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Abstract. Technology implementation at the individual level within an organization, after
the organization has adopted the technology, has been an ongoing challenge in every field.
In this study, we develop a hierarchical Bayesian learning model to examine the impact of
social learning, through both targeted early adopter effects and general peer effects, and
experiential learning on the information technology implementation process by physi-
cians in a community health system. Our unique data allow us to disentangle the most
common and challenging endogeneity issues associated with most social influence stud-
ies. We find that the experiential learning signal is more accurate than the social learning
signals in the technology implementation process; and, between the two types of social
learning signals studied here, targeted early adopter effects are much more informative
than general peer effects. Furthermore, we experiment with several policy simulations
to illustrate and quantify the two different types of social influence on this implementa-
tion process. The simulation results suggest that maintaining consistency in technology
usage by targeted early adopters is more effective than increasing the frequency of their
technology usage in reducing their colleagues’ perceptions of uncertainty about the new
technology. More specifically, we find that technology implementation probability would
increase: (a) by 15%, on average, by adding a targeted early adopter to a group without
early adopters; (b) by 25% by adding peer effects to solo users; and (c) by 47% by adding
early adopter effects to solo users. The model can be adapted and generalized to other
similar settings that examine social influence on the technology implementation process
and also provide quantifiable measures of the improvements that the interventions may
produce.

History: Sanjeev Dewan, Senior Editor; Anjana Susarla, Associate Editor.

Keywords: information technology implementation • social influence • early adopter effects • peer effects • social learning • experiential learning
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1. Introduction
Many studies in the information systems (IS) literature
have examined technologyadoptionat theorganization
level (Cooper and Zmud 1990, Armstrong and Sam-
bamurthy 1999, Fichman and Kemerer 1997, Fichman
2000) and information technology (IT) implementation
at the individual level (Morris andVenkatesh 2000, Kim
and Son 2009, Hong and Tam 2006, Yang and Folly
2008, Duan et al. 2008). Fichman and Kemerer (1997,
1999) and Fichman (2000) also found that a key chal-
lenge has been technology assimilation that, despite the
potential benefits of the new technology, many indi-
vidual users may not incorporate the new technology
smoothly into their daily work even after their organi-
zations have deployed the new technology.Mishra et al.
(2012) examined the assimilation of electronic health

record (EHR) systems in physician practices using a
motivation-ability theoretical framework. Diffusion of
innovation studies also pointed out that innovation dif-
fusion within an organization is not a conventional
adoption study, i.e., the decision to use an innovation,
but rather an implementation study, i.e., putting an
innovation into use (Zaltman et al. 1973, Rogers 2003).
Thus, the present study combines these elements to
develop actionable insights on how to promote tech-
nology implementation at the individual level after an
organization has adopted a new technology.

Personal choice on technology adoption and im-
plementation has been a topic of major interest to
both researchers and practitioners in many fields, such
as consumers’ selection of local telephone service/
wireless service in marketing research (Narayanan
et al. 2007, Iyengar et al. 2007), consumers’ adoption
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of electronic service or automated teller machines in
finance (Gowrisankaran and Stavins 2004, Yang and
Ching 2014), physician adoption of different types of
EHR systems in healthcare (Ash et al. 2003, Zheng et al.
2010, Johnson et al. 2014, Sykes et al. 2011, Davidson
and Chismar 2007, Lapointe and Rivard 2007), and
many others. However, healthcare IT has been the vic-
tim of a slow uptake at the individual level, where,
despite a governmental or organizational push, physi-
cians and staff have been slow to come on board and to
implement or assimilate IT in their dailywork formany
reasons (Blumenthal 2009, Angst et al. 2010, Mishra
et al. 2012, Conn 2014). Even if there is marginal adop-
tion/implementation, there is a significant variation
in actual usage (HIMSS 2010). The U.S. government’s
mandates on IT use in provider organizations by offer-
ing subsidies are one approach that has produced some
results (Jamoom et al. 2012). Insurance firms also fol-
low the carrot and stick approach to force a large take-
up of efficient technologies (BCBS 2009). However, use
of financial incentives is not always possible or effi-
cient, and the actual use of various EHR functionali-
ties, such as public health reporting, is still very low
(Furukawa et al. 2014, 2015; Conn 2014). In the United
States, physicians are deeply ingrained in how they run
their practices, they are quite independent, and many
of them have been providing care delivery in their own
clinics according to their own unique way for a long
time (Emanuel and Pearson 2012). Gaining their accep-
tance for putting into use a new IT can be very chal-
lenging (Fichman et al. 2011). Hence, the present study
explores multiple mechanisms associated with tech-
nology implementation by physicians within a com-
munity health system that includes many independent
clinics.
Firms engage in a variety of mechanisms like educa-

tion, training, incentives, and so on to spur technology
implementation, all with limited success. A key idea
that has gained ground in the past decade is the con-
cept of social influence on individuals’ product adop-
tion or technology implementation process (Nair et al.
2010, Iyengar et al. 2011). The widely cited study on
innovation diffusion by Rogers (2003) states that social
influence provided by early adopters or peers has the
ability to significantly impact the adoption behavior of
the people around them. (Early adopters in the present
study refers to early adopters or implementers at the
individual level, with the terms used interchangeably
with early implementers hereafter.)

Studies have linked differences in EHR use in ambu-
latory care with individual physicians’ perceptions of
uncertainty (Lanham et al. 2014) and have shown that
physicians differ in how they perceive and respond to
uncertainty (Allison et al. 1998, Politi et al. 2011). Draw-
ing on these studies, Rogers’ diffusion of innovation
theory (Rogers 2003), and Bandura’s social learning

theory (1976), we argue that a key reason for the lack
of IT implementation at an individual level in health-
care is the uncertainty surrounding the value of a new
technology. We hypothesize that social influence, by
early adopters and general peers, plays an important
role in reducing this uncertainty during the technology
implementation process.

A key challenge in estimating social influence is
causal identification. Without an exogeneous variation
in the data, it is very hard to causally estimate the
effects of early adopters or peer learning. This is par-
ticularly challenging in a real healthcare setting where
running a randomized experiment is almost impos-
sible. In this study, we use a unique panel data set
obtained from a typical American community health
system to examine the social influence on the tech-
nology implementation process. This data set includes
individual level data of the health system’s physicians’
technology usage behavior over approximately two
years. The physician practices had different numbers
of physicians, and a few of the practices had physi-
cian(s) whowere targeted by the hospitals for adoption
of new mobile technology portals and personal digital
assistants (PDAs). Since the distribution of these early
targeted physicians across practices was random,1 it
allows us to study how the early adopting physicians
influenced the technology adoption of other physi-
cians in their practice. Once we establish the effect
using reduced form specification, we extend the model
and build a hierarchical Bayesian learning model to
elicit the underlyingmechanism of how social influence
impacts the reduction of uncertainty about the qual-
ity of a new technology over time. This is a new per-
spective in the technology implementation field. We
then formulate a Bayesian learning model to quantify
the impact of social influence on physicians’ technol-
ogy implementation process. Our simulation results
show that adding targeted early adopters to a group
practice leads to this practice’s physicians increasing
their technology implementation probability by 15%,
on average, and adding targeted early adopter effects to
solo practitioners, resulting in their average technology
implementation probability increasing by 47%, which
is the most striking result from our model. To a lim-
ited extent, we are also able to estimate general peer
effects and find that adding a peer to a solo practice can
increase the average implementation probability by as
much as 25%.

