Table A2: Summary of key variables—IV sample

Hospital characteristics
2005 2006 2007 2008 2009 2010 2011 2012 2013 2014

# outside associated mar-
kets per hospital

3.2 3.5 3.6 3.8 3.8 3.6 3.6 3.4 3.5 3.4

% whose chosen vendor is
system-dominant

37.5 48.1 57.1 62 67.7 68.3 69.3 72.5 75.8 73.6

% whose chosen vendor is
market-dominant

22.2 28 31.6 33.4 33.5 36.3 37.2 37.1 36.6 42.1

% ever not-for-profit hospi-
tals

63.9 62.8 64.2 65.3 65.5 65.8 66.1 66.2 67.2 68.1

% ever teaching hospitals 10.2 9.9 9.9 9.7 9.6 10.1 10.1 9.9 10 10.1
# beds 245 244 245 245 246 247 248 247 247 247
% affiliated subacute care
facilities in the same market

36.1 35.4 35.8 37.9 37.4 35.7 36.1 35.3 32.9 33.5

% affiliated ambulatory care
facilities in the same market

40.9 40.4 41.5 42.5 41.8 41.1 40.3 38.6 37.1 36.6

# acquired hospitals 18 30 36 32 28 33 49 43 136 81

Total # affiliated hospitals 1,327 1,347 1,343 1,385 1,410 1,330 1,350 1,445 1,531 1,548

Chain characteristics
2005 2006 2007 2008 2009 2010 2011 2012 2013 2014

# affiliated hospitals 7 7 6.9 7 7.2 7.3 7.4 7.6 7.6 7.8
# beds 1,503 1,493 1,473 1,493 1,507 1,553 1,578 1,628 1,621 1,673
# markets 4.4 4.3 4.2 4.3 4.4 4.5 4.5 4.6 4.6 4.7
# leading vendors 0.9 1 1.2 1.3 1.4 1.5 1.5 1.5 1.6 1.6
# ambulatory care facilities 32 33 34 36 38 42 48 52 71 84
# subacute care facilities 5.9 5.6 6.1 5.4 4.6 4.3 5 5.3 5.5 5.5
% acquiring systems 5.3 9.6 9.7 10.8 11 12.6 13.1 15 14 15.8

Total # chains 301 303 309 306 309 294 290 294 314 310

Market characteristics
2005 2006 2007 2008 2009 2010 2011 2012 2013 2014

# stand-alone hospitals 3.1 3.1 3.1 3 2.9 2.7 2.7 2.6 2.5 2.4
# affiliated hospitals 6.4 6.4 6.4 6.6 6.4 6.6 6.6 6.6 6.4 6.5
# leading vendors 1.8 2.1 2.6 2.9 3.2 3.3 3.4 3.5 3.5 3.5
# chains 3.7 3.8 3.7 3.8 3.7 3.7 3.7 3.7 3.7 3.7
Population over 65 91,331 91,271 92,918 97,032 95,426 99,499 102,427 107,073 105,249 110,169
HHI 0.27 0.28 0.28 0.28 0.29 0.29 0.29 0.29 0.3 0.3

Total # markets 242 242 243 244 255 237 240 252 279 278
Note: Table reports the mean value of statistics over the years 2005-2014.
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Table A3: Effect from share variables, conditional on adoption/switching

Without EMRs With EMRs

All IV sample All IV sample

Logit Logit CF Logit Logit CF

System share 3.270∗∗∗ 3.129∗∗∗ 3.122∗∗∗ 3.912∗∗∗ 3.695∗∗∗ 3.694∗∗∗

(0.224) (0.284) (0.150) (0.275) (0.341) (0.232)

Market share 0.552∗∗∗ 0.686∗∗ -0.751 0.244 0.255 1.825∗∗

(0.192) (0.328) (1.008) (0.228) (0.438) (0.895)

MEs (%): System share 25.0∗∗∗ 23.9∗∗∗ 23.9∗∗∗ 32.3∗∗∗ 30.5∗∗∗ 30.5∗∗∗

(1.71) (2.17) (1.14) (2.28) (2.82) (1.92)
MEs (%): Market share 4.22∗∗∗ 5.24∗∗ -5.74 2.02 2.10 15.1∗∗

(1.47) (2.50) (7.70) (1.89) (3.62) (7.40)

N 15,132 7,764 7,764 20,394 11,022 11,022
Pseudo R2 0.377 0.386 0.389 0.426 0.459 0.460
P-value for joint 0.0116 0.183
significance of êmkt

Note: Unit of observation is hospital/year. Analysis based on hospital-year observations with adop-
tion/switching decisions, excluding the option of the current choice for the hospital. Other regressors include
the not-for-profit indicator, market-category effects, vendor-specific time trends, vendor fixed effects, and
vendor dummies interacting with the following controls: bed size, number of member hospitals, teaching
hospital indicator, HHI, and the elderly population at the market level. Standard errors in parentheses. Stan-
dard errors clustered at the chain level for logit regressions and bootstrapped standard errors (based on 50
replications) for the CF approach
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table A4: Effect from share variables that are adjusted by bed size
Without EMRs With EMRs

All IV sample All IV sample

Logit Logit CF Logit Logit CF

System share 2.615∗∗∗ 2.457∗∗∗ 2.458∗∗∗ 1.593∗∗∗ 1.572∗∗∗ 1.552∗∗∗

(0.175) (0.214) (0.212) (0.121) (0.137) (0.0573)

Market share 0.358∗∗ 0.466∗ -1.614 -0.0857 -0.242 1.110∗∗∗

(0.156) (0.258) (1.121) (0.114) (0.190) (0.384)

Chosen previously 4.068∗∗∗ 4.084∗∗∗ 4.070∗∗∗

(0.0925) (0.105) (0.0630)

MEs (%): System share 18.6∗∗∗ 17.4∗∗∗ 17.5∗∗∗ 12.2∗∗∗ 12.0∗∗∗ 11.9∗∗∗

(1.24) (1.52) (1.51) (0.922) (1.04) (0.438)
MEs (%): Market share 2.54∗∗ 3.31∗ -11.5 -0.655 -1.85 8.48∗∗∗

(1.11) (1.83) (7.96) (0.873) (1.45) (2.93)

N 57,239 29,146 29,146 251,940 141,744 141,744
Pseudo R2 0.608 0.598 0.599 0.839 0.849 0.846
P-value for joint 0.0714 0.00219
significance of êmkt

Note: Unit of observation is hospital/year. Other regressors include the not-for-profit indicator, market-
category effects, vendor-specific time trends, vendor fixed effects, and vendor dummies interacting with the
following controls: bed size, number of member hospitals, teaching hospital indicator, HHI, and the elderly
population at the market level. Standard errors in parentheses. Standard errors clustered at the chain level for
logit regressions and bootstrapped standard errors (based on 50 replications) for the CF approach.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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