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Abstract Health information exchange (HIE) makes previ-
ously inaccessible data available to clinicians, resulting in
more complete information. This study tested the hypotheses
that HIE information access reduced emergency room visits
and inpatient hospitalizations for ambulatory care sensitive
conditions among medically indigent adults. HIE access was
quantified by how frequently system users’ accessed
patients’ data. Encounter counts were modeled using zero
inflated binomial regression. HIE was not accessed for 43%
of individuals. Patient factors associated with accessed data
included: prior utilization, chronic conditions, and age.
Higher levels of information access were significantly
associated with increased counts of all encounter types.
Results indicate system users were more likely to access HIE
for patients for whom the information might be considered
most beneficial. Ultimately, these results imply that HIE
information access did not transform care in the ways many
would expect. Expectations in utilization reductions, how-
ever logical, may have to be reevaluated or postponed.
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Introduction

Exchanging patients’ health information across organiza-
tional boundaries through automated systems holds the
promise of quality improvements and cost savings for
healthcare service organizations [1]. The United States’

“highly fragmented”[2] method of storing health data
places an individual’s clinically relevant information in
multiple independent repositories. Vital information may be
totally unavailable or ineffectively shared when first
seeking care at a facility [3, 4] or with a physician [5]
because of disparate storage. This problem is illustrated by
Finnell and colleagues report that one-quarter of emergency
department patients had medical information stored in
another hospital system [6]. Similarly, a recent survey of
primary care visits reported clinically relevant information
was missing in 14% of the time and physicians believed the
data were stored outside their information systems in the
majority of those instances [7]. The Institute of Medicine
(IOM) identified this reality as a threat both to the safety [8]
and to the overall quality of healthcare as providers must
deliver care “without the benefit of complete information
about the patient’s condition, medical history, services
provided in other settings, or medications prescribed by
other clinicians”[2, p. 4].

In select clinical settings, decisions frequently occur with
incomplete medical knowledge;[9] clinicians perceive
missing data threatens patient well-being and increases staff
time [7]. The availability of a more comprehensive clinical
history could improve efficiency by reducing redundancy,
particularly in the area of diagnostic testing [10]. Likewise,
the availability of a more comprehensive medication history
can improve safety [11]. Furthermore, lack of access to
information stored by other organizations can be a barrier to
effective coordination of care in disease management
programs [12, 13], and to the continuity of care [14].

Health information exchange (HIE) makes previously
inaccessible data available, resulting in the availability of
more complete clinical information, which could improve
the quality of care [4, 15]. The available electronic clinical
information at the point of care addresses the quality
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dimension of timeliness [2]. The IOM recommended
financial support of, and a commitment to information
technology in order to improve quality and efficiency [16].
Additionally, reports suggest HIE may make care more
patient centered [17]. Estimates promise substantial savings
at the local level [18] and savings measured in the billions
from a national HIE system [19].

In addition, reduced utilization in the form of patient
encounters is an expected [20] and intended primary effect
of HIE [21]. Inpatient hospitalizations generate costs, and
preventable hospitalizations are a potential indicator of an
inappropriate quality of care [22]. Emergency room
utilization is costly [23], associated with both inappropriate
care seeking behaviors [24] and indicative of lower health
status [25]. Relevant to the practice of healthcare, HIE may
be most effective in emergency room settings [4, 15], and a
way to reduce inpatient hospitalizations [18]. For policy
makers, the recent and substantial investment in health
information exchanges [26] makes questions concerning
HIE ability to prevent unnecessary encounters particularly
relevant [27].

To date, unfortunately, we lack substantial and consistent
empirical demonstrations of the effectiveness of HIE [27–
29]. A randomized controlled pilot reported sharing of
electronic clinical data between emergency departments
reduced patient encounter charges [30]. The reported cost
reduction, however, occurred under very select circum-
stances and not uniformly across all study sites. Further-
more, a recent randomized trial of the electronic delivery of
a single Canadian emergency department’s information to
family physicians found no beneficial results [31]. While
furthering our understanding and the acceptability of HIE,
theory building case-studies [32], financial estimations [18],
implementation concerns [15], and policy discussions [19]
dominate the HIE literature. The limited empirical evidence
of the effectiveness of HIE in improving outcomes
constitutes a serious barrier to its adoption [32, 33].

