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H ealth care organizations have substantially invested in Health Information Technology (HIT) as part of an effort to
improve quality. However, many hospitals fail to generate positive returns on this significant investment, based on

reimbursements for quality measures through the Affordable Care Act (ACA). Given the high cost of lawsuits, we investi-
gate if HIT adoption reduces lawsuits, and their attendant costs, as another consideration in HIT payoffs. We use opera-
tional transparency theory to develop hypotheses on the individual and joint impact of HIT and communication quality
in influencing patients’ likelihood to file a lawsuit. We combine data on 168 hospitals in the state of Florida from 2007 to
2011 in order to investigate these relationships. Analysis using a fractional response model indicates that HIT has a direct
impact in reducing the number of lawsuits, this effect being higher for hospitals with higher communication quality
scores. These results remain consistent irrespective of the type of caregiver (physician vs nurse) communicating with the
patient or the severity of injury resulting in the lawsuit. Our results also remain robust under different operationalization
of key independent variables and alternate model specifications. These results provide a better understanding of the
mechanisms that reduce lawsuits.
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1. Introduction

Health care organizations have substantially invested
in Health Information Technology (HIT) (Henry et al.
2016). While investment sums vary by organization
strategy and size, estimates range from $2.7 million
for a 50 bed hospital to $600 million for a 73 hospital
organization (Altarum Institute 2011, Barlas 2011).
Organizations have invested in HIT for multiple rea-
sons, such as improved quality, reduced costs and
rework, and increased reimbursement payments
under the Affordable Care Act (ACA) (Chaudhry
et al. 2006, Mangalmurti et al. 2010). Although HIT
can enable quality improvements, they are not guar-
anteed (Jones et al. 2014, Kohli and Devaraj 2004).
Further, even with quality improvements, when man-
agement considers primary outcomes, such as
increased reimbursements under the ACA, return on
HIT investment is far from certain (Barlas 2011). How-
ever, HIT may influence more distal outcomes that
also impact costs and benefits; we investigate one
such outcome: lawsuits.
Patients (and/or their families) file medical mal-

practice lawsuits believing patient injury resulted
from care providers failing to provide the appropriate
standard of care (Mangalmurti et al. 2010). In other
words, malpractice suits result from a care delivery

quality failure. These lawsuits result in significant
direct costs: ~$55 billion per year in the United States
(Mello et al. 2010), accounting for items like malprac-
tice insurance, settlements, awards, defensive medi-
cine costs, and administrative costs. Beyond the costs,
malpractice suits cause further troubles: they cause
stress in care providers over multiple years, thus
affecting care providers’ mental health and ability to
focus on other patients (Mello et al. 2010, Menon and
Kohli 2013, Seabury et al. 2013). Thus, lawsuits indi-
cate a quality problem with both quantifiable and
unquantifiable costs that hurt hospital operations and
therefore deserves investigation.
Past research suggests that HIT could be an impor-

tant driver of lawsuits (Miller and Tucker 2014, Quinn
et al. 2012, Victoroff et al. 2013, Virapongse et al.
2008). However, these same studies have drawn con-
flicting conclusions on the efficacy of HIT. We further
explore this phenomenon through econometric mod-
els by incorporating an additional factor which could
impact how HIT adoption affects lawsuits: communi-
cation quality. Although HIT houses patient informa-
tion that could help provide accurate process
information to patients, effective communication
between caregivers and patients is needed to interpret
and convey this information to patients. A better
understanding of process information helps improve

2552

Vol. 28, No. 10, October 2019, pp. 2552–2572 DOI 10.1111/poms.13063
ISSN 1059-1478|EISSN 1937-5956|19|2810|2552 © 2019 Production and Operations Management Society



patients’ perceptions of care delivery (Buell and Nor-
ton 2011, Buell et al. 2017, 2018) and hence their likeli-
hood to file lawsuits in case of a service failure. Thus,
the quality of communication between caregivers and
patients could be the missing link to resolving the
inconsistent findings on the efficacy of HIT in reduc-
ing lawsuits. We investigate this link by answering
the following research question: How does HIT inde-
pendently and in combination with communication quality
influence the number of lawsuits filed (after controlling for
the quality of care delivered at a hospital)?
To address this research question, we collected data

from 168 Florida hospitals in 2007–2011. We com-
bined data from many different data sources: (i) Flor-
ida Office of Insurance Regulations for medical
malpractice lawsuit data, (ii) hospital regional charac-
teristics from the U.S. Census Bureau database, (iii)
Healthcare Information and Management Systems
(HIMSS) Analytics data for HIT, (iv) Centers for
Medicare and Medicaid Services (CMS) Hospital Con-
sumer Assessment of Healthcare Providers and Sys-
tems (HCAHPS) data for measuring caregiver-patient
communication quality, (v) CMS cost reports and (vi)
CMS process-of-care data for hospital characteristics
and other controls.
Applying an instrumental variable fractional

response model to our data, we find that HIT reduces
the number of lawsuits filed against a hospital. We
also find that this effect is contingent on the commu-
nication quality at the hospital. That is, we observe
that as HIT increases, hospitals with high communica-
tion scores observe a reduction in lawsuits per year,
whereas those with low communication scores
observe an increase in lawsuits. We also find signifi-
cant heterogeneity in this relationship based on the
level of HIT. Specifically, we find larger positive syn-
ergies between HIT and medium to high levels of
communication in early cycles of HIT adoption and
smaller positive synergies in later cycles of HIT adop-
tion. On the other hand, for low communication

hospitals, the observed increase in lawsuits becomes
stronger as the HIT adoption at a hospital increases.
This result explains some inconsistent findings in the
HIT–Lawsuits literature by identifying communica-
tion quality as a moderating factor. Together these
results provide a better understanding behind the
operational mechanisms that reduce lawsuits. These
results remain consistent irrespective of the type of
caregiver (physician vs nurse) communicating with
the patient or the severity of injury driving the law-
suit. Additionally, our results remain robust to differ-
ent model specifications, operationalization of key
variables, and endogeneity concerns with our com-
munication quality and HIT variables.

2. Background and Literature Review

2.1. Process Overview: Medical Malpractice
Lawsuits
In order to analyze how managerial actions are associ-
ated with lawsuits, we first need to understand the
process of pursuing a medical malpractice lawsuit.
Thus, we explain the role of the hospital, patient, and
lawyer in pursuing a medical malpractice lawsuit.
For a lawsuit to be viable, the case must meet four

criteria (Bal 2009). First, the hospital must have a legal
duty to provide care to the patient. Second, the hospi-
tal must have failed to provide the appropriate standard of
care—that is, the care that a reasonable provider
would deliver (Mangalmurti et al. 2010). Third, the
failure to deliver appropriate care must have caused
the injury. Fourth, the injury must have caused dam-
ages to the patient. Before a lawyer can file a lawsuit
on a patient’s behalf, a qualified medical expert must
review the patient’s medical records and agree that
the appropriate standard of care was not provided. A
lawyer weighs these criteria against information pro-
vided by the patient to determine the strength of a
potential case. If a lawyer accepts the case, the next
step is the presuit process (shown in Figure 1).

Figure 1 The Process of Filing a Lawsuit
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Florida law requires all potential medical malpractice
cases follow this presuit process. During that presuit
period, patients and defendants (working with law-
yers and insurance companies) can reach a mutual
agreement to settle or arbitrate the case before a law-
suit is filed. If an agreement is not reached during the
presuit period, a lawsuit is filed and due judicial pro-
cess is followed until a resolution is reached—either
through a settlement, arbitration verdict, jury verdict
or case abandonment.

2.2. HIT in Hospitals
Administrative and clinical data represent two distinct
types of information flows in hospitals. These two
information flows have different data security, pro-
cessing, and integration requirements which leads to
the need for different HIT solutions for these disparate
information flows. In addition, while administrative
data is primarily used by administrative staff, clinical
data is primarily used by hospital employees involved
in care delivery (nurses, physicians, technicians, etc.).
Further, HIT managing clinical data perform two dis-
tinct functions: (i) collection of patient data, (ii) use of
stored patient data for reporting and decision support.
Sharma et al. (2016) explain these differences in HIT
and classify them into three bundles (clinical, aug-
mented clinical and administrative) based on the pur-
pose and primary users of individual HIT.
Clinical HIT are used for patient data collection,

diagnosis, and treatment. These HIT variables are pri-
marily used by technicians and, to a limited extent, by
caregivers (i.e., nurses and physicians). Examples of
clinical HIT include a CT scan machine and echocar-
diology machine. Augmented clinical HIT build on
the patient data collected by clinical HIT and add inte-
gration, reporting and decision support capabilities to
it. Extensive caregiver (i.e., nurse and/or physician)
interaction with these HIT characterize this bundle,
and hospitals have increasingly adopted these HIT
due to the HITECH Act. Examples of augmented clin-
ical HIT include a Clinical Physician Order Entry Sys-
tem (CPOE) and Clinical Decision Support System
(CDS). Finally, administrative HIT manage the
administrative data flow within the hospital and are
used primarily by administrative staff. Examples of
administrative HIT include payroll and benefits
administration.
We study the impact of augmented clinical HIT on

lawsuits, due to their ability to impact caregiver routi-
nes and their potential to reduce the lead time to
access patient data (Sharma et al. 2016)—both of
which can influence quality of care and operational
transparency, hence lawsuits filed against the hospi-
tal. We control for the clinical and administrative HIT
level of hospitals.