The rest of the paper is organized as follows. Sec-
tion 2 provides a literature review. Section 3 introduces
the healthcare delivery context and the data used for
this study. Section 4 develops a reduced form model,
followed by a hierarchical Bayesian learning model for
technology implementation applied to this study con-
text. Section 5 discusses the results of multiple policy
simulations and summarizes the insights from these
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experiments. Section 6 concludes with a discussion,
limitations of this study, and future research.

2. Literature Review
Three streams of research are relevant for this study.
The first is on diffusion of innovations (DOIs), drawing
on the work of Rogers (2003); the second is on social
learning theory (Bandura 1976); and the third stream
draws on the literature on physicians’ perceptions of
uncertainty in a complex healthcare delivery system
(Eddy 1984). We apply the Bayesian learning process to
examine and quantify the impact of social influence on
this uncertainty associated with the technology imple-
mentation process.
DOI originated from observing the agricultural in-

novation diffusions in a rural community, such as the
diffusion of a new variety of corn, which then extended
to many kinds of innovation diffusions, such as new
prescription drugs, consumer products, or services.
These observations,methods, and practices have devel-
oped into a mature framework and the theory that
has been validated across domains over the past sev-
eral decades (Rogers 2003). According to Rogers (2003),
innovation diffusion is a process. In the context of a
new technology or a new product introduction, ini-
tially people perceive using the new technology as
uncertain and risky; thus, manymay not adopt the new
technology in the beginning. Instead, they may seek
out others around them who have already adopted
the innovation (the early adopters), whose input may
help to reduce their uncertainty, resulting in subse-
quent adoption. Thus, the innovation will diffuse from
the early adopters to their circle of acquaintances over
time. Rogers (2003) emphasizes two points for such
an adoption process: first, it is a learning process over
time, and second, an adoption behavior does not hap-
pen in an isolatedmanner but via a social system under
social influence. In this context, Zaltman et al. (1973)
distinguished an innovation process occurring within
an organization as an implementation study, not an
adoption study. They argue that the focus of an innova-
tion diffusing within an organization that has already
acquired or adopted the new technology is on encour-
aging employees to put the technology into actual
usage. This is exactly the situation in the present study,
where the health system has adopted and deployed a
new IT that the physicians were expected to use and
incorporate into their daily work. Furthermore, Rogers
(2003) also noted that with increasing use of comput-
erized IT in organizations, digital data can be used
for IT diffusion studies, unlike the survey-based field
studies in traditional diffusion research. Accordingly,
the present study uses panel data of physicians’ tech-
nology usage drawn from the server log files of the
participating health system.

Another stream that is related to DOI and our study
is social learning theory by Bandura (1976) from the
field of psychology. It states that people will mimic the
behavior of others around them with limited need for
verbal communication. This is similar to the concept of
trial opportunity for learning in DOI, which indicates
that during the decision stage of an innovation diffu-
sion, having a trial opportunity is an important way to
cope with the uncertainty about an innovation, where
the trial is either by users themselves or by their peers
(Rogers 2003). Furthermore, Rogers (2003) acknowl-
edged that social learning and DOIs have much in
common. Social learning theory has been applied in
many deviation behavior or criminal behavior studies
(Hamblin et al. 1973, 1979; Kunkel 1977; Pitcher et al.
1978; Akers 1998).

Recent research on the adoption of health informa-
tion technology (HIT) by medical practices indicates
thatHIT adoption bypractices does not necessarily lead
to physicians using HIT (McClellan et al. 2013). Allison
et al. (1998), Gerrity et al. (1990), and Politi et al. (2011)
have demonstrated that physicians differ in their per-
ception and response to uncertainty in a variety of clin-
ical decision settings. Lapointe and Rivard (2005, 2007)
also showed that physicians had varied technology
implementation and resistance behaviors to clinical IS
by case studies. The current study aims to examine and
quantify how social influence may reduce physicians’
uncertainty about the new technology, thus improving
EHR use over time using a Bayesian learningmodel.

There aremany empirical studies on social influence,
both peer effects and early adopter effects, on technol-
ogy or product adoption (Nair et al. 2010, Van den
Bulte and Lilien 2001, Iyengar et al. 2011, Lu et al. 2013,
Wattal et al. 2010, Hao and Padman 2016). However,
identifying the social influence on technology adop-
tion or implementation process in an empirical setting
has been extremely challenging due to the difficulty in
identifying peer effects exogenously from the reference
group as Manski (1993) has discussed. Since distribu-
tion of physicians who were targeted for early adop-
tion is essentially random, our data describes a unique
social system that allows us to make causal claims.

While the reduced form models are useful for iden-
tification, they do not always provide insights into
the underlying mechanisms for the individual imple-
mentation process, such as how and why the technol-
ogy usage happens. We construct a structural Bayesian
learning model to explore how the social influence
impacts the technology implementation process and
thus the technology implementationbehavior. Bayesian
learning models have been used to investigate how
advertisements, personal experience, or product price
may assist consumers to solve the uncertainty about
a new product, and impact consumer brand choice
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decision from marketing research (Erdem and Keane
1996, Mehta et al. 2008, Erdem et al. 2008). The sem-
inal paper by Erdem and Keane (1996) assumed that
when a new brand of product came to market, con-
sumerswould beuncertain about the quality of the new
brand, and try to learn about the brand attributes via
various signals arising from the users’ own usage expe-
riences and advertising exposures. When consumers
receive more and more signals, their uncertainty about
the new products would be decreased; thus, they may
learn about the true quality of the new products, which
leads to a product choice decision. However, a general
reduced form logit choice model does not provide this
dynamic insight and merely shows that past consump-
tion experience associates with current brand choice
but not the underlying mechanism of how. The present
study develops a Bayesian learning model to examine
how the social learning signals and experiential signals
would assist physicians to reduce their uncertainty of
the new technology; thus, they could learn about the
quality of the new technology, and then they would
adoptor implement thenewtechnology into theirwork.
Many empirical studies have used Bayesian learning

models in marketing and prescription drug adoption
(Narayanan et al. 2005, Ching and Ishihara 2010). How-
ever, none of these studies has incorporated or exam-
ined how social influence impact consumers’ uncer-
tainty in this learning process, which is the focus of the
present study.

3. Study Context and Data
The study site is a community-based healthcare sys-
tem located in southwestern Pennsylvania. In part-
nership with about 250 physicians and nearly 4,000
other medical staff and employees, the health system
offers a broad range of medical, diagnostic, and surgi-
cal services at many medical practices and two major
hospital campuses with over 500 beds, spread over a
large geographic area. In June 2006, the health sys-
tem deployed a mobile clinical access portal (MCAP),
which is a secure, wireless, client-server solution pro-
viding physicians with online clinical data access from
PDAs via aWi-Fi connection. Physicianswere provided
the PDAs free of charge and were able to use them
to access MCAP anywhere, anytime, at their conve-
nience, such as in the office, at home, orwhile traveling.
Physicians’ use of MCAP was completely voluntary
and optional to the health system’s desktop electronic
medical records (EMR) system, with no requirements
or incentives for using it. All MCAP applications were
accessed via menu clicks and were extremely easy to
use, such as looking up patient demographics, search-
ing for a patient, prescribing medications, ordering
labs, checking lab results, etc. No complicated inputs
or diagnostic features were available on this hand-
held device. Thus, we assume that use of the MCAP
application over time primarily reflects physicians’

personal preferences, based on the utility associated
with using it.