This investigation addresses this lack of evidence by
examining the following hypotheses:

1. Access of HIE information will be associated with a
lower inpatient hospitalizations for ambulatory care
sensitive conditions.

2. Access of health information exchange information will
be associated with lower emergency room utilization.

Materials and methods

Data source

Data for this cohort study come from the Integrated Care
Collaboration (ICC) of Central Texas’ master patient index/

clinical data repository called I-Care. (The ICC was
formerly known as the Indigent Care Collaboration of
Central Texas.) Austin area safety net providers, with
additional funding from the Robert Wood Johnson Foun-
dation and the Health Resources & Services Administra-
tion, founded the ICC in 1997 as a means to improve access,
quality, and cost of health care services for the medically
indigent. The ICC exists as a separate nonprofit entity with
eighteen member organizations including: hospital systems,
public and private clinics, and governmental agencies
operating federally qualified health centers. The ICC serves
a multi-county area and is supported by voluntary member-
ship contributions (Harrington et al., 2007, unpublished).

I-Care is the ICC’s centralized database containing
electronic demographic and clinical information from 2002
onwards. As of 2007, I-Care contains more than 3.1 million
service encounters representing more than 600,000 unique
individuals. ICC’s goal is that I-Care will exist as a shared
longitudinal electronic health record for the medically
indigent. Therefore, I-Care does not systematically include
encounters covered by private insurance or Medicare (unless
dual Medicaid eligible). Member organizations contribute
patient electronic data to I-Care through secure electronic
interfaces. In turn, each location may access data from I-Care
at a secured website using a desktop computer with internet
access. I-Care is not a full electronic medical record.
However, absence of a full electronic medical record is not
a barrier to achieving progress to quality improvements [2].

The study dataset is a subset of the entire I-Care
population seeking care between January 1, 2005 and June
30, 2007. Since I-Care does not capture privately insured
encounters, the individuals in the database do not constitute
a fixed cohort. That is, during period of uninsurance, an
individual’s encounters are recorded in the database, but
during periods of private coverage no records are generated.
Study inclusion criteria were defined to select a consistently
medically indigent adult population in order to primarily
guard against this attrition. Figure 1 summarizes the
inclusion criteria. First, the study only included Travis
County residents 18 to 64 years old and excluded
encounters at the public mental health provider and Planned
Parenthood. The latter two providers suppress too many
data elements for use in this analysis.

As evident from Fig. 1, Travis County adult residents
constituted a minority of the individuals in the system. Data
were further restricted to only include individuals who had
an I-Care recorded encounter at a private or public health
clinic during each of the three calendar years. This
requirement reduced the likelihood an individual experienced
a privately insured healthcare encounter or left the Austin
area, either of which would generate outcomes not included
in the dataset. Finally, the ICC collects all encounters of the
medically indigent, but only allows the information to be
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seen across providers if the individual provides written
consent. The final data set excluded individuals who had
provided consent prior to 2005 and individuals who had not
authorized the ICC to share their data across providers. The
final study population included 6,114 persons.

Dependent variables

Inpatient hospitalizations due to ambulatory care sensitive
hospitalizations (ACSHs) and emergency department visits
were the two dependent variables of interest. Both outcomes
only included events occurring after the first date of HIE
authorization in 2005. All events with ICD-9 codes associated
with accidents or pregnancy, labor and delivery were also
excluded. ACSHs included those inpatient hospitalizations
due to conditions such as asthma, diabetes, ear infections, or
pelvic inflammatory disease. ACSHs are preventable hospital-
izations [34], and indicators of an absence of timely and
appropriate ambulatory care [35]. In addition, ACSHs
reduction represents a stated goal of the ICC [36]. Inpatient
hospitalizations were classified as ACSHs using the ICD-9
list provided by Shi and colleagues [37].

Independent variables

Electronic security logs documenting I-Care use by health-
care staff were transformed into an information access
index in order to measure the degree to which a patient’s

HIE information was accessed. The I-Care interface is
comprised of several web pages or screens. As part of
HIPPA compliance, I-Care security logs document the
user’s location, the patient viewed, the date accessed, and
information screen viewed. The initial I-Care screen
includes basic patient identifying information. From that
point, system users may access the available information on
previous medical encounters, diagnoses, orders, detailed
demographics, medication orders, and payer sources on
different screens. The number of different dates on which a
patient’s I-Care data were viewed by a system user
provided an index of information access. In order to
improve model fit due to small counts, the information
access index was categorized into four levels. An index
value of zero, meaning patients’ data were not accessed,
constituted the reference category; the low, medium and
high categories were defined by tertile values. The
categorized information access index was further reduced
to a simple binary variable denoting HIE information
viewed or no HIE information viewed. Views by database
administrators were not included in calculating the infor-
mation access index values, nor were any activities like
report generation.