2.3. The Effect of HIT on Lawsuits
The literature examining how HIT impacts quality
lacks clear consensus. Some authors have proposed
that HIT improves the quality of care delivery
through multiple mechanisms, such as decision sup-
port, improved communication between care provi-
ders and improved adherence to standardized care
guidelines (Chaudhry et al. 2006, Mangalmurti et al.
2010, Queenan et al. 2011). Although those mecha-
nisms are reasonable, an article reviewing 236 HIT-
quality articles concluded that only 56% of the 236
studies (most conducted at a single, research and/or
teaching hospital) show positive associations between
HIT and care quality (Jones et al. 2014). A smaller set
of studies investigates how HIT adoption affects qual-
ity of care across a number of different hospitals and
systems, finding many positive associations but some
mixed outcomes as well. On the positive side, Appari
et al. (2012) show that HIT adoption leads to better
adherence to medication guidelines; others provide
support for HIT driving better process quality of care
measures (Gardner et al. 2015, Sharma et al. 2016).
On the negative side, McCullough et al. (2010) find
only 2 of 6 process of care metrics are positively
affected by HIT. Appari et al. (2013) found that HIT
adoption up to a certain level improved quality; as
hospitals continued to adopt HIT, they saw a decrease
in quality outcomes. These studies use different qual-
ity measures and varying outcomes, suggesting HIT
has great potential but does not guarantee positive
quality outcomes.
Because medical malpractice lawsuits result from a

quality failure, the HIT–lawsuit literature forms a
subset of the HIT-quality literature, with medical mal-
practice suits as the quality metric. There is a small
but growing body of work in this area. Closely related
to medical malpractice lawsuits are medical malprac-
tice premiums; Menon and Kohli (2013) show that
hospitals that invest in HIT have both better future
care quality and lower malpractice premiums, which
are highly correlated with fewer lawsuits. Rans-
botham et al. (2016) find that use of electronic medical
records reduces the time to resolve medical malprac-
tice lawsuits.
Directly related to our study, literature regarding

the impact of HIT on the number of lawsuits is mixed
and focused on one specific type of HIT: electronic
health records. Miller and Tucker (2014), using data
from hospitals across the entire United States, con-
tend that electronic medical records (a subset of elec-
tronic health records) make medical providers more
liable because electronic medical records create an
electronic paper trail, and therefore, the liability that
HIT creates slows down hospitals’ adoption of such
systems. However, once these systems are adopted,
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Victoroff et al. (2013) and Virapongse et al. (2008)
found no association between the use of electronic
health records and lawsuits. More positively, Quinn
et al. (2012), found that the physicians using elec-
tronic health records had one-sixth as many malprac-
tice claims as those that did not use electronic medical
records.
We contribute to this nascent and equivocal litera-

ture stream by developing an econometrically sound
estimate of the impact of HIT on lawsuits, including
addressing endogeneity, an outstanding issue in the
existing literature (Quinn et al. 2012, Victoroff et al.
2013). Not only does our instrumental variable
approach mitigate the endogeneity concern, but we
also provide multiple robustness analyses, thereby
increasing the rigor of the work.
Additionally, we extend the existing HIT-lawsuit

literature by expanding the scope of HIT examined.
That is, we analyze the collection of augmented clini-
cal HIT (Sharma et al. 2016), which includes elec-
tronic health records (the sole focus of most of the
existing HIT-lawsuits research) and adds other inte-
gration, reporting, and decision support systems. The
inclusion of this bundle of systems in our analysis is
important because, as we explain in our hypothesis
development, HIT can reduce lawsuits through both
reducing the cognitive load and through providing a
centralized location to share real-time information—
which improves quality of care and operational trans-
parency. By including in our analysis the entire suite
of HIT that care providers use, we are encompassing
the collection of tools that allows both reduction of
cognitive load and a centralized location for relevant
information.

2.4. The Effect of Communication on Lawsuits
Although the direct connection between HIT and law-
suits is important, the environment where the HIT
exists impacts this relationship as well. Previous
research established that better provider–patient com-
munication leads to better patient outcomes, and pro-
vider communication quality is commonly used as a
quality measure (Levinson et al. 2010, Senot et al.
2015, Stewart 1995). In addition, the evidence largely
supports a relationship between good provider com-
munication and fewer lawsuits (e.g., Bhattacharyya
2005, Levinson et al. 1997, Schleiter 2009). However,
these studies generally examine communication inde-
pendently of technology.
While the lawsuit literature supports the positive

effects of communication, and shows mixed results
for the effects of HIT, to our knowledge, there is no
research examining their interaction, even though
HIT introduces a third party into the patient–provider
conversation (Duke et al. 2013). From a broad quality
perspective, there is some evidence that HIT and

communication interact negatively, through reduced
eye contact and attention (Ratanawongsa et al. 2016,
Rathert et al. 2016, Shachak and Reis 2009). Frankel
et al. (2005) provide additional insights by recording
9 primary care physicians’ interactions with 54
patients before and after introducing computers into
the consultation room. They found that those provi-
ders with good (poor) communication before the
introduction of the computer had even better (worse)
rapport with patients after. This study took place in
an early cycle of computer adoption and the authors
recommended further studies to understand how
technology and communication impact provider–
patient relationships (Frankel et al. 2005).
We extend this line of literature by examining law-

suits as an outcome variable of the interaction effect
of communication and HIT. The previous research
assessing HIT and communication interaction is
sparse, and none examine lawsuits as a dependent
variable. By considering communication in the HIT–
lawsuit relationship, to the best of our knowledge, we
are the first to introduce communication as a moder-
ating factor in this relationship.

3. Hypotheses Development

We draw from two distinct literature streams to
develop our hypotheses: organizational information
processing theory (OIPT) (Galbraith 1977) and opera-
tional transparency (Buell and Norton 2011, Buell
et al. 2017, 2018). Please note that, given our emphasis
on augmented clinical HIT, we use the term “aug-
mented clinical HIT” synonymously with “HIT” in
the remainder of the manuscript.

3.1. HIT and Lawsuits
Although the literature shows mixed results of how
HIT impacts quality, using organizational informa-
tion processing theory (OIPT) and operational trans-
parency, we posit HIT will lead to reduced lawsuits.
Organizational information processing theory

posits that as organizations increase in complexity,
they need routines and systems to share and make
sense of information (Galbraith 1977). HIT can both
connect different units within a hospital and help
individuals to reduce errors by mitigating the cogni-
tive load (Angst et al. 2010, Bates and Gawande 2003).
HIT can help reduce the number of cognitive errors
through decision support tools, structure to aid com-
pliance with standard process of care and sharing
information across different providers (Angst et al.
2012, Buntin et al. 2010, Mangalmurti et al. 2010,
Queenan et al. 2011). Moreover, those benefits grow
as management builds a multifunctional system,
allowing for interconnectedness between specialized
software and systems, and therefore, more useful
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information (Chaudhry et al. 2006). Because adopting
HIT can improve quality of care, use of this HIT leads
to fewer cases of negligent care. In turn, these reduced
incidents of negligent care lead to fewer reasons for a
lawsuit and thus a reduction in patients filing
lawsuits.
In addition to integration of functions within the

hospital, HIT can also help improve patients’ access
to clinical and process information through patient
portals. Patient portals integrate centralized patient
information housed in HIT and make it easily avail-
able to patients. Information available through portals
include medications, laboratory test results, labora-
tory appointments, etc. The theory of operational
transparency posits that when customers can observe
and understand the work done on their behalf, then
customers’ perceptions of services improves (Buell
and Norton 2011). Support has been found for this
theory in food service, self-service technology, and
government services (Buell and Norton 2011, Buell
et al. 2017, 2018). In this particular setting, increased
HIT will facilitate faster access to process and clinical
information. This in turn will improve operational
transparency and improve patients’ perceptions of
care delivery, lowering their likelihood of filing law-
suits in case of a quality failure. Thus, we propose the
following hypothesis:

H1. Higher levels of HIT are associated with fewer law-
suits.

3.2. HIT, Communication Quality, and Lawsuits
Literature suggests the combination of HIT and com-
munication quality can provide additional benefits
beyond those provided by communication quality or
HIT alone. Specifically, a HIT system can centralize
disparate patient and process data. Although parts of
this patient and process data are accessible to patients
through portals, the complexity of the care delivery
process, and technical nature of the information
makes it difficult for patients to fully interpret this
information. Hence, full understanding of clinical and
process information may require translation and
effective communication by experts—the caregivers.
Effective communication is associated with fewer

lawsuits (Bhattacharyya 2005, Levinson et al. 1997,
Schleiter 2009), but all forms of communication are
not equal in reducing the likelihood of lawsuits. That
is, Levinson et al. (1997) saw no difference between
sued and non-sued physicians regarding communica-
tion about the patient’s medical condition and facts
about medications. However, these researchers found
that non-sued physicians provided patients signifi-
cantly more process communication—that is, statements
concerning next steps and ensuring that patients

understand the information conveyed—than sued
physicians. In the complex hospital environment
where patients receive care from multiple specialist
physicians, nurses and other caregivers, and patients
have, an average of 42 tests run per hospital stay
(Glouberman and Mintzberg 2001, Porter 2010, Taylor
2005), HIT provides a centralized, synchronous
location to make this information available to all care
providers (Mate and Compton-Phillips 2014, McCul-
lough et al. 2016). For hospitals that have built a cul-
ture where care providers communicate well with
patients, this centralized information source provides
caregivers with better process information to commu-
nicate to patients.
For example, a physician can meet with a patient

and explain, “I know Drs. Jones and Smith met with
you yesterday and recommended we run blood tests
and an EKG. The results came back and they indicate
that we do not need to be concerned about congestive
heart failure, but your high cholesterol is still a con-
cern. Thus, our next steps are to prescribe a drug to
help reduce cholesterol.” HIT provides the physician
with the most current information about this patient,
but much of the value of HIT relies on the caregiver
sharing this information in a meaningful way with
the patient. The physician conveying this information
delivers operational transparency, a clear explanation
of the what and why in the care process.
Providing operational transparency–details about

how services are provided–improves consumers’ per-
ceptions of services (Buell and Norton 2011, Buell
et al. 2018). This is illustrated in the previous example
when the physician explicitly reminded the patient
about the other doctors who evaluated the patient
and the multiple tests conducted to check for possible
conditions. We contend that the combination of a con-
nected HIT system and high levels of communication
quality enable a hospital to provide greater opera-
tional transparency, thereby reducing the probability
of a patient perceiving that he/she did not receive the
appropriate standard of care.
On the other hand, while HIT can provide opera-

tional transparency, it can also interfere with commu-
nication. Use of HIT while in a room with a patient
may result in reduced eye contact, less frequent
checking of patient understanding and overall
decreased patient satisfaction with a given provider
(Ratanawongsa et al. 2016, Rathert et al. 2016, Sha-
chak and Reis 2009). In fact, one study shows that HIT
can worsen providers’ communication skills, if those
providers already were prone to poor communication
(Frankel et al. 2005). If the health care providers in a
hospital have low levels of communication, they may
provide patients low operational transparency into
the care process. For example, instead of offering the
statement about how the patient met with Drs. Jones
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and Smith and which test results are back, the physi-
cian may see that these events have occurred, but sim-
ply say to the patient, “Okay, I’m going to prescribe a
drug for you to help reduce cholesterol,” without the
process transparency that reminds the patient what
has been done and why. With limited operational
transparency, the patient does not know nor appreciate
what has been done to help heal him or her, and the
patient may be receiving less personal contact than
previously. Because both HIT and communication
quality impact the perception of service quality, a high
level of HIT with poor communication may negatively
impact patients’ perceptions of quality and propensity
to file a lawsuit. In other words, with lower operational
transparency, patients have a higher likelihood of
believing that the hospital failed to provide the appropriate
standard of care. Thus, we propose:

H2. Communication quality moderates the effect of HIT
on the number of lawsuits such that high levels of com-
munication quality coupled with high HIT are associated
with fewer lawsuits when compared to low levels of com-
munication quality coupled with high HIT.

4. Data

4.1. Data Collection
In order to test the hypotheses, we compiled a 5-year
(2007–2011) panel dataset of 168 acute care hospitals
(unit of analysis) from the state of Florida. We tested
our hypotheses during this period because public
reporting for a number of metrics, including the
HCAHPS survey, were only available starting in
2006–2007. This made 2007 a logical starting point.
The end point for the panel data was determined
based on the time required for resolution of lawsuits:
the Florida lawsuit reporting regulations necessitate
that lawsuits be reported only after resolution. Thus,
if a lawsuit was opened in 2011 and resolved in 2013,
it would not be reported until 2013. Approximately
96% of medical lawsuits filed are resolved within
6 years (Holman et al. 2011). Therefore, by truncating
our data at 2011, we expect that nearly all (~96%)
medical malpractice lawsuits filed in 2011 and a
higher percentage for prior years were resolved (and
therefore reported) by the time we gathered our data.
We arrived at this dataset through multiple steps.

First, we combined data from different secondary
sources for the analysis: Florida Office of Insurance
Regulations for medical malpractice lawsuit data, hos-
pital regional characteristics from the U.S. Census
Bureau database, HIMSS Analytics data for HIT data,
CMS HCAHPS data for measuring caregiver-patient
communication quality, CMS cost reports and
process-of-care data for hospital characteristics and

other controls. Next, we removed 17 hospitals from
our starting dataset of 188 because they did not have
HCAHPS data and 3 hospitals because they reported
HCAHPS data based on less than 100 respondents.
Although CMS reports scores for hospitals with fewer
than 100 respondents, they recommend that no conclu-
sions be drawn for such a hospital. Therefore, we
removed these 3 hospitals with HCAHPS data based
on less than 100 patient responses. This yielded our final
sample of data from 168 acute care hospitals in Florida.
We collected HIT adoption data from the HIMSS

database, using the year in which an HIT is marked as
“Live and Operational” in the HIMSS database as its
year of adoption by the hospital. The use of “Live and
Operational” technologies to determine HIT infra-
structure at a hospital ensures that their impact on
hospital processes are apparent.

4.2. Variable Descriptions

4.2.1. Dependent Variable
Adjusted Lawsuits. This variable measures the

number of lawsuits brought against a hospital in a par-
ticular year. Please note, due to the lawsuit process
(described in section 2.1), an actual lawsuit may have
never been filed. That is, a patient may have raised a
concern, met all of the criteria for a lawsuit, and notified
the appropriate hospital and providers. However, due
to the presuit process, this case may have been settled
prior to any lawsuit being officially filed. We call all
such cases lawsuits, whether or not they make it to offi-
cial filing, or are resolved in the presuit process.
This lawsuit variable is derived from the Florida

Office of Insurance Regulations. It should be noted
that this includes all lawsuits filed—those that were
settled out of or in court (including the presuit settle-
ments), as well as any lawsuits that were filed and
then dropped by the patient. This does not include
lawsuits still pending settlement. By truncating our
data at 2011, we ensure that a majority (~96%) of the
lawsuits filed in 2011 (and a higher percentage for
prior years) are settled by the time of data collection
(Holman et al. 2011).
In order to account for the possibility of larger hos-

pitals witnessing a higher number of lawsuits, we
normalize the dependent variable based on the
annual transfer adjusted case volume at a hospital.
The annual transfer adjusted case volume is the num-
ber of patients treated by a hospital in a given year,
adjusted for patient transfers to other hospitals. Speci-
fically, we measure our dependent variable for hospi-
tal i in year t using the following equation,

AdjustedLawsuitsi;t ¼ Number of Lawsuitsi;t
Transfer adjusted casesi;t
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4.2.2. Independent Variables
Communication Quality: This variable measures the
quality of communication between caregivers and
patients as perceived by the patient (Chandrasekaran
et al. 2012) and reported in the HCAHPS survey. To
calculate this measure, we determine a factor score
based on four questions from the HCAHPS survey: (i)
How often did doctors communicate well with
patients? (ii) How often did nurses communicate well
with patients? (iii) How often did staff explain about
medicines before giving them to patients? and (iv)
Were patients given information about what to do
during their recovery at home? For each of these ques-
tions, CMS reports the adjusted percentages of
patients who have answered the question using the
response categories “never/sometimes,” “usually” or
“always.” Consistent with previous studies (Chan-
drasekaran et al. 2012, Senot et al. 2015), we designate
the percentage of patients who answered “always” as
the measure for the items’ individual scores. Results
are reported on the CMS Hospital Compare website
after being aggregated at the hospital level. It is also
important to note that CMS adjusts these survey
scores for several patient variables such as education,
self-rated health, primary language, age, socio-eco-
nomic status and service line. CMS also accounts for
delays in the survey response (see www. hcapson-
line.org for more details).
Following CMS guidelines used by other research-

ers (Senot et al. 2015), we included only hospitals that
had a sample of more than 100 respondents for
HCAHPS scores. Consistent with accepted best prac-
tices when using multiple items to measure a con-
struct of interest, we conducted a Confirmatory
Factor Analysis (CFA) to assess the convergent valid-
ity for the four communication quality scale items
(Anderson and Gerbing 1988, Handley 2017, Menor
and Roth 2008). We then used the resulting factor
score based measure to capture communication
quality. The fit indices for the CFA model were within
recommended specifications (RMSEA = 0. 216;
CFI = 0.971; SRMR = 0.036) indicating good model
fit. All the path coefficients from the constructs to
their scale items were significant (p < 0.01) and ran-
ged from 0.58 to 0.97 providing strong evidence for
convergent validity. We provide the detailed CFA
model in the Online Appendix.
HIT: In accordance with Sharma et al. (2016), we

classified HIT into three bundles (Clinical, Aug-
mented Clinical and Administrative) based on the
users of the technologies. We study the impact of aug-
mented clinical HIT on lawsuits, and control for the
clinical and administrative HIT level of hospitals. We
aggregate the clinical and administrative HIT matu-
rity of hospitals, called non-augmented clinical HIT,

and add it as a control in our analysis. We measure
the HIT maturity of hospitals along these two cate-
gories using a Saidin index (Queenan et al. 2011,
Sharma et al. 2016, Spetz andMaiuro 2004), calculated
as the weighted sum of the technologies adopted by
each hospital, where the weights are inversely propor-
tional to the number of hospitals adopting that tech-
nology. A Saidin index assigns a higher weight to rare
technologies and hence gives a higher adoption score
to hospitals that are leaders in the path towards
increased HIT adoption, thus providing higher scores
for technology leaders. These hospitals with higher
scores can be considered in later cycles of adoption
than their lower scored counterparts, thus more
advanced in their adoption, use, and understanding
of how to best use and integrate technology. Because
of the technology maturity of these hospitals, they are
more likely to realize higher benefits from their HIT
infrastructure due to the complementary nature of
these integrated HITs—as also supported by the com-
plementarity theory (Milgrom and Roberts 1995). The
Saidin index for each of the three HIT categories is cal-
culated in the following manner:

Si;t ¼
XK
k¼1

ak;tsi;k;t

where,

ak;t ¼ 1� 1

Nt

XNt

i¼1

si;k;t

K = the number of technologies available for each of
the three HIT categories; Nt = the number of hospi-
tals under consideration for year t; ak,t = the weight
assigned to each individual technology k in year t;
si,k,t = 1 if technology k is owned by hospital i in
year t and =0 otherwise.
As a robustness test, we also replicated our analy-

ses using count of HIT adoption (Angst et al. 2012,
Boyer 1999, Ettlie 1983) instead of a Saidin index.
Results remain consistent with the main analysis and
are discussed in section 7 of this manuscript.

4.2.3. Control Variables. We control for hospital
characteristics such as size, case mix index (CMI), repu-
tation, and teaching intensity, as well as population
characteristics of the county served by the hospital
(e.g., wage index, population density, law firm density).
We operationalize hospital size using the number of
beds at the hospital. Teaching intensity is measured as
the ratio of residents to beds at a given hospital (Senot
et al. 2015) and is obtained from CMS. Higher teach-
ing intensity hospitals will likely consume more
resources due to the need to train medical students
and resident physicians (Grosskopf et al. 2001). In
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addition, the involvement of relatively inexperienced
medical students and resident physicians in care
delivery processes is likely to lead to more quality
errors (Theokary and Ren 2011) and hence more law-
suits. Like many other studies, we control for CMI, a
measure of the severity of illness of the patients
admitted at hospitals and obtained from CMS,
because hospitals treating more severe patients will
face increased variability in documentation, coordina-
tion and delivery of care (Theokary and Ren 2011),
making them prone to an increased number of quality
errors and hence lawsuits. We also control for the hos-
pital’s reputation given that it sets the expectations of
quality of care for the patient prior to admission and
thus could influence their likelihood of filing a lawsuit
against the hospital. To calculate this measure, we use
the HCAHPS survey score which represents word of
mouth reputation: “Would you recommend this hos-
pital to family and friends?” A 3-point scale is used to
quantify the responses to this question: definitely yes,
probably yes, no. We first calculated the percentage of
respondents who answered “definitely yes” to the
above question and use this as a proxy for hospital
reputation. Given the high correlation between the
communication quality and reputation measure (due
to their origins from the HCAHPS survey), we created
an orthogonal construct for the hospital reputation
measure through sequential regression (Hastie et al.
2009, Nagar and Rajan 2005, Ridker and Henning
1967, Sine et al. 2003) and used it as a control in our
regression models.
The number of lawsuits may also be impacted by

the actual quality of care delivered by the hospitals.
Accordingly, we control for a number of factors
indicative of the quality of care at a hospital. Specifi-
cally, we control for the average patient length of stay
and conformance quality at the hospital. Research has
demonstrated that length of stay performance is
related to efficiency, quality of care and responsive-
ness (Ashby et al. 2000, Glick et al. 2003, Thomas
et al. 1997), all of which are factors that can impact
lawsuits. We also control for a hospital’s score on
CMS quality of care measures. A higher score on the
CMS quality of care measures is an indication of bet-
ter adherence to evidence-based care protocols, which
should result in lower likelihood of lawsuits. A logit
transformation (Collett 2003) of the weighted average
(Pi) of the percentage compliance along four dimen-
sions, namely Heart Attack (AMI), Heart Failure (HF),
Pneumonia (PN), and Surgical Care Improvement
Project (SCIP) is used to measure conformance quality
(Chandrasekaran et al. 2012, Sharma et al. 2016). The
conformance quality Ci,t for a hospital i and time per-
iod t with a compliance percentage Pi,t is given by the
following:

Ci;t ¼ Ln

�
Pi; t

1� Pi; t

�

We also control for the wage index in the county
served by the hospitals. A higher wage index is an
indication of a prosperous area, which should reduce
the likelihood of low payout lawsuits. A control for
population density of the county served by the hospital
is added to account for the degree of urbanization of
the region served by the hospital. Finally, using a log
transformation of the number of law firms located in
the county served by the hospital, we control for law
firm concentration. We control for this because a higher
concentration of law firms indicates increased compe-
tition as well as greater options available for patients
to file lawsuits against hospitals. In addition to the
above measures, we also control for non-Augmented
Clinical HIT, which is measured using a sum of the
Saidin index of Clinical and Administrative HIT sys-
tems. Dummy variables for each year were added in
the regression model to control for year fixed effects.
Table 1 shows summary statistics and correlations for
our variables.

5. Model Specification

The dependent variable for this study is fractional
with values restricted below one and bounded at
zero, with a large number of values at 0. This type of
bounded fractional continuous dependent variable
has unique distributional characteristics which reduce
the applicability of linear regression models for analy-
sis. Specifically, no restrictions on predicted values
outside the bounds for the dependent variable and
inability to account for non-constant responses near
the bounds can result in biased estimates when using
linear regression models (Papke and Wooldridge
1996, 2008, Rigobon and Stoker 2007). Although trun-
cated and censored regression models are better
equipped to handle bounded fractional continuous
dependent variables, these methods have limitations
of their own. For instance, Tobit regression, used for
censored data, is sensitive to heteroskedasticity issues
and has a normality requirement for the error terms
(Arabmazar and Schmidt 1981, Wooldridge 2002).
Further, some researchers (e.g., Papke and Wool-
dridge 1996, 2008) argue that a Tobit regression
should not be used when values beyond the censoring
point are infeasible, which is the case in this situation.
A fractional response model (FRM), developed by
Papke and Wooldridge (1996), overcomes these limi-
tations and has been increasingly used in analyzing
bounded fractional continuous dependent variables
(Chen et al. 2015, Core et al. 2008, Papke and Wool-
dridge 1996, 2008). For example, Core et al. (2008)
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used an FRM to accommodate their dependent vari-
able (fraction of press articles with negative coverage
about CEO compensation), which was left censored
with a median value of zero. Similarly, Papke and
Wooldridge (1996) used an FRM to model participa-
tion rates of employees in firms’ 401(k) retirement
plans, which involved right censoring of the depen-
dent variable with a large number of values at 1.
An FRM is an extension of the generalized linear

model (GLM), which uses a quasi-maximum likeli-
hood estimator (QMLE). A QMLE generates consis-
tent estimates of the regression coefficients
irrespective of the distribution of the dependent vari-
able. Other advantages of an FRM are that it accounts
for the nonlinearity in the data introduced due to cen-
soring, does not require a correction or transformation
to account for the observations at the lower or upper
bounds of the data and it is robust and efficient under
GLM model assumptions (Gallani et al. 2015). Con-
sidering these relative advantages of FRMs, we use it
to test our hypotheses.
Although an FRM is appropriate for modeling

bounded fractional continuous-dependent variables
and reduces biases due to incorrect modelling, there
are other potential sources of bias in our analysis.
Specifically, there is potential for omitted variables,
which could introduce endogeneity concerns in our
analysis. Potential omitted variables could be patient
level characteristics, including personal inclinations
and biases, which could potentially influence their
likelihood to file lawsuits against hospitals following
a quality failure. Thus, we take a number of steps to
account and adjust for sources of such unobserved
heterogeneity. First, we control for a number of hospi-
tal and market level factors like quality proxies
(length of stay and conformance quality) in our main
analysis. Second, we use an instrumental variable
FRM to account for endogeneity concerns.
For the instrumental variable FRM, we used lagged

values of the endogenous variables, that is, one-year-
lagged values of HIT and communication quality,
and average HIT and communication quality of hos-
pitals (excluding the focal hospital) located within a
health referral region (HRR), as instruments. Lagged
values of endogenous variables have been used as
instruments for endogenous variables in a number of
recent studies (Bloom and Van Reenen 2007, Kesavan
et al. 2014, Siebert and Zubanov 2010, Tan and Netes-
sine 2014). For lagged values of endogenous variables
to be valid instruments, they must correlate with the
contemporaneous values of these variables and be
independent of the error terms. Since HIT variables
are expensive to procure and generally have an asso-
ciated implementation period, it is unlikely for hospi-
tals to drastically change their HIT infrastructure over
a short time period. These high procurement costsTa
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and implementation time will ensure that lagged val-
ues of our HIT variables are correlated with their con-
temporaneous values satisfying the first condition.
Similarly, communication quality involves extensive
investments in caregiver training, amenities, and a
cultural transformation. These factors ensure that
communication quality scores do not change drasti-
cally over a short time period, thus making their
lagged values correlated with their contemporaneous
values. In order to test for the independence of the
lagged communication quality and HIT instruments
with the error terms we performed the Arellano–
Bond (1991) test for autocorrelation. To determine the
nth order serial correlation, this test looks for correla-
tion of order n + 1 in the differences of the residuals.
The test turns out to be insignificant (p > 0.1), indicat-
ing lags 1 and higher can be used as instruments for
the endogenous variables. Based on these tests, we
use 1-year-lagged values of HIT and communication
quality as instruments in our model.
The second set of instruments represent the band-

wagon effect (i.e., the tendency to mimic competition),
which can influence hospitals’ HIT adoption decisions
as well as investments made in improving communi-
cation quality (Abrahamson and Rosenkopf 1993).
Hospital referral regions (HRRs) represent regional
health care markets which define the likely patient
pool and competition set for a hospital. We use the
average HIT adoption and communication quality
scores for competing hospitals in the HRR as an
instrument for the endogenous variables.
As another instrument validity test, we also note

that the excluded instruments in the first stage regres-
sion models all have F-statistics that are greater than
the threshold of 10 (Staiger and Stock 1994), indicating
that they are not weak instruments. In addition, the
Sargen test, with the null hypotheses that the instru-
ments used are jointly valid, also turns out to be
insignificant (p > 0.10) which supports the joint valid-
ity of our instruments. All of these tests provide confi-
dence in the choice of the instruments. Finally, given
the non-linear nature of our model we use a control
function approach, which substitutes the predicted
error terms from the first stage into the main model,
to address endogeneity (Lin and Wooldridge 2017,
Wooldridge 2015). We use a probit link function with
the FRM due to its underlying normal distributional
assumption which makes it better-suited with the
control function approach (Papke and Wooldridge
2008). The regression equation modelling share of
patients who file lawsuits against the hospital i in
time period t is presented below:

Yi;t ¼ Xi;tbþ Zi;tcþ ei;t;

where, Yi,t is the share of patients who file a law-
suits against the hospital, Xi,t is the vector of exoge-
nous regressors and Zi,t is the vector of endogenous
regressors. For an FRM, the expected value of the
share of patients who file a lawsuit against the hos-
pital is given by

EðYi;tjXi;t;Zi;t; n̂i;tÞ ¼ / Xitbþ Zi;tcþ n̂i;t
� �

where Φ is the cdf of standard normal distribution
and vector has the predicted residuals from the first
stage regressions of endogenous regressors on all
other controls. All of the continuous variables in the
regression models are mean centered. We use robust
standard errors. Because we are using a two-step
estimation process, we used bootstrapped standard
errors (500 replications) to correct for the first stage
estimation. We present the results from these regres-
sions (bootstrapped FRM estimates using control
function approach to correct for endogeneity) in
Table 2.

6. Results

6.1. Hypotheses Testing
Hypothesis 1 posits that hospitals with higher HIT
maturity are less likely to be sued compared to hospi-
tals with lower HIT maturity. As seen from Table 2,
the coefficient for HIT is negative and significant
(b = �.045; p < 0.05), providing support for H1.
Although parameter estimates and their standard
errors can help establish a causal link between covari-
ates and the dependent variable, determining the
effect sizes of covariates requires additional calcula-
tions given the non-linear nature of the FRM model.
Specifically, the impact of change in HIT on adjusted
lawsuits is given by the following:

dEðYi;tjXi;t;Zi;t; n̂i;tÞ
dðHITi;tÞ ¼ / Xb

it þ Zi;tcþ n̂i;t
� �

cHIT:

Based on the above equation, we can ascertain that
(unlike linear models) the coefficient estimate for HIT
is only an indication of the directionality of its impact
but not the magnitude. The magnitude of the impact
depends on value of the normal pdf at the predicted
value of the latent index and the coefficient of HIT for
any given observation. Finally, there is heterogeneity
in the marginal effects of HIT (unlike linear models
which have constant marginal effects). Due to this
heterogeneity we report the average marginal effects
of HIT at different values over its range: 5th, 25th,
50th, 75th and 95th percentiles, in Table 3. Also in
Table 3, we translate these marginal effects to number
of lawsuits and dollar impact on the hospital.
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From Table 3, we see that an increase in HIT
reduces the number of lawsuits filed against a hos-
pital, with this effect being larger at early cycles of
HIT adoption. Another way of saying this is that as
the HIT infrastructure of the hospital matures, the
incremental benefits on lawsuit reduction decreases.
For example, for hospitals at the 5th percentile of
HIT adoption, a unit Saidin index increase in HIT
will result in a reduction of 1.63 lawsuits. This
reduction of 1.63 lawsuits can translate to $570,981
in cost savings. The cost savings are calculated
based on an average lawsuit cost of $350,000,
reached by averaging the payouts of all lawsuits in
our data set ($282,000) and adding an additional
$0.19 (per $1 in settlement) for costs associated with
defendant lawyer fees, etc. given this estimate in

additional fees per Mello et al. (2010). On the other
hand, for hospitals at the 95th percentile of HIT
adoption, a unit Saidin index increase in HIT will
result in a reduction of 0.65 lawsuits translating to a
cost savings of $225,964. Assuming the average HIT
score for our sample hospitals, a unit Saidin index
increase in HIT results in a 1.12 reduction in law-
suits translating into cost savings of $391,896 for
hospitals. Note that because the Saidin index is a
dynamic number which changes as more hospitals
adopt each technology, a unit change in the Saidin
index will change over time and will depend on the
HITs adopted. However, for intuitional insights, one
can approximate a unit Saidin index increase to an
adoption of three additional HIT technologies, for
an average hospital.

Table 2 Instrumental Variable Fractional Response Model with Bootstrapped Standard Errors to Determine Effect of HIT, Communication Quality,
and Their Interaction on Adjusted Lawsuits

Hypothesis 1 Hypothesis 2

Coeff. SE 95% CI Coeff. SE 95% CI

Communication quality 0.001 0.010 (�0.018, 0.021) �0.003 0.009 (�0.020, 0.014)
HIT �0.045** 0.021 (�0.086, �0.003) �0.042** 0.021 (�0.083, �0.001)
Communication quality 9 HIT �0.011** 0.004 (�0.020, �0.001)
Constant �3.042*** 0.055 (�3.150, �2.934) �3.052*** 0.051 (�3.153, �2.951)
Case mix index �0.365* 0.189 (�0.736, 0.006) �0.326* 0.172 (�0.664, 0.010)
Wage index .407 0.739 (�1.042, 1.856) 0.345 0.713 (�1.053, 1.744)
Number of beds �0.0003* 0.0002 (�0.0007, 0.0000) �0.0004** 0.0002 (�0.0007, �0.0000)
Length of stay �0.109** 0.052 (�0.212, �0.007) �0.110*** 0.045 (�0.200, �0.020)
Resident to bed ratio 0.443 0.434 (�0.407, 1.293) 0.411 0.481 (�0.533, 1.355)
Conformance quality �0.033 0.025 (�0.084, 0.016) �0.032 0.025 (�0.083, 0.017)
Population density 0.000 0.000 (�0.000, 0.000) 0.000 0.000 (�0.000, 0.000)
Non-augmented clinical HIT 0.012 0.008 (�0.004, 0.030) .019** 0.008 (0.003, 0.036)
Law firm concentration �0.006 0.027 (�0.060, 0.047) �0.004 0.025 (�0.054, 0.045)
Hospital reputation �0.052 0.121 (�0.290, 0.185) �0.004 0.122 (�0.244, 0.235)
Pseudo R2 0.04 0.05
p-value 0.00 0.00
Observations 548 548

Notes: “HIT” is our hypothesized technology variable of interest, Non-augmented clinical HIT is a control variable. Lagged values of communication
quality and HIT, and average Augmented Clinical HIT and communication quality of hospitals located within a health referral region (HRR) are used as
instruments for communication quality and HIT. 500 bootstrap replications were performed. All regressions were run with year fixed effects. Predicted
residuals from the first stage are added as controls. ***p < 0.01; **p < 0.05; *p < 0.1.

Table 3 Marginal Effects at Different Percentiles of HIT Using a Fractional Response Model

Percentiles for HIT

Marginal effects

Number of lawsuits Dollar impact on hospitalsCoeff. SE 95% CI

5th percentile �0.00034 0.00028 (�0.00088, 0.00021) �1.6314 $570,981
25th percentile �0.00025 0.00013 (�0.00051, 0.00001) �1.1958 $418,540
50th percentile �0.00022 0.00011 (�0.00043, �0.00001) �1.0599 $370,986
75th percentile �0.00018 0.00008 (�0.00034, �0.00001) �0.8696 $304,377
95th percentile �0.00013 0.00005 (�0.00024, �0.00002) �0.6456 $225,964

Notes: Marginal effects are calculated by setting all other independent variables to their means. Number of lawsuits are calculated by multiplying the
marginal effects with the mean transfer adjusted volume of 4818 patients. The number of lawsuits represent the reduction in lawsuits experienced by the
hospital when adding HIT equivalent of 1 Saidin index. The dollar impact of lawsuit reduction on hospitals is calculated by using an average lawsuit cost
of $350,000, reached by averaging the payouts of all lawsuits in our data set ($282,000) and adding an additional $0.19 (per $1 in settlement) for costs
associated with defendant lawyer fees, etc. given this estimate in additional fees per Mello et al. (2010).
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Hypothesis 2 posits that the interaction of HIT and
communication quality is associated with the number
of lawsuits filed against the hospital, where commu-
nication quality amplifies the positive effect of HIT in
reducing lawsuits. As seen from Table 2, the coeffi-
cient of the interaction term between communication
quality and HIT is negative and significant
(b = �.011; p < 0.05), indicating that as both HIT and
communication quality increase, together, they
reduce lawsuits. Determining the effect sizes of
covariates requires taking a derivative of the response
function. Specifically, the impact of a change in HIT
on adjusted lawsuits for any observation is given by,

dEðYi;tjXi;t;Zi;t; n̂i;tÞ
dðHITi;tÞ

¼ / Xitbþ Zi;tcþ n̂i;t
� �

cHIT þ cHIT�CommCommunication Qualityð Þ:

Based on the above equation, we can ascertain that
the marginal effect of HIT will depend on the value of
the normal pdf for a given observation, coefficient of
HIT, coefficient of the interaction term between HIT
and communication quality, as well as the level of
communication quality. Finally, due to the nonlinear
nature of the estimation model there will be hetero-
geneity in the marginal effects of HIT based on the
level of HIT and communication quality at the hospi-
tal. Due to this heterogeneity we report the averaged
marginal effects of HIT at different values over its
range: 5th, 25th, 50th, 75th and 95th percentiles and

for three levels of communication quality—low (5th
percentile), medium (50th percentile) and high (95th
percentile). These average marginal effects of HIT in
terms of adjusted lawsuits, number of lawsuits and
dollar impact on the hospital are reported in Table 4.
To illustrate the results shown in Table 4, we graph

the marginal change in number of lawsuits filed for
low, medium and high communication hospitals at
varying levels of HIT adoption in Figure 2. As evident
from Figure 2, as hospitals with low communication
quality adopt more HIT, they have a marginal
increase in lawsuits (points are above the zero line,
and hence lawsuits are increasing). Conversely, as
hospitals with high communication quality adopt
more HIT, they experience a marginal decrease in
lawsuits (points are below the zero line, and hence
they are experiencing a reduction in lawsuits). The
magnitude of this effect changes as a hospital’s HIT
infrastructure matures. As an example, consider a
hospital with high communication quality (95th per-
centile). If this hospital is at the 5th percentile of HIT
adoption, a unit Saidin index increase in HIT will
result in a reduction of 7.29 lawsuits translating into a
cost savings of $2,551,372. If this same hospital is at
the 95th percentile of HIT adoption, a unit Saidin
index increase in HIT will result in a reduction of 0.68
lawsuits translating in a cost savings of $239,286. On
the other hand, let us consider a hospital with low
communication quality (5th percentile) and with low
HIT adoption (5th percentile). If this hospital
increases HIT by one unit of the Saidin index, this
hospital will witness a 0.72 lawsuit increase

Table 4 Marginal Effects at Different Percentiles of HIT for Low, Medium and High Communication Quality Using a Fractional Response Model

Percentiles for HIT

Marginal effects

Number of lawsuits Dollar impactCoeff. SE 95% CI

Low communication (5th percentile) 5th 0.00015 0.00008 (0.00000, 0.00031) 0.722 $252,945
25th 0.00025 0.00012 (0.00001, 0.00049) 1.204 $421,575
50th 0.00033 0.00022 (�0.00010, 0.00076) 1.589 $556,479
75th 0.00044 0.00038 (�0.00031, 0.00118) 2.119 $741,972
95th 0.00057 0.00058 (�0.00057, 0.00171) 2.746 $961,191

Medium communication (50th percentile) 5th �0.00028 0.0002 (�0.0007, 0.0001) �1.337 $468,117
25th �0.00021 0.0001 (�0.0005, 0.0000) �1.011 $353,954
50th �0.00018 0.0001 (�0.0004, �0.0000) �0.867 $303,534
75th �0.00016 0.0001 (�0.0003, �0.0000) �0.759 $265,930
95th �0.00012 0.0000 (�0.0003, �0.0000) �0.582 $203,874

High communication (95th percentile) 5th �0.00151 0.00105 (�0.00357, 0.00055) �7.289 $2,551,372
25th �0.00071 0.00034 (�0.00139, �0.00003) �3.441 $1,204,355
50th �0.00049 0.00019 (�0.00087, �0.00011) �2.375 $831,515
75th �0.00031 0.00009 (�0.00050, �0.00012) �1.522 $533,039
95th �0.00014 0.00003 (�0.00020, �0.00007) �0.683 $239,286

Notes: Marginal effects are calculated by setting all other independent variables to their means. Number of lawsuits are calculated by multiplying the
marginal effects with the mean transfer adjusted volume of 4818 patients. The number of lawsuits represent the reduction in lawsuits experienced by the
hospital when adding HIT equivalent to 1 Saidin index. The dollar impact of lawsuit reduction on hospitals is calculated by using an average lawsuit cost
of $350,000, reached by averaging the payouts of all lawsuits in our data set ($282,000) and adding an additional $0.19 (per $1 in settlement) for costs
associated with defendant lawyer fees, etc. given this estimate in additional fees per Mello et al. (2010).
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translating into $252,945 of additional expenses. If this
same hospital is at the 95th percentile of HIT adop-
tion, a unit Saidin index increase in HIT will result in
an even larger increase of 2.75 lawsuits translating
into $961,191 of additional expenses. Please note that
the marginal effects for hospitals with low communi-
cation quality and/or high HIT adoption (e.g., 95th
HIT and 5th communication quality percentile) are
not significant at p < 0.05. This lack of significance at
the extremes of HIT adoption and/or communication
quality could be due to the smaller sample size in
these groups and the resulting large confidence
interval.
Assuming the average HIT score for our sample

hospitals, a hospital with low communication quality
which increases its HIT by one unit Saidin index can
expect an increase of 1.55 lawsuits (cost increase of
$541,976). On the other hand, hospitals with medium
communication quality that increases HIT by one unit
Saidin index can expect 0.85 fewer lawsuits (cost sav-
ings of $298,475), while hospitals with high communi-
cation quality experience 2.38 fewer lawsuits (cost
savings of $833,032).

6.2. Additional Analysis
6.2.1. Different Caregiver Profiles. As an alter-

nate to the aggregate measure of communication
quality, we investigate whether support for our
hypotheses differs based on who is communicating;
specifically, we analyze nurse communication qual-
ity separately from physician communication qual-
ity. To study these relationships, we examine the

physician and nurse communication components of
the HCAHPS survey. The physician communication
quality score is calculated as the percentage of
patients who answered “always” as the measure
for the HCAHPS survey items: “How often did
doctors communicate well with patients?” Similarly,
the nurse communication quality score is calculated
as the percentage of patients who answered “al-
ways” as the measure for the HCAHPS survey
items: “How often did nurses communicate well
with patients?” We then use an instrumental vari-
able fractional response model with bootstrapped
standard errors to study the relationship between
communication quality (nurse or physician) and
HIT on number of lawsuits filed against the hospi-
tal. We used lagged values of the endogenous vari-
ables, that is, 1-year-lagged values of HIT adoption
and communication quality (nurse or physician
communication), and average HIT and communica-
tion quality (nurse or physician communication) of
competing hospitals located within a health referral
region (HRR), as instruments. We present these
results in Table 5.
The interaction effects between HIT and commu-

nication are significant for both physician and
nurse communication. Regarding physician com-
munication quality, we observe a similar pattern
of results as the main analysis. That is, while
increasing HIT with low physician communication
quality increases lawsuits there are positive syn-
ergies between these two factors as physician com-
munication quality improves. Specifically, on an

Figure 2 Marginal Effects Plot for the Interaction between Communication Quality and HIT in Predicting Lawsuits [Color figure can be viewed at
wileyonlinelibrary.com]
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average with a unit Saidin index increase in HIT,
hospitals with low physician communication qual-
ity (5th percentile) witness a 0.95 increase in law-
suits (cost increase of $331,357). On the other
hand, hospitals with medium physician communi-
cation quality (50th percentile) witness a 0.81
reduction in lawsuits (cost savings of $285,153),
while a 2.21 lawsuit reduction (cost savings of
$772,662) is witnessed by hospitals with high
physician communication quality (95th percentile).
Similar to the main analysis, there is a heterogene-
ity in this relationship based on the level of HIT,
with positive synergies between HIT and physician
communication (at medium to high levels) in
reducing lawsuits being stronger in early cycles of
HIT adoption. On the other hand, the observed
increase in lawsuits at low physician communica-
tion levels become stronger as the HIT adoption at
a hospital increases.
Nurse communication behaves in a similar manner

as physician communication in influencing the rela-
tionship between HIT and lawsuits. While increasing
HIT at low nurse communication quality increases
lawsuits, there are positive synergies between these
two factors as nurse communication quality
improves. Specifically, for hospitals with low nurse
communication quality, a unit Saidin index increase
in HIT will, on average, yield 0.88 more lawsuits (cost

increase of $308,087). On the other hand, hospitals
with medium nurse communication quality witness a
1.05 reduction in lawsuits (cost savings of $365,927),
while a 2.46 lawsuit reduction (cost savings of
$861,699) is witnessed by hospitals with high nurse
communication quality. The heterogeneity in effect
sizes based on the level of HIT adoption is also
consistent with the observations for physician
communication.

6.2.2. Different Severities of Lawsuits. As an
additional analysis, we investigate whether support
for our hypotheses differ based on the severity of the
injury driving the lawsuit. The Florida Office of Insur-
ance Regulations for medical malpractice lawsuit
database classifies lawsuits into six categories based
on severity of injury: emotional trauma, minor tempo-
rary organ damage, minor permanent organ damage,
major temporary organ damage, major permanent
organ damage, and death. The first three categories
are classified as low severity lawsuits; the remaining
categories, high severity lawsuits. We present the
analysis results in Table 6; the results for the low
severity and high severity lawsuits are consistent with
the main analysis.
Similar to the main analysis, the interaction

between HIT and communication quality is signifi-
cant and negative for both low severity and high

Table 5 Instrumental Variable Fractional Response Model with Bootstrapped Standard Errors to Determine Effect of HIT, Physician and Nurse
Communication, and Their Interaction on Adjusted Lawsuits

Physician communication Nurse communication

Coeff. SE 95% CI Coeff. SE 95% CI

Physician communication 0.001 0.005 (�0.009, 0.010)
Nurse communication �0.001 0.006 (�0.012, 0.011)
HIT �0.037* 0.022 (�0.080, 0.006) �0.039* 0.023 (�0.084, 0.006)
Physician communication 9 HIT �0.006* 0.003 (�0.011, 0.000)
Nurse communication 9 HIT �0.008** 0.003 (�0.014, �0.001)
Constant �3.010*** 0.064 (�3.137, �2.883) �3.003*** 0.063 (�3.128, �2.879)
Case mix index �0.291* 0.175 (�0.635, 0.051) �0.298* 0.173 (�0.637, 0.041)
Wage index 0.397 0.742 (�1.057, 1.852) 0.276 0.736 (�1.166, 1.719)
Number of beds �0.0003* 0.0001 (�0.0007, 0.0000) �0.0004** 0.0002 (�0.0007, �0.0000)
Length of stay �0.136** 0.056 (�0.247, �0.025) �0.124** 0.051 (�0.225, �0.024)
Resident to bed ratio 0.642 0.539 (�0.415, 1.700) 0.593 0.539 (�0.463, 1.649)
Conformance quality �0.026 0.028 (�0.083, 0.030) �0.043 0.029 (�0.101, 0.014)
Population density 0.000 0.000 (�0.000, 0.000) 0.000 0.000 (�0.000, 0.000)
Non-augmented clinical HIT 0.016** 0.008 (0.000, 0.033) 0.019** 0.008 (0.002, 0.036)
Law firm concentration �0.011 0.030 (�0.070, 0.047) �0.001 0.027 (�0.056, 0.052)
Hospital reputation �0.063 0.154 (�0.365, 0.239) �0.088 0.133 (�0.351, 0.173)
Pseudo R2 0.04 0.04
p-value 0.00 0.00
Observations 548 548

Notes: “HIT” is our hypothesized technology variable of interest, Non-augmented clinical HIT is a control variable. Lagged values of communication
quality (physician and nurse communication respectively) and HIT, and average Augmented Clinical HIT and communication quality (physician and nurse
communication respectively) of hospitals located within a health referral region (HRR) are used as instruments for communication quality (physician and
nurse communication respectively) and HIT. 500 bootstrap replications were performed. All regressions were run with year fixed effects. Predicted
residuals from the first stage are added as controls. ***p < 0.01; **p < 0.05; *p < 0.1.
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severity injury lawsuits. For high severity lawsuits, on
an average with a unit Saidin index increase in HIT,
hospitals with low communication quality (5th per-
centile) witness a 0.43 increase in lawsuits. On the
other hand, hospitals with medium communication
quality (50th percentile) witness a 0.73 reduction in
lawsuits, while a 1.66 lawsuit reduction is witnessed
by hospitals with high communication quality. For
low severity lawsuits, on an average with a unit Sai-
din index increase in HIT, hospitals with low commu-
nication quality witness a 0.87 increase in lawsuits.
On the other hand, hospitals with medium communi-
cation quality witness a 0.39 reduction in lawsuits,
while a 1.01 lawsuit reduction is witnessed by hospi-
tals with high communication quality. Overall, the
relationships between HIT and lawsuits for high com-
munication quality remains consistent with the main
analysis irrespective of the type of injury.

7. Robustness Checks

We conduct several additional analyses to demon-
strate the robustness of our findings. First, we analyze
our model using alternate normalizations for the
number of lawsuits. Both annual patient days and
number of beds are alternate measures of a hospital’s
scale of operations. The average patient days for hos-
pital i and year t is calculated as,

Annual Patient Daysi;t ¼ Average Daily Censusi;t � 365:

The alternate measures of adjusted lawsuits using
the two measures of a hospital’s scale of operations
for hospital i and year t are calculated as follows:

Adjusted Law suits perbedi;t ¼ Number of Law suitsi;t
Number of bedsi;t;

and

Adjusted Law suits per patient dayi;t

¼ Number of Law suitsi;t
Annual Patient Daysi;t

Using these alternate normalizations of lawsuits, we
analyze an instrumental variable FRM with boot-
strapped standard errors. The results from these
models are presented in Table 7 and remain consis-
tent with the main analysis.
Second, as an alternate to a Saidin index we use

count of technologies to capture augmented and non-
augmented Clinical HIT. A number of studies have
used count as a measure of HIT levels (Angst et al.
2012, Boyer 1999, Ettlie 1983). We present the results
of the instrumental variable fractional response model
with bootstrapped errors using count for HIT in
Table 8; the results remain consistent with the main
analysis in both directionality and magnitude.
Third, we used an alternate measure of communi-

cation quality to test hypothesis 1 and 2. To calculate
this measure, we averaged four questions from the
HCAHPS survey (Qi) and then applied a logit

Table 6 Instrumental Variable Fractional Response Model with Bootstrapped Standard Errors to Determine Effect of HIT, Communication, and Their
Interaction on Adjusted High and Low Severity Lawsuits

Adjusted high severity lawsuits Adjusted low severity lawsuits

Coeff. SE 95% CI Coeff. SE 95% CI

Communication quality 0.002 0.008 (�0.015, 0.018) �0.006 0.011 (�0.028, 0.015)
HIT �0.063** 0.027 (�0.118, �0.009) �0.036 0.029 (�0.094, 0.020)
Communication quality 9 HIT �0.010** 0.005 (�0.020, �0.000) �0.010** 0.005 (�0.020, �0.000)
Constant �3.296*** 0.052 (�3.399, �3.192) �3.296*** 0.065 (�3.424, �3.168)
Case mix index �0.236 0.191 (�0.612, 0.138) �0.421** 0.166 (�0.748, �0.095)
Wage index 1.087 0.791 (�0.464, 2.638) �0.259 0.707 (�1.647, 1.127)
Number of beds �0.0003 0.0002 (�0.0006, 0.0001) �0.0004** 0.0002 (�0.0007, �0.0001)
Length of stay �0.145*** 0.051 (�0.245, �0.044) �0.075 0.048 (�0.171, 0.020)
Resident to bed ratio 0.310 0.556 (�0.780, 1.402) 0.592 0.392 (�0.177, 1.361)
Conformance quality �0.040 0.028 (�0.097, 0.015) �0.040 0.025 (�0.091, 0.010)
Population density 0.000 0.000 (�0.000, 0.000) �0.000 0.000 (�0.000, 0.000)
Non-augmented clinical HIT 0.013*** 0.004 (0.004, 0.022) 0.015*** 0.004 (0.005, 0.024)
Law firm concentration �0.012 0.029 (�0.069, 0.045) 0.004 0.025 (�0.047, 0.054)
Hospital reputation �0.002 0.144 (�0.285, 0.281) �0.036 0.108 (�0.250, 0.176)
Pseudo R2 0.04 0.04
p-value 0.00 0.00
Observations 548 548

Notes: “HIT” is our hypothesized technology variable of interest, Non-augmented clinical HIT is a control variable. Lagged values of communication
quality and HIT, and average Augmented Clinical HIT and communication quality of hospitals located within a health referral region (HRR) are used as
instruments for communication quality and HIT. 500 bootstrap replications were performed. All regressions were run with year fixed effects. Predicted
residuals from the first stage are added as controls. ***p < 0.01; **p < 0.05; *p < 0.1.
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transformation to the score. Specifically, the commu-
nication quality score, Si,t, for hospital i and time per-
iod twith percentage scoreQi;t is given by:

Si;t ¼ Ln

�
Qi; t

1�Qi; t

�

The results when using the alternate measure of
communication quality are presented in Table 8 and
remain consistent with the main analysis.
Finally, although we control for intermediate qual-

ity of care measures—e.g., conformance quality and
LOS, it is possible that end quality of care measures—

Table 7 Instrumental Variable Fractional Response Model with Bootstrapped Standard Errors to Determine Effect of HIT, Communication, and Their
Interaction on Alternate Measures of Lawsuits

Lawsuits per bed Lawsuits per patient days

Coeff. SE 95% CI Coeff. SE 95% CI

Communication quality �0.018 0.012 (�0.043, 0.006) �0.006 0.007 (�0.021, 0.009)
HIT �0.049* 0.028 (�0.104, 0.006) �0.044** 0.019 (�0.082, �0.007)
Communication quality 9 HIT �0.013** 0.006 (�0.024, �0.000) �0.009*** 0.004 (�0.017, �0.000)
Constant �2.098*** 0.069 (�2.234, �1.963) �3.748*** 0.045 (�3.836, �3.660)
Case mix index 0.010 0.215 (�0.412, 0.434) �0.177 0.153 (�0.478, 0.122)
Wage index �1.051 0.906 (�2.827, 0.724) �0.282 0.503 (�1.268, 0.704)
Number of beds �0.001*** 0.000 (�0.001, �0.000) �0.0005*** 0.0002 (�0.0009, �0.0002)
Length of stay �0.113** 0.053 (�0.218, �0.008) �0.100** 0.039 (�0.177, �0.022)
Resident to bed ratio 0.987* 0.562 (�0.114, 2.089) 0.289 0.374 (�0.444, 1.022)
Conformance quality �0.030 0.036 (�0.101, 0.040) �0.015 0.023 (�0.061, 0.030)
Population density �0.000 0.000 (�0.000, 0.000) 0.000 0.000 (�0.000, 0.000)
Non-augmented clinical HIT 0.023* 0.012 (�0.001, 0.048) 0.016** 0.008 (0.000, 0.033)
Law firm concentration �0.011 0.033 (�0.077, 0.054) �0.028 0.021 (�0.069, 0.013)
Hospital reputation 0.030 0.142 (�0.249, 0.310) 0.030 0.103 (�0.171, 0.232)
Pseudo R2 0.07 0.05
p-value 0.00 0.00
Observations 548 548

Notes: “HIT” is our hypothesized technology variable of interest, Non-augmented clinical HIT is a control variable. Lagged values of communication
quality and HIT, and average Augmented Clinical HIT and communication quality of hospitals located within a health referral region (HRR) are used as
instruments for communication quality and HIT. Here 500 bootstrap replications were performed. All regressions were run with year fixed effects.
Predicted residuals from the first stage are added as controls. ***p < 0.01; **p < 0.05; *p < 0.1.

Table 8 Instrumental Variable Fractional Response Model with Bootstrapped Standard Errors to Determine Effect of HIT, Communication, and Their
Interaction on Adjusted Lawsuits Using Alternate Measures of HIT (Count) and Communication Quality (logit transformed score)

Alternate measure of HIT (count) Alternate measure of communication quality

Coeff. SE 95% CI Coeff. SE 95% CI

Communication quality �0.001 0.009 (�0.019, 0.016) �0.010 0.147 (�0.298, 0.277)
HIT �0.028** 0.013 (�0.055, �0.001) �0.040* 0.023 (�0.086, 0.004)
Communication quality 9 HIT �0.006** 0.002 (�0.011, �0.001) �0.165** 0.080 (�0.322, �0.007)
Constant �3.078*** 0.051 (�3.180, �2.976) �2.998*** 0.063 (�3.123, �2.873)
Case mix index �0.354** 0.169 (�0.686, �0.023) �0.312* 0.178 (�0.662, 0.036)
Wage index 0.453 0.706 (�0.932, 1.838) 0.363 0.755 (�1.117, 1.843)
Number of beds �0.0003** 0.0002 (�0.0007, �0.0000) �0.0003* 0.0002 (�0.0007, 0.0000)
Length of stay �0.115** 0.049 (�0.211, �0.018) �0.130** 0.053 (�0.234, �0.025)
Resident to bed ratio 0.415 0.487 (�0.540, 1.370) 0.586 0.545 (�0.482, 1.655)
Conformance quality �0.040 0.026 (�0.091, 0.010) �0.037 0.029 (�0.094, 0.019)
Population density 0.000 0.000 (�0.000, 0.000) 0.000 0.000 (�0.000, 0.000)
Non-augmented clinical HIT 0.017*** 0.004 (0.007, 0.026) 0.019** 0.008 (0.002, 0.035)
Law firm concentration �0.006 0.025 (�0.055, 0.043) �0.006 0.028 (�0.063, 0.049)
Hospital reputation �0.017 0.122 (�0.256, 0.221) �0.082 0.147 (�0.371, 0.2066)
Pseudo R2 0.04 0.04
p-value 0.00 0.00
Observations 548 548

Notes: “HIT” is our hypothesized technology variable of interest, Non-augmented clinical HIT is a control variable. Lagged values of communication
quality and HIT, and average Augmented Clinical HIT and communication quality of hospitals located within a health referral region (HRR) are used as
instruments for communication quality and HIT. 500 bootstrap replications were performed. All regressions were run with year fixed effects. Predicted
residuals from the first stage are added as controls. ***p < 0.01; **p < 0.05; *p < 0.1.
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e.g., readmissions rate, have a stronger impact in
influencing lawsuits. Consequently, as a robustness
check, we control for the 30 day readmissions rate for
a hospital when evaluating the impact of communica-
tion quality and HIT on lawsuits. We obtain the 30-
day readmissions rate for a hospital from the CMS
process of care database. CMS reports 30-day read-
missions rate for heart attack, heart failure and pneu-
monia. The readmissions rate for a hospital is
calculated as a weighted average for these three con-
ditions. The results using the alternate measure of
quality of care using an instrumental variable frac-
tional response model with bootstrapped standard
errors are presented in Table 9 and remain consistent
with the main analysis.

8. Discussion

Our results support a significant and direct relation-
ship between HIT adoption and fewer lawsuits filed,
which becomes stronger for hospitals with higher
communication quality scores. We explain that higher
levels of HIT coupled with good communication

enables operational transparency, which has been
shown to improve customer perceptions of service
quality. Past work has applied operational trans-
parency to food service, self-service technology, and
government services (Buell and Norton 2011, Buell
et al. 2017, 2018). While this previous work uses tech-
nology to demonstrate operational transparency (for
example, an aggregator website displays the various
websites searched to find the best price for an airline
flight), we flip this approach and use people to
demonstrate operational transparency (interpreting
and explaining what has been done, as displayed by
the HIT systems). In other words, we extend opera-
tional transparency to complex service operations,
where communication acts as a bridge between tech-
nology and the end customer (patient). Because of the
complexity and highly technical nature of health care
information, which necessitates interpretation and
effective communication by a care provider, the per-
sonal communication of healthcare providers acts as a
bridge to provide operational transparency.
This operational transparency created through the

interaction of HIT and communication quality also
sheds light on the inconclusive relationship between
HIT and malpractice lawsuits previously found in the
literature. It is possible that the positive (Quinn et al.
2012), insignificant (Virapongse et al. 2008), and nega-
tive (Miller and Tucker 2014) impact of HIT reported
in the literature may be due to failing to account for
factors like communication quality in their study sam-
ples. Our analysis shows that communication quality
will impact how HIT influences number of lawsuits.
Although previous research has concluded there is

a relationship between better communication and
fewer lawsuits, much of this literature does not
account for technology within the environment. We
did not posit any direct relationship between commu-
nication quality and lawsuits, but we note Table 2
shows no direct, significant relationship between the
two constructs. This insignificance could be due to
how communication influences an interactive effect
as opposed to direct effect, once technology is consid-
ered within the model, and should be investigated in
future research.
As hospitals tend to operate with narrow margins,

it is important to understand the payoff of operational
investments. Hospitals are investing heavily in HIT
and communication to both improve quality, and to
increase reimbursements as a result of the ACA legis-
lation. In addition to these primary reasons for HIT
investment, hospitals can also reap the secondary
benefit of lawsuit reduction. However, hospitals can
receive more benefits when they couple improved
communication and HIT together. As indicated by
our results, an average hospital can annually save
approximately $833,032 in lawsuit costs by investing

Table 9 Instrumental Variable Fractional Response Model with
Bootstrapped Standard Errors to Determine Effect of HIT,
Communication, and Their Interaction on Adjusted Lawsuits
with Readmissions Rate as an Additional Control

Readmissions rate added as control

Coeff. SE 95% CI

Communication quality �0.003 0.009 (�0.021, 0.014)
HIT �0.040* 0.022 (�0.084, 0.003)
Communication
quality 9 HIT

�0.011** 0.005 (�0.020, �0.001)

Constant �2.937*** 0.494 (�3.907, �1.967)
Readmissions rate �0.005 0.023 (�0.050, 0.039)
Case mix index �0.347** 0.166 (�0.674, �0.021)
Wage index 0.358 0.720 (�1.054, 1.770)
Number of beds �0.0003** 0.0002 (�0.0007, �0.0000)
Length of stay �0.110** 0.045 (�0.200, �0.020)
Resident to bed ratio 0.440 0.483 (�0.508, 1.388)
Conformance quality �0.032 0.026 (�0.083, 0.018)
Population density 0.000 0.000 (�0.000, 0.000)
Non-augmented
clinical HIT

0.019** 0.008 (0.003, 0.036)

Law firm concentration �0.003 0.027 (�0.056, 0.049)
Hospital reputation �0.006 0.131 (�0.264, 0.250)
Pseudo R2 0.04
p-value 0.00
Observations 548

Notes: “HIT” is our hypothesized technology variable of interest, Non-
augmented clinical HIT is a control variable. Lagged values of
communication quality and HIT, and average Augmented Clinical HIT and
communication quality of hospitals located within a health referral region
(HRR) are used as instruments for communication quality and HIT. Here
500 bootstrap replications were performed. All regressions were run with
year fixed effects. Predicted residuals from the first stage are added as
controls. ***p < 0.01; **p < 0.05; *p < 0.1.
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in HIT and improved communication quality. How-
ever, this same hospital could lose as much as
$541,976 in additional lawsuit costs if investments in
HIT are made without corresponding improvements
in communication quality. Our analysis provides evi-
dence that an investment in HIT without improve-
ments to communication will have less of an impact
on reducing lawsuits than improving both HIT and
communication together. Thus, understanding the
implications of these interactions is important for
operations decision makers in hospitals and health
systems.
We also find significant heterogeneity in this rela-

tionship based on the level of HIT, with positive syn-
ergies between HIT and communication (at medium
to high levels) in reducing lawsuits being stronger in
early cycles of HIT adoption. On the other hand, the
observed increase in lawsuits at low communication
levels become stronger as the HIT adoption at a hospi-
tal increases. Given the trend towards increased HIT
adoption hospitals should take steps to achieve at
least a reasonable level of communication quality in
order to minimize additional expenses as a result of
increased lawsuits.
We also find that the relationship between HIT and

lawsuits remains consistent irrespective of the stake-
holder involved in communication (physician or
nurse). This result emphasizes the need to focus on
improving communication quality for all caregivers.
While hospitals recognize the need for communica-
tion training (Levinson et al. 2010, Weir 2012), there
are often barriers to improving communication.
Physicians generally are severely time constrained
(Koven 2012, Weir 2012), thus limiting physicians’
ability to communicate well. Additionally, communi-
cation patterns within hospitals tend to be reinforced
by the overall culture of the hospital (Dutta et al.
2017, Levinson et al. 2010). This aligns with the
anthropology literature, which explains that culture
influences communication within an organization,
and then as individuals communicate, they reinforce
the cultural norm (Schall 1983). We mention this to
say that improving communication requires a larger
effort than one-time training.
Finally, one might surmise that the mechanisms for

affecting patients’ perceptions might differ for low
severity vs. high severity injuries. Our results indicate
that this is not the case. That is, HIT and communica-
tion have an effect on the number of both severe and
non-severe lawsuits. This result indicates the impor-
tance of operational transparency in reducing law-
suits, irrespective of the severity of injury resulting in
the lawsuit.
Besides these operational implications, we also pro-

vide rigorous testing, including multiple robustness
checks, addressing endogeneity using different sets of

instruments, demonstrating validity of results across
different model specifications and operationalization
of key variables. This rigorous testing builds on and
strengthens the original HIT-lawsuit research.

9. Limitations and Conclusions

We acknowledge the following limitations in our
study. First, our measure of communication quality is
based on the HCAHPS survey conducted by CMS
and may not accurately capture all forms of care-
giver–patient interactions. Second, although we con-
trol for many hospital-level characteristics, we are
unable to account for caregiver-level factors that may
influence lawsuits filed through quality issues. Third,
our measure of HIT levels is based on an index cre-
ated based on the presence of individual HIT. This
index may not provide an accurate measure of the
actual usage of HIT at a hospital. Finally, we only
study the impact of augmented clinical HIT and its
interaction with communication quality on lawsuits.
We acknowledge that there are other types of HITs in
the hospital environment—clinical HITs (involved in
patient data collection and diagnosis) and administra-
tive HITs (involved in administrative data flow
within the hospital). Although we control for these
HITs in our analysis, it is possible that interactions
between these HITs and hospital environmental vari-
ables yield new insights regarding lawsuits. Future
research should attempt to mitigate the above limita-
tions and help further advance our understanding of
drivers behind malpractice lawsuits. Even with the
above limitations, we are confident in the accuracy of
our findings, given their strong theoretical foundation
as well as support through multiple robustness
checks.
Our analysis helps us to understand how HIT,

meant to improve quality, can either enhance or
detract from a patient’s experience, depending on
how care providers integrate HIT into their care rou-
tines. By undertaking rigorous analysis of this phe-
nomenon, along with estimated cost savings, we
better understand the impact of HIT adoption, and
more importantly, how the environment (specifically
communication environment) shifts the benefit of HIT
adoption. This allows for a better understanding of
the integrated nature of tools and environment.
By taking this approach, we fill important gaps in

the medical malpractice lawsuits process literature.
Supporting the existing literature, we show that
higher HIT maturity is associated with reduced law-
suits. Additionally, we find that communication qual-
ity complements HIT in reducing lawsuits. These
contributions help further our understanding of the
drivers behind malpractice lawsuits as well as the
operational mechanisms to mitigate their occurrence.
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