The chief information officer (CIO) and technical
staff of the community health system provided four
data sets: (1) individual-level demographic data on
250 physicians; (2) data on physician practice group
formation, i.e., which physicians practiced together
in a medical group practice; (3) data on physicians’
MCAP usage over 22 months from the MCAP sys-
tem server’s log file, extracted by the technical person-
nel; and (4) data on the volume of physician-patient
encounters over 21 months in 4 categories—inpatient,
outpatient, emergency, and office visits, also extracted
from the server log files. Of the 250 physicians, 58 had
missing demographic information or missing patient
visit information; hence, it was necessary to exclude
them, leaving data on 192 physicians in the merged
file for the analysis reported in this study. Since almost
23% (58 out of 250) of the physicians were dropped
because of incomplete data, we performed a series of
t-tests for bias check. None of the checks raised any
statistical concerns.

3.1. Important Concepts and Variables
The present study focuses on examining the impact
of social influence on IT implementation within an
organization; hence, understanding the organization’s
social structure and how to construct the peer group is
critical for identifying the social influence.

First, the social structure of this community health
system is typical of the healthcare delivery setting in
the United States, with many medical practices spread
throughout the community, and they are physically
and financially autonomous and independent entities.
With clinics located quite far from one another, differ-
ent group practices do not generally have interactions
with each other, and opportunities for cross group con-
nections are very limited. The health system does have
a staff meeting each month, but the attendance rate by
physicians is always quite low according to the admin-
istrators, thus potentially limiting the influence of other
practices and physicians on a given clinic.

We identified targeted early adopters based on em-
pirical data on those physicians who were given the
earliest access to the new technology and implemented
immediately thereafter. More specifically, after the
health system adopted MCAP, those physicians who
had encouraged the health system to adopt the new
technology also expressed enthusiasm about trying it.
Thus, they were given access to the PDA as the first
users of the MCAP. Within the first two months of
receiving the PDAs, their usage pattern indicated that
they were not only enthusiastic but also were early
implementers. Hence, we define them as the targeted
early adopters.

The remaining physicians in the health system re-
ceived the PDAs gradually over time after the third



Hao et al.: Social Influence on the IT Implementation Process by Physicians
Information Systems Research, 2018, vol. 29, no. 1, pp. 25–41, ©2018 INFORMS 29

Table 1. Two Sample t-Tests for Differences in Demographic Distributions Between Early Implementer and Nonearly
Implementer Groups

Total no. of physicians % Male % Age ≤ 45 % Age 46–55 % Age ≥ 56 % General practice

Nonearly implementer group 86 0.78 0.31 0.47 0.22 0.42
Early implementer group 34 0.79 0.44 0.29 0.26 0.68
Difference −0.01 −0.13 0.18 −0.04 −0.26
Pooled equal t-test −0.18 −1.32 1.72 −0.51 −2.6

month. There was no clear timeline or deployment
plan for when to give the PDAs to which physicians.
Generally, this deployment process was a little random
based on physicians’ interest or technical staff’s sched-
ule, resulting in an unbalanced panel data of MCAP
usage.
Second, the peer group formation and how the tar-

geted early adopters are distributed across groups are
critical to disentangle social influence from endogene-
ity effects. We empirically examined that there is no
indication that the targeted early adopters are strategi-
cally distributed across group practices, because there
is no association with gender, age, or medical specialty
distribution, as shown in Table 1. In particular, physi-
cians’ choice of practice group is uncorrelated with the
group’s mobile technology preference or the presence
of a targeted early adopter in the group because the
majority of group practices were formed a long time
ago, much earlier than the implementation of MCAP.
Also, the practice group formation is based on physi-
cians’ medical specialties and the size of each group
is based on market demand, not on physicians’ prefer-
ences or knowledge regarding IT or interests in MCAP.
Therefore, we believe that when a physician chooses a
group practice, technology use (such as MCAP) is not
a criterion for making this choice. In short, it is highly
unlikely that a group practice will be formed on the
basis of mutual technology affinity among physicians,
which is a critical endogeneity issue that most social
influence studies are concerned about (Manski 1993).

Third, another important concept for this research
is the definition of technology implementation at the
individual level, after an organization has adopted the
technology (Zaltman et al. 1973; Van de Ven et al. 1989,
1999). Much research exists on technology adoption
behavior using observational data that defines “the use
or purchase of a new technology/product one time” as
the adoption indicator (Erdem and Keane 1996, Mehta
et al. 2008, Coleman et al. 1966), or conducting a sur-
vey to ask users questions on adoption or intention to
adopt (Agarwal and Prasad 1997, Venkatesh 2000). In
this way, we argue that the definition of technology
implementation should depend on the user and tech-
nology context.

We define technology implementation in a sustain-
able way since many information technologies are ser-
vices with anticipated long-term and repeated use,

not one-time use or one-time purchase, such as online
banking, a mobile app, or a teaching service website
such as a Blackboard system. Hence, any user has to
use the new technology, MCAP, a certain number of
times within a given time period to be called imple-
mented. Discussions with the health system adminis-
trators and conducting many exploratory trials from
25 times per month to 40 times per month helped
us determine that 30 times per month was a reason-
able threshold value for the implementation variable.
Within a range of 25 to 40 times per month of usage,
the number of users who implemented the technology
(the dependent variable) does not change too much,
and the model results are quite robust. Note that this
quantitative definition of technology implementation
can be varied across different technologies and differ-
ent organizations.

Furthermore, this study only examines the physi-
cians’ behavior up to the timewhen their usage reached
30 times in a month or reached the initial implementa-
tion threshold. Behavior after this initial implementa-
tion thresholdwill be considered long-term implemen-
tation behavior, which deserves a separate study and is
beyond the scope of this paper.

3.2. Descriptive Statistics
For better data analysis and interpretability of results,
we divided the 30 clinical specialty areas into two
categories to examine and control for how medical
specialty areas may affect physicians’ implementation
of MCAP. The two categories are general practition-
ers, which include physicians from internal medicine,
family practice, and pediatrics, and specialists, which
include physicians from the remaining specialty areas.
In addition, given the age range of this physician popu-
lation, age is less likely to have a linear impact on tech-
nology implementation behavior; hence, we grouped
the physicians into three reasonably evenly distributed,
nominal age cohorts: under 45 years of age, between 46
and 55 years of age, and above 56 years of age for the
data analysis, similar to other studies in the literature
(Cooper et al. 2012). Empirical tests indicate no signifi-
cant impact when age grouping changes marginally.

Tables 2 and 3 show the descriptive statistics for
18 targeted early adopters and 171 remaining physi-
cians who practice in groups (after removing three solo
practice targeted early implementers and individual
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Table 2. Descriptive Statistics for 171 Physician Users (No Targeted Early Adopters)

Variable Mean Std. dev. Min. Max.

Total implementation rate 66% (113) Total number of users 171
Implementation rate by solo users 56% (29) Number of solo users 51
Implementation rate by users in nontargeted early adopter group 63% (55) Number of users in non-targeted early adopter group 88
Implementation rate by users in targeted early adopter group 90% (29) Number of users in targeted early adopter group 32
Male 78% N/A 0 1
Age 50 9.8 30 78
Age 45 years and under 34.5% N/A 0 1
Age between 46 and 55 years 35.7% N/A 0 1
Age 56 years and above 29.8% N/A 0 1
General practitioner 45% N/A 0 1
Group size 3.4 3 1 12
Total months of MCAP usage 15 5.2 1 20
Total MCAP use 796 1,857 1 13,438
A physician’s average monthly MCAP use 36 84 0.05 611
A physician’s average monthly inpatient visits 42 40 0 177
A physician’s average monthly outpatient visits 444 514 0 2,153
A physician’s average monthly physician office visits 355 435 0 2,170
A physician’s average monthly emergency visits 45 95 0 601

Table 3. Descriptive Statistics for 18 Targeted Early Adopters Who Practice in Groups

Variable Mean Std. dev. Min. Max.

Implementation rate 100% (18) N/A 1 1
Male 89% (16) N/A 0 1
Age 49.5 6.69 39 60
Age 45 years and under 33% (6) N/A 0 1
Age between 46 and 55 years 50% (9) N/A 0 1
Age 56 years and above 16% (3) N/A 0 1
Group size 4.1 2.25 2 12
General practitioner 78% (14) N/A 0 1
Total MCAP use 5,655 8,372 196 35,027
Total months used 15 5 1 20
A physician’s average monthly MCAP use 257 380 9 1,592
A physician’s average monthly inpatient visits 91 46 25 170
A physician’s average monthly outpatient visits 1,149 736 36 2,584
A physician’s average monthly physician office visits 706 589 1 1,998
A physician’s average monthly emergency visits 69 49 0 184

physicians with missing demographic data), respec-
tively. Based on those two tables, we observe that
the physicians working in groups with targeted early
adopters have a higher implementation rate (90%) than
physicians working in groups without targeted early
adopters (63%), and a higher rate than solo practice
physicians (56%). It is also important to note that all
of the targeted early adopters in this study reached
the implementation threshold. Almost 90% of targeted
early adopters are male and have a higher average use
of MCAP and a higher average monthly volume of
patient visits in every category.

4. Model
4.1. Baseline Model
First, we construct a reduced form model to exam-
ine evidence on targeted early adopter effects on tech-
nology implementation. We specify the implementa-
tion decision as a function of physicians’ demographic

characteristics, being in solo practice or group prac-
tice, the presence or absence of an early adopter in the
group, and the four types of patient visit volume. The
proposed model is as follows:

logit(Yi)
� β0 + β1Soloi + β2Early_Groupi + β3Malei

+ β4Age_45i + β5Age_55i + β6General_Practicei

+ β7InPt_vi + β8OutPt_vi + β9PhyOff_vi

+ β10Emergency_vi + εi . (1)

Yi is a binary variable, and Yi equals 1 if physician
i implemented the new technology during the first
two years of the technology implementation, and 0
otherwise. Although our study focuses on targeted
early adopter effects, we also note that some physi-
cians are solo practitioners. Solo is 1 if physician i prac-
tices alone and 0 otherwise. Early_Groupi is an indicator
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variable recording that physician i is in a group prac-
tice, which includes a targeted early adopter(s). Male,
Age_45, Age_55, and General_Practice are the indicator
variables for gender, age under 45 years, age between
45 years and 55 years, and being a general practitioner.
There are also four types of patient visit volume in the
model, such as inpatient visit, outpatient visit, physi-
cian office visit, and emergency visit, which are prox-
ies for physician i’s working environment and working
load; we use the average monthly patient visit vol-
ume for each type in model (1). Error term εi includes
all of the unobserved random effects. Conventionally,
we assume εi follows a Gumbel distribution or type I
extreme value distribution; thus, Model (1) can be esti-
mated by logistic regression.
From the logistic regression results in Table 4, we

observe that being in a targeted early adopter group
has a statistically significant impact on implementation
behavior. That is, if a physician practices in a group
with a targeted early adopter, the physician will be
about five times more likely to implement the MCAP
in work than a physician practicing in a group with-
out a targeted early adopter. Since all of the targeted
early adopters implementedMCAP in their work in the
first two months after they received the PDA, this indi-
cates that targeted early adopter effects are positive.
Solo practitioners seem to be less likely to implement
the new technology compared to the physicians prac-
ticing in a groupwithout targeted early adopters, but it
is not statistically significant. Other demographic vari-
ables and patient visit volume variables in the model
are not statistically significant either.

Although the logit regression model shows that tar-
geted early adopters’ presence has a positive effect on
physician’s technology implementation, the dynamic

Table 4. Logistic Regression Result for Targeted Early Adopter Effects on Technology
Implementation

Dependent� Implementation Odds ratio 95% Wald confidence limit

Solo users 0.985 0.431 2.248
Users in targeted early adopter groups 4.963∗ 1.325 18.591
Male 2.204 0.881 5.516
Age under 45 years old 1.815 0.733 4.492
Age between 46 and 55 years old 1.294 0.556 3.014
General practitioner 1.359 0.568 3.253
A physician’s average monthly inpatient visit 0.997 0.982 1.012
A physician’s average monthly outpatient visit 1.000 0.999 1.002
A physician’s average monthly physician office visit 1.000 0.999 1.001
A physician’s average monthly emergency patient visit 0.998 0.994 1.003

−2 log L 200.063
AIC 222.063

Model fit statistics Pseudo-R square 0.1051

Notes. The data size for this regression is N � 171. The practice group reference is solo practice physi-
cians; the age reference group is the 56 years and older group.
∗Statistically significant at 5%.

implementation process over time is still an unknown
black box. Thus, we develop a new model to further
explore the underlying mechanism of this black box in
Section 4.2.

4.2. A Choice Model with Learning
Intuitively, a rational person’s decision to use a new
technology depends on the utility of the technology,
and the utility of the technology depends on the quality
of the technology (Erdem and Keane 1996, Roberts and
Urban 1988).

However, the true quality of a new technology is not
observable. We assume that a technology or a prod-
uct has a true quality, α, which is unobservable but
does exist. Furthermore, through direct experience or
secondhand experience, users can obtain more infor-
mation about the technology and learn about the true
quality of the technology over time. Since users can-
not acquire the true quality immediately, we let Ait
denote the experienced quality of the new technology
that is perceived by user i at time period t. The expe-
rienced quality, Ait , of the new technology has some
variability, or randomness, around the true quality for
a couple of reasons. First, the technology itself may
have hardware or software quality issues with imper-
fect attributes, leading to variability or random shock.
Second, users’ subjective feelings about using the new
technology may not be exactly the same each time they
use it, and some random shocks may exist also. There-
fore, the experienced quality, Ait , is a random variable
around the true quality of the new technology, α, with
the noisy variance σ2

it (the construction of this noisy
variance will be shown in Section 4.3).

Following Erdem and Keane (1996), we assume the
utility of using this new technology can be approxi-
mated by a quadratic functional form of technology’s
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experienced quality. More specifically, we assume a
physician user i’s utility function at time period t for
using a new technology can be expressed as follows:

Uit � Ait − ri ·A2
it + β1 · In_Pit + β2 ·Out_Pit

+ β3 ·Phy_Pit + β4 ·Em_Pit + εit , (2)

where Ait is the experienced quality of the new tech-
nology perceived by physician user i at time period t.
The coefficient of its squared term, ri , is the risk coeffi-
cient for physician i, and its sign will be estimated by
the data. In thisModel (2) structure, a preassigned neg-
ative sign in front of the r means that if the estimated
ri is positive, then the physician i is risk averse, and if
negative, then risk seeking. The real sign of ri is inde-
pendent of whichwaywe structure theModel (2). Vari-
ables In_P,Out_P, Phy_P, and Em_P are the number of
inpatient visits, outpatient visits, physician office vis-
its, and emergency visits of physician i at time period t,
and β’s are their coefficients, respectively. We include
these variables to take into account the physicians’
work environment and workload, which may affect the
user’s utility as well. The εit is a random shock known
only to the user.
The expected utility to user i from using the new

technology at time period t is

E[Uit]� E[Ait] − ri · (E[Ait])2 − ri · σ2
it + β1 · In_Pit

+ β2 ·Out_Pit + β3 ·Phy_Pit + β4 ·Em_Pit + εit .
(3)

Again, if ri > 0, the technology utility will be concave
in Ait , or users will be risk averse; if ri < 0, then the
technology utility will be convex, and users will be
risk seeking; if ri � 0, then the utility function will be
reduced to a linear form (which is usually unrealis-
tic). Thus, our model allows users to make the usage
decision based on their utility with regard to the new
technology as well as the user’s risk attitude.
However, the critical point of model (3) is how to

formulate the experienced technology quality, Ait , as
a time varying variable, which also can incorporate
users’ dynamic learning process over time.

4.3. Experiential Learning and Social Learning via
a Bayesian Learning Process

4.3.1. Bayesian Learning Process. We assume that
users are Bayesian learners, not memoryless. Hence,
eliciting the experienced technology quality by physi-
cians canbe formulatedvia aBayesian learningprocess.
A Bayesian learning process assumes that the true

quality value, α, of a new technology or a product
is unlikely to be known at the beginning of its avail-
ability, resulting in user’s uncertainty regarding the
technology’s value (Erdem and Keane 1996). However,
users can learn, via a Bayesian updating mechanism,

about the true quality of this new technology over time
through exposure to various signals, thus reducing the
uncertainty about the quality. Usually, when a user is
introduced to a new technology, before using it, she
may have some general expectation about the value or
the “quality” of this new technology, which is called
prior belief. Then, as time goes by, the user may learn
more about the new technology via various informa-
tion sources, or signals, at a certain time period (time
period t), and will update the user’s prior belief about
the technology’s quality to a new level based on those
signals; this new level is referred to as the posterior
belief. This posterior belief at the end of time period t
will be a prior belief for the next time period t+1. Thus,
this learning-updating-learning cycle can be repeated
again and again. Over time, while the total noisy vari-
ance keeps decreasing, the user’s belief about the new
technology quality will converge to the true “qual-
ity value,” α. Also, the time effect of Bayesian learn-
ing is naturally built into the user’s perception of the
new technology. Conceptually, this Bayesian learning
process is also consistent with Rogers’ framework of
innovation diffusion theory that technology adoption
starts from early adopters to others in a social network
(Rogers 2003).

Based on the above concept, we formulate the Bayes-
ian learning process mathematically as follows. At the
beginning of period 1, all users start with a prior belief
about the quality of the new technology, A0, which is
normally distributed with mean α0 and variance σ2

0

Prior: A0 ∼N(α0 , σ
2
0). (4)

Over subsequent time periods t (t � 1, 2, . . . , n), user i
receives one or more signals about the quality of the
new technology. In the present research context, we
assume that users can update their belief based on
experiential learning signals from their personal expo-
sure to the technology and social learning signals from
observing the technology usage behavior of the tar-
geted early adopters and general peers.We assume that
targeted early adopters and general peersmay have dif-
ferent impacts on physicians’ learning, but the reality
depends on the model result, which is also our study
focus. Specifically, the three signals are as follows:
an intrinsic signal 1 (experiential learning effects),
Sit1; an extrinsic signal 2 (general peer effects), Sit2;
and another extrinsic signal 3 (targeted early adopter
effects) for user i at time period t. All these signals
provide some noisy information around the true qual-
ity, α, with random errors, Qit1, Qit2, and Qit3, respec-
tively (as modeled in (5), (5’), and (5”). To simplify the
Bayesian updating mechanism, we also assume that
all three noise categories follow normal distributions
with mean zero and variances σ2

ς1, σ2
ς2, and σ2

ς3 from
experiential learning, peer effect learning, and targeted
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early adopter effect learning, respectively, which reflect
the fact that the signals around the product quality
of a user’s experience are not precise. Hence, users’
perceived quality distributions mixed with the sig-
nals around the true quality value, α, are denoted as
shown in (6), (6’), and (6”)

Noise 1 distribution: Qit1 ∼N(0, σ2
ς1), (5)

Signal 1: Sit1 � α+Qit1 , Sit1 ∼N(α, σ2
ς1),

(6)
Noise 2 distribution: Qit2 ∼N(0, σ2

ς2), (5’)
Signal 2: Sit2 � α+Qit2 , Sit2 ∼N(α, σ2

ς2),
(6’)

Noise 3 distribution: Qit3 ∼N(0, σ2
ς3), (5”)

Signal 3: Sit3 � α+Qit3 , Sit3 ∼N(α, σ2
ς3).
(6”)

Since both the prior belief (4) and the signals ((5), (5’),
and (5”)) follow normal distributions, the posterior
belief of the quality of this new technology at the end
of time period t, Ait , is also normally distributed with
a mean αit and variance σ2

i1 (DeGroot 1970), as shown
in (7)–(9)

Ait ∼N(αitσ
2
i1), (7)

αit � αi , t−1 +Dit1 · βit1(Sit1 − αi , t−1)
+Dit2 · βit2(Sit2 − αi , t−1)+Dit3 · βit3(Sit3 − αi , t−1)

with βit1 �
σ2

it

σ2
it + σ

2
ς1
, βit2 �

σ2
it

σ2
it + σ

2
ς2
,

and βit3 �
σ2

it

σ2
it + σ

2
ς3
,

(8)

σ2
it � 1 ·

(
1
σ2

0
+

∑t
τ�1 Diτ1

σ2
ς1

+

∑t
τ�1 Diτ2

σ2
ς2

+

∑t
τ�1 Diτ3

σ2
ς3

)−1

.

(9)
Here Dit1 is an indicator of how many instances of
signal 1 a user actually received. If user i received n
instances of signal 1 at time period t, then Dit1 will be
n (n � 1, 2, . . .). Otherwise, Dit1 will be 0, and the mean
of prior belief and the variance of the prior belief will
not be updated for the corresponding terms as Equa-
tions (8) and (9) show. The same logic applies to Dit2
and Dit3. The posterior information for time period t,
as models (7)–(9) show, is also the prior information
for time period t + 1. The same Bayesian mechanism
can be iterated repeatedly until convergence to the true
value of quality. Over an extended number of periods,
the noisy variance, or the uncertainty about the quality
of the new technology, will reduce to zero, and the user
will get to understand the true quality.
A user’s previous month’s usage is assumed to be

a proxy for the experiential learning signal, indicat-
ing how many experiential learning signals the user
receives. That is, if a user tries the PDA a few times in a
previous time period, then those experiential learning

signals will assist her to learn about MCAP via her
own experience, which may affect her perception of
the quality of the new technology, thus affecting usage
in the current time period. Furthermore, in addition
to experiential learning, a physician user also learns
about the new technology through social learning,
observing their social peers’ technology usage if they
have any, which we call social learning effects. We
assume that the instances of social learning signal from
targeted early adopters can be represented by the total
number of times the technology was used by the tar-
geted early adopters in the same time period. Finally,
to avoid an endogeneity issue associated with peers’
usage, we assume that the previous month’s technol-
ogy usage by peer physicians is the proxy for the peer
effect signal, as a previous study did (Sorensen 2006).
Targeted early adopters are exogenous, so we do not
have the endogenous issue.
4.3.2. User Heterogeneity. Building on the research
associating physicians’ perceptions regarding uncer-
tainty and risk to EHR use (Lanham et al. 2014), we
expect users’ attitudes to risk to vary across users.
We allow the risk coefficient, ri , to be explained by a
combination of the observed individual demographic
characteristics and the unobserved individual hetero-
geneity across users. More specifically, we introduce
individual-level risk perception into the model with a
hierarchical Bayesian structure (Rossi et al. 2006), as
shown below

ri � ∂i + δ1 ·Malei + δ2 ·Agei

+ δ3 ·General Practitioneri + ei . (10)

The demographic variables such as gender/male, age,
and general practitioner capture the observable risk
perception. If the estimated δ1 is positive, it means
that male physicians are more risk averse than female
physicians (becausewe constructed risk aversion as the
default in the utility function). The intercept, ∂i is esti-
mated for physician i, which captures the unobserved
heterogeneity of each physician.

For estimation simplicity, the random shock εit , in
model (3) is assumed to follow i.i.d. Gumbel distribu-
tion. Thus, the choice probability for implementing the
new technology (or using up to 30 times in a month)
for user i at time t is a typical logit function of the form

Pit �
eE[Uit ]

1+ eE[Uit ]
. (11)

Based on Equation (11), a Bayesian estimation algo-
rithm is used to estimate this Bayesian learning model,
incorporating a demographic heterogeneous risk coef-
ficient.

4.4. Empirical Results
4.4.1. Bayesian Estimation. Identification and estima-
tion issues in the evolution of learning parameters
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in a Bayesian learning model have been challenging
because of its different perspective from conventional
regression models (Erdem and Keane 1996, Narayanan
et al. 2005, Erdem et al. 2008). From a pure Bayesian
conjugate family of distributions’ perspective, as long
as the total number of learning time periods is large
enough, or users receive enough learning signals,
regardless of the initial values of the prior distribution,
the posterior distribution will converge to the true dis-
tribution (DeGroot 1970).
We estimate the parameters of the Bayesian learning

model, with a hierarchical structure for users’ risk coef-
ficients, using a Markov Chain Monte Carlo method
(Gelman et al. 2004, Rossi et al. 2006), differentiating
this study from prior research from a methodologi-
cal perspective. The Bayesian estimation procedure is
executed for 20,000 iterations, and the first 10,000 iter-
ations are regarded as the burn-in period. For generat-
ing the posterior distributions, we use 20 as the thin-
ning interval. The upper graph in Figure 1 displays
the rejection rate of theMetropolis–Hastings algorithm
(Rossi et al. 2006). Every 20th draw is retained for anal-
ysis. The rejection rate gets stable and within a rea-
sonable range as Figure 1 shows. The lower graph in
Figure 1 displays the log likelihood values of the data
evaluated at posterior draws of individual level esti-
mates, where every 20th draw is again retained for
analysis.
4.4.2. Parameter Estimates. Table 5 presents the aver-
age posterior means and posterior standard deviations
for the estimated parameters of the Bayesian learn-
ing model. These parameters include the experiential
learning variance (σ2

ς1), the peer effect variance (σ2
ς2),

the targeted early adopter effect variance (σ2
ς3), the

Figure 1. (Color online) MCMC Estimation of Hierarchical
Bayesian Learning Model

mean quality of the new MCAP technology (α), the
heterogeneous risk coefficient (ri) with demographic
characteristics at the individual level, and the covari-
ance for random effects ri (Vβ). First, we see that the
experiential learning effect signal variance is the small-
est or themost accurate signal, followed by the targeted
early adopter effect signal, then the peer effect signal.
This result is consistent with our expectation because
people generally trust their own experiences (experien-
tial learning) more than the signals from others, either
general peers or targeted early adopters. Furthermore,
our model result shows that between the targeted early
adopters’ signals and general peer colleagues’ signals,
people are more likely to trust targeted early adopters’
signals than general peer colleagues’ signals, which
is also consistent with our expectation and literature
regarding targeted early adopters; people seek advice
from early adopters (Rogers 2003). Note that all signal
variance parameters are values relative to the initial
variance, and the absolute values do not have literal
meanings but only ordinal meaning.

Outpatient visit and physician office visit are pos-
itively correlated with the utility of using the new
technology, which indicates that the higher the vol-
ume of patient visits, the more likely the physician
is to implement the new technology. This result may
suggest that the new mobile technology is helpful for
physicians who have many patient visits in those two
clinical settings. Inpatient visit is negatively correlated
with the utility of using the new technology, which
indicates that physicians may use the new technology
less when they see their inpatients, probably because
they are more familiar with their patients who have
had surgery or specific medical procedures by them,
and there is no need to use this mobile PDA to look up
the patient information. Also, the higher the volume of
emergency patient visits, the less likely the physician
is to implement the new technology. This is likely due
to the nature of care delivery in the emergency setting
where patients need physicians’ immediate attention
with physical evaluation and urgent action; thus, there
is limited time to search and review patient data, if the
system has any data about the patient, from the MCAP
system.

There is substantial heterogeneity across individ-
ual users as seen in the risk-aversion coefficient, even
after controlling for demographic variables, which is
consistent with prior studies (Lanham et al. 2014).
Among the demographic groups, male users are less
risk averse than female users, and they more actively
seek to try MCAP. Users in the age group under 45
years are less risk averse than users in the group of
56 years old and above, which is consistent with pre-
vious research that the younger users are more likely
to accept new IT than the older users (Yang and Folly
2008). Also, general practitioners are slightly more risk
averse than specialists in using this new technology,
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Table 5. Estimated Bayesian Learning Model Parameters

Parameter Posterior mean Posterior std. dev.

Experiential learning signal variance σ2
ς1 2.591 11.764

Peer effect signal variance σ2
ς2 40.391 41.296

Targeted early adopter effect signal variance σ2
ς3 20.923 33.615

Technology true mean quality α 2.186 0.173
Physician office visits Phy 0.249 0.133
Inpatient visits Inp −0.261 0.328
Outpatient visits Outp 0.604 0.288
Emergency visits Emp −0.142 0.250
Heterogeneous risk aversion ri 1.307 0.908

Heterogeneous risk coefficient

Intercept 1.690 0.198
Age ≤ 45 −0.320 0.129
Age between 46 and 55 0.130 0.123
General practice 0.002 0.159
Male −0.424 0.127
Covariance Vβ 0.996 0.136
Model fit statistics −log L 345.448

Note. The reference gender group is female; the reference age group is the group with age above 56
years old; the reference group for medical practice is the specialists group.

which is at variance with the results of survey-based
research (McClellan et al. 2013). Still, the largest impact
on the risk coefficient is the intercept, which indicates
thatheterogeneity is strongacrossusers.Thecovariance
of the heterogeneous risk coefficient is also rather sig-
nificant, which is another indicator of the heterogene-
ity across the individual users. To our knowledge, these
results provide the first quantitative evidence of the dif-
ferences in perceptions of uncertainty among physician
users of HIT.

5. Discussion
The hierarchical Bayesian learning model that we have
developed and estimated in this paper provides inter-
esting insights on how experiential learning and social
learning reduceuncertainty associatedwith anew tech-
nology over time. Nominally, the experiential learning
signal is a more accurate signal, but it is always chal-
lenging to encourage the effect of experiential learn-
ing because it requires every physician to use the new
technology. Thus, it is less practical than encouraging
the effect of social learning, which means that we can
first promote the new technology among a group of
physicians, targeted early adopters, to encourage them
to implement the new technology first. Once the tar-
geted early adopters implement the new technology,
theywill influence their colleagues to use the new tech-
nology in a natural setting. In this context, it is use-
ful to understand how much a targeted early adopter
can affect their colleagues’ learning of the new technol-
ogy and their implementation behavior. However, the
Bayesian learning model cannot be interpreted directly
as the coefficientsof conventional regressionmodelsdo,
because either experiential learning effect variance or

social learning effect variance is not observable directly.
Thus, we execute a series of policy simulations based
on the Bayesian learning model to quantify the social
influence, particularly the targeted early adopter effects
and peer effects. A distinct advantage of the structural
Bayesian learning model in comparison to the conven-
tional reduced form model is the ability to exercise
policy simulations (Erdem and Keane 1996) because
Bayesian learning model estimates users’ utility func-
tion, which does not change with the input variables;
thus, the policy simulation results are reliable.

If we look at the Bayesian learning model carefully,
we can see that a user’s Bayesian learning process
about the new technology can be affected by both the
technology use frequency (observable directly) and the
signal variance (not observable directly). Particularly,
the signal variance is a special estimate obtained from
the Bayesian learning model only. Thus, we experi-
ment with a few policy simulations to demonstrate the
impact of social influence on physician users’ technol-
ogy implementation. We simulate how changes in the
targeted early adopters’ (1) technology use frequency
and (2) signal variance may impact users’ technology
implementation probability. Furthermore, we also sim-
ulate the impact of (3) adding targeted early adopter
effects to groups without targeted early adopters, and
(4) adding peer effects or (5) targeted early adopter
effects to solo practitioners on the users’ implementa-
tion probability.

5.1. Policy Simulations and Results
In this section, we examine the above five distinct
simulation scenarios to quantify social influence, in
the form of targeted early adopter effects and general
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Figure 2. (Color online) Simulation: Implementation
Probability When Targeted Early Adopters’ Use Increased
by 10 Instances per Time Period (Increased 2% on Average)
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peer effects, on physicians’ technology implementa-
tion. Does increasing usage of the technology by tar-
geted early adopters increase the likelihood of imple-
mentation of the technology by physicians who work
around the early adopters? For each policy simulation,
we estimate both the new implementation probabil-
ity and the reduced uncertainty (or learning variance)
over time. In summary, all our policy simulations res-
onate with previous studies in marketing; for example,
on how TV commercials (another kind of social influ-
ence) impact consumers’ learning about a new brand
(Erdem and Keane 1996).

5.2. Leveraging Social Influence on
Group Practitioners

5.2.1. Increasing the Technology Use Frequency. In-
creasing the observable technology use frequency by
targeted early adopters is simulated for two scenar-
ios: an increase in MCAP use by 10 instances in
each time period versus doubling the MCAP usage
in each time period, by all early adopters. Figures 2
and 4 display the simulation results for the physi-
cians’ implementation probability. The solid line is the
original aggregated MCAP implementation probabil-
ity by physicians who had targeted early adopters in
their group practices; the dashed line is the simu-
lated aggregated MCAP implementation probability

Figure 3. (Color online) Simulation: Learning Variance
When Targeted Early Adopters’ Use Increased by 10 per
Time Period (Decreased by 7% on Average)
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Figure 4. (Color online) Simulation: Implementation
Probability When Targeted Early Adopters’ Use Doubled
per Time Period (Increased 2.7% on Average)
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of the same physicians under the simulated scenarios:
targeted early adopters increase MCAP usage by 10
instances and doubling the MCAP usage in each time
period. Both results show that the simulated imple-
mentation probabilities by physicians increased over
the 20 months by a modest 2% and 2.7%, respectively,
on average. These are neither notable nor significant.
Figures 3 and 5 show the simulated targeted early
adopter effects on physicians’ learning variance, or the
uncertainty associatedwith the quality of the new tech-
nology, over time. From amodeling perspective, uncer-
tainty is the learning variance. The smaller the variance
is, the smaller the uncertainty is. Both figures indicate
that physicians’ uncertainty with the new technology
decreased over time at a slightly higher rate than under
the original usage levels, but not significantly.
5.2.2. Increasing the Technology Use Consistency.
As mentioned earlier, an important advantage of a
Bayesian learning model is that it specifically estimates
the unobservable signal variances, such as experiential
learning signal variance and social learning signal vari-
ance. In the present simulation, we examine changes
in the user’s implementation probability when their
targeted early adopters give more consistent (or pre-
cise) signals (means smaller variance). For example, the
health systemmay suggest that targeted early adopters
behave more consistently when they use the new tech-
nology to help the physicians around them to reduce

Figure 5. (Color online) Simulation: Learning Variance
When Targeted Early Adopters’ Use Doubled per Time
Period (Decreased by 9% on Average)
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Figure 6. (Color online) Simulation: Implementation
Probability When Targeted Early Adopter’s Variance
Increased by 50% per Time Period (Increased 11.6% on
Average)
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the uncertainty or to learn about the new technology,
thus leading to a higher implementation probability of
the new technology.
Figures 6 and 7 display the simulation results for

implementation probability change and learning sig-
nal variance change when the variability in targeted
early adopter signal is decreased by 50% from current
levels. We observe that the users’ aggregate implemen-
tation probability increases significantly—by 11.6% on
average over the 20 time periods, and the average learn-
ing variance decreases by 35% on average over the
same time periods. This suggests that if targeted early
adopters adjust their signals (which are supposed to
include both actual technology usage behavior and
other verbal communications) to be more consistent,
or less variable, their physician colleagues’ uncertainty
about the new technology will decrease faster, result-
ing in quicker learning about the new technology, and
a higher likelihood of implementation. This finding,
thus, has a very practical policy implication. Contra-
dicting the common belief that the more targeted early
adopters use the technology, the more people around
them would be influenced, our simulations suggest
that increasing usage frequency (giving more signals
randomly) is far less effective than maintaining the
usage consistency (giving consistent or precise signals).
5.2.3. Adding a Targeted Early Adopter. Thus far, we
have simulated the impact of targeted early adopters’
technology use behaviors, such as the use frequency
and use consistency, on their physician colleagues’
implementation probability and learning variance over
time. However, what would be the impact if an organi-
zation is able to add or train a targeted early adopter
in a group that currently does not have a targeted early
adopter? Figures 8 and 9 display the impact of adding
simulated targeted early adopters (using 30 instances
per targeted early adopter in each time period, which
meets the implementation criterion) to groups that

Figure 7. (Color online) Simulation: Learning Variance
When Targeted Early Adopter’s Variance Decreased by 50%
(Decreased by 35% on Average)
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were originally without early adopters. We observe
that the average implementation probability (the fig-
ure ignores the first two time periods when no regular
physicians are using the technology) increased by 15%,
and the average learning variance decreased by 26%,
a significant improvement from status quo. This may
be due to two possible reasons. First, adding a targeted
early adopter introduces a key signal of influence to
physician users who had no targeted early adopters in
their groups. Second, since we add the technology use
frequency by the simulated targeted early implementer
evenly to each time period for simulation, whichmeans
that the simulated targeted early adopter’s use is con-
sistent over time, this consistency will also increase the
implementation probability, as we discussed in the pre-
vious simulation.

5.3. Leveraging Social Influence on
Solo Practitioners

Recent surveys indicate that the number of solo prac-
tices in the United States has been steadily declining
over the past few decades, dropping from about 40%

Figure 8. (Color online) Simulation: Implementation
Probability When Adding a Targeted Early Adopter to
Groups Without Targeted Early Adopter (Increased 15% on
Average)
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Figure 9. (Color online) Simulation: Learning Variance
When Adding a Targeted Early Adopter to Groups Without
Targeted Early Adopter (Decreased by 26% on Average)
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30 years ago to 30% in 1994, 25% in 2012, and 17%
in 2014, with physicians joining group practices or
loosely formed networks, or seeking hospital employ-
ment (The Physicians Foundation 2014). Motivated by
this development, we explore how healthcare orga-
nizations may leverage peer effects or targeted early
adopter effects in promoting IT implementation among
their solo practices by forming them into groups.

5.3.1. Adding a General Peer to a Solo Practice. Our
simulation assumes that each solo user is now in a
group practice with a simulated physician, a general
peer, who uses 12 instances of the new technology each
month (which is the average monthly usage by a solo
physician). Figures 10 and 11 indicate the simulated
impact of adding peer effects to the original solo prac-
tices. Again, the increased implementation probability
on average is 25%, and decreased learning variance or
uncertainty on average is 61%, which are much larger
when compared to the status quo.

5.3.2. Adding a Targeted Early Adopter to a Solo Prac-
tice. Figures 12 and 13 show the simulated impact
of adding targeted early adopter effects (using 30
instances in each time period by the simulated early

Figure 10. (Color online) Simulation: Implementation
Probability When Adding a Peer to Solos (Increased 25% on
Average)
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Figure 11. (Color online) Simulation: Learning Variance
When Adding a Peer to Solos (Decreased by 61% on
Average)
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Figure 12. (Color online) Simulation: Implementation
Probability When Adding a Targeted Early Adopter to Solos
(Increased 47% on Average)
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adopter) to the original solo practices. The averaged
implementation probability increases by 47% and the
averaged learning variance decreases by 78% over time,
which is further improved from the solo setting and
group setting without targeted early adopters. This
is also consistent with the model results of estimated

Figure 13. (Color online) Simulation: Learning Variance
When Adding a Targeted Early Adopter to Solos (Decreased
by 78% on Average)
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targeted early adopter signal variance and peer effect
signal variance, where targeted early adopter sig-
nals are more informative than the peer effect sig-
nals; hence, it has a greater impact in reducing uncer-
tainty regarding the true value of the technology, thus
increasing the implementation probability.

6. Conclusions
Building on the literature on technology implemen-
tation from diffusion of innovation, social learning
theory, and perceptions of uncertainty reduction expe-
rienced by end users, this study makes several contri-
butions in explaining the underlying dynamic mech-
anism of learning of a new information technology
by physicians. First, to our knowledge, this is the
first study that draws on three diverse theoretical per-
spectives to formulate a hierarchical Bayesian learning
model to investigate the technology dynamic imple-
mentation process at the individual level. We use panel
data to elicit the underlying mechanism of how social
influence impacts the uncertainty reduction over time
by incorporating social learning and experiential learn-
ing signals to the uncertainty decreasing process, thus
enabling the users to learn about the quality of the new
technology in the technology implementation process.
Second, we quantify social influence on the technol-
ogy implementation process using policy experiments.
The simulation results show that social learning signals
from targeted early adopters are much stronger than
the social learning signals from general peer effects.
Finally, this paper also quantitatively differentiates tar-
geted early adopter effects and general peer effects
within the same context, which has not been examined
by other studies to date.
This study provides a few policy implications. The

first is how to leverage social influence, particularly in
comparison to experiential learning, to encourage tech-
nology implementation at the individual level within
an organization. Experiential learning is more chal-
lenging to influence than social learning because expe-
riential learning requires that each and every user
be targeted with appropriate strategies for improving
technology implementation. For example, if an organi-
zation wants to encourage experiential learning, they
may need to develop an organization-wide campaign
to encourage everyone to use the new technology. Yet
the success of a campaign to influence everyone or
even a majority is doubtful. However, social influence
is relatively easy to be leveraged because targeted early
adopters are a small fraction of the entire user pop-
ulation; hence, it is more practical for an organiza-
tion to target just this small group of early adopters.
Once the targeted early adopters implement the new
technology, they are more likely to subsequently influ-
ence their colleagues and promote the new technology
implementation as a natural progression, as our study

shows. Therefore, although targeted early adopter sig-
nals are less effective than the experiential learning sig-
nals, targeted early adopter effects are a practical lever
to be used for promoting technology implementation,
which is the focus of this research.

Furthermore, our policy simulations suggest that
targeted early adopters’ consistent signals are much
more effective than frequent use of the technology. This
is a useful new perspective on targeted early adopter
effects. This simulation result has a very practical pol-
icy implication that when an organization educates
the targeted early adopters for technology implementa-
tion, they should advise those targeted early adopters
that consistent technology usage behavior signals are
more effective thanmerely increasing usage at random,
which is similar to what marketing research has shown
(Erdem and Keane 1996).

Empirically, our policy simulations quantify and de-
monstrate social influence, both targeted early adopter
effects and general peer effects, in several ways:
(a) adding a targeted early adopter to a group with-
out targeted early adopters can potentially increase
the group users’ technology implementation proba-
bility by 15%, on average; (b) adding peer effects to
solo users may increase the average technology imple-
mentation probability by 25%; and (c) adding targeted
early adopter effects to solo users may further increase
the average technology implementation probability by
47%, compared to the original situations. These results
suggest that social influence is a strong and practical
approach for technology implementation. Even with-
out special training or treatment, assembling solo users
into groups can increase the technology implementa-
tionprobability of solo users. Furthermore, if an organi-
zation invests in training targeted early adopters, then
the implementation probability of users around those
targeted early adopters will also increase. Finally, the
model and policy interventions examined in this study
should be generalizable to other settings that exam-
ine social influence in the context of technology imple-
mentation and provide quantifiable measures of the
improvements that the interventions can produce.

This research has some limitations. First, due to data
limitations, the model only includes experiential learn-
ing and social learning signals to represent a user’s
learning process associated with a new IT, which may
not represent reality. Future studies could collect and
incorporate more learning signals and use more accu-
rate learning signal proxies, such as training sessions,
self-learning hours, and direct interactive conversa-
tions with colleagues or early adopters to develop a
more comprehensive model and results. Second, we do
not have access to the exact workload or working envi-
ronment information of the physicians, but instead we
use the number of patient visits as the workload and
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use the type of patient visit as the working environ-
ment indicator. This may not be completely accurate
and may vary by physical location in the community,
physicians’ personal choice (such as inpatient or outpa-
tient practice), demographics of the patient population,
or medical specialties. Third, we simplify the social
interactions such that targeted early adopter effects and
general peer effects are only within the physicians’
practice group, not across the groups, due to a lack of
access to the necessary information. Yet we believe that
cross group influence is quite minor, as we discussed
earlier. A future study could construct a more accurate
social network of the organization to investigate the
broader impact of social influence, including both the
professional network and personal friendship network,
on technology implementation. Also, the assumption
that every user is a Bayesian learner may be some-
what strong. Some people may be forgetful sometimes;
thus, they do not learn about a new technology using
Bayesian updating all of the time. Yet since we have the
entire physician population of the community health
system, this assumption is reasonable for the major-
ity of physicians. Last, a future study that investigates
users’ learning behavior at the post initial implemen-
tation stage with a longer technology learning process
is warranted and may be another research opportunity
to pursue.
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Endnote
1More precisely it is uncorrelated with the regression error term.
The physicians who were targeted were no different from any other
physicians in the practice on any observable characteristics.
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