Potential confounding variables included clinical, demo-
graphic, and service measures. Comorbidity is potential
confounding factor as it is associated with utilization
outcomes and is a component of underlying health status
[38]. The respective ICD-9 codes recorded at any encounter
identified asthma, diabetes, hypertension, ischemic heart
disease, hypercholesterolemia, and stroke patients. The total
number of the aforementioned chronic conditions summed
to develop a chronic condition count index. Previous
research has shown that basic counts have good predictive,
concurrent, and construct validity as a measure of comor-
bidity [39]. Patient demographics included age, gender,
race/ethnicity and marital status at time of first clinic visit in
2005. Service utilization history included the frequency of
clinic visits, emergency room usage and hospitalizations in
the year prior to the study. Previous frequent emergency
department utilization has been demonstrated to be a
predictor of continued frequent utilization [40]. Previous
utilization history variables were dichotomized into simple
occurrence and no occurrence variables.

Statistical analysis

The entire study population was described using frequen-
cies and percents. In addition, descriptive statistics were
stratified into persons with no information accessed in the
HIE and persons with any information accessed. As a first
stage, the simple binary variable denoting HIE information
accessed or no HIE information accessed was modeled as
the dependent variable in a series of logistic regressions in

Fig. 1 Study inclusion and exclusion criteria
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an attempt to understand the differing levels of HIE
information access. A multivariate model was created using
a backwards elimination approach based on likelihood ratio
testing [41]. Associations were described using odds ratios
and 95% confidence intervals.

The second stage of the analysis consisted of the formal
hypothesis testing. Individuals were modeled with the
categorized information access index as the primary exposure
of interest using zero inflated negative binomial regression.
Zero inflated negative binomial regression, appropriate for
count models, was preferred over both Poisson and negative
binomial regression based on overdispersion, the large
number of zeros, Vuong test and other standard tests [42,
43]. Unadjusted models were created for each independent
variable. A backwards elimination approach based on
likelihood ratio testing and Bayesian Information Criterion
values was used to create multivariate models. Significance

testing for the coefficients was set at alpha=0.05. Exponen-
tiated parameter coefficients expressed the factor change in
the expected outcome for a change in the independent
variable.

Results

Table 1 describes the total study population and those with
and without information accessed in the HIE. The total
study population was predominately female (only 20.9%
male) and Hispanic (66.9%). The mean age was 39 years
old. The majority of the study population had a least one
chronic condition (55.9%), with hypertension (36.7%) and
hypercholesterolemia (33.5%) being the most common.

Just more than half (56.6%) of individuals had information
accessed in the system. The proportion of patients accessed

Table 1 Demographics, conditions, and service utilization of patients with and without HIE information accessed

Total n=6,114 Information accessed n=3,463 No information accessed n=2,651

n % n % N %

Male gender 1,280 20.9 803 23.2 477 18.0
Race/ethnicity
White non-Hispanic 923 15.1 620 17.9 303 11.4
African American 629 10.3 391 11.3 238 9.0
Hispanic 4,093 66.9 2,157 62.3 1,936 73.0
Other/missing 469 7.7 295 8.5 174 6.6
Marital status
Married/significant other 2,334 38.2 1,202 34.7 1,132 42.7
Single/divorced/widow 2,403 39.3 1,512 43.7 891 33.6
Unknown 1,377 22.5 749 21.6 628 23.7
Homeless 146 2.4 97 2.8 49 1.9
Chronic conditions
Asthma 708 11.6 511 14.8 197 7.4
Diabetic 1,574 25.7 1,165 33.6 409 15.4
Heart disease 335 5.5 265 7.7 70 2.6
Hypercholesterolemia 2,049 33.5 1,348 38.9 701 26.4
Hypertensive 2,242 36.7 1,547 44.7 695 26.2
Stroke 163 2.7 129 3.7 34 1.3
Number of chronic conditions
0 2,696 44.1 1,163 33.6 1,533 57.8
1 1,341 21.9 835 24.1 506 19.1
2 922 15.1 612 17.7 310 11.7
3 810 13.3 572 16.5 238 9.0
4–6 345 5.6 281 8.1 64 2.4

Mean Sd Mean Sd Mean Sd
Age 39.40 0.2 42.53 12.2 35.31 12.6
Clinic visits 2004 2.85 3.8 3.44 4.1 2.09 3.3
Clinic visits 2005 5.47 4.3 5.76 4.4 5.08 4.1
Clinic visits 2006 5.77 4.3 5.94 4.5 5.55 4.0
Clinic visits 1/2007–6/2007 3.06 2.5 3.14 2.6 2.96 2.4
Number of emergency room visits 2004* 0.66 2.4 0.94 3.1 0.28 0.9
Number of inpatient hospitalizations 2004* 0.06 0.7 0.08 0.4 0.04 0.9

*Excluding accidents, pregnancy, labor or delivery.
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was much higher than that reported in a previous study [44].
Those whose information was accessed tended to be older
(mean=42.5 vs 35.3), have more chronic conditions (66.4%
vs 42.2%) and had more health care encounters in 2004.

Numerous factors were associated with any HIE infor-
mation access, as indicated in Table 2. Unadjusted for
confounding factors, patients who were male (odds ratio
(OR)=1.38), single/divorced/widow (OR=1.60), homeless
(OR=1.53), or had any of the chronic conditions, all had
significantly higher odds of having their HIE information
accessed by system users. In addition, a prior year clinic
visit, emergency room visit or inpatient hospitalization
raised the odds of HIE information access by 130%, 173%
and 374% respectively. After adjusting for confounding
factors, increasing age (OR=1.03), number of chronic
conditions (OR=1.13), at least one prior year clinic visit
(OR=1.63), a prior year emergency room visit (OR=1.96),
and being hospitalized in 2004 (OR=2.02) all increased the
odds of HIE information access.

The associations between the level of HIE information
access and utilization outcomes of interest are displayed in
Table 3. Unadjusted for any confounding factors, increasing
HIE information access was statistically associated with the
number of emergency room visits. Compared to the
individuals without, patients with HIE information accessed
one time had an 83% higher expected count of emergency
room visits. Likewise, those in the medium access category

had a 158% higher expected count and those in the highest
access category had a 290% higher expected count.
Furthermore, HIE information access level was still
associated with increased expected emergency room visits
after adjusting for confounding factors. In the best fitting
model, all levels of HIE information access were associated
with increased expected emergency room visits compared
to no information access. Individuals in the highest
information access category had a 213% higher expected
emergency room visit count. The Cragg–Uhler [42] pseudo-
r2 for the best fitting model was 0.28.

Similar to the models of emergency room usage, more
HIE information access was also associated with increased
ACSHs. The unadjusted expected count of ACSHs were
261% and 104% higher for the high and medium HIE
information access levels, respectively, compared those with
no HIE information accessed. Estimates did not vary greatly
once adjusted for confounding factors. Both the medium and
high levels of HIE information access were statistically
associated with increases in the expected counts of inpatient
hospitalizations in the best fitting model. The best model had
a Cragg–Uhler pseudo-r2 of 0.27. Figure 2 summarizes how
the more HIE information was accessed, the higher the
expected counts of emergency room visits and ACSHs.

Discussion

This analysis found accessed HIE information, contrary to
the hypothesized relationships, was associated with in-
creased health service utilization. This relationship was
consistent both before and after multivariate adjustments
for confounding, and for both utilization events examined.
In the best fitting models for each of the outcomes, the
highest level of information access was statistically higher
than the effect from a medium level of access. Results also
demonstrated providers’ HIE system access was not
random, but specific patient factors increased the odds of
information access.

Why was it the case the more a person’s HIE data were
examined, the more likely that person was to have more
emergency room visits and inpatient hospitalizations? One
explanation would be the HIE information was either
inadequate or ineffectively utilized. An HIE is a necessary,
but in and of itself, an insufficient condition to change
healthcare utilization. The existence, retrieval and applica-
tion of previously inaccessible information are also neces-
sary conditions. However, clinical information seeking is
fraught with information retrieval failure [45]. Potentially
the HIE system did not provide the necessary data either
through absence in the system or it was simply missed by
the user. Either of these reasons could fail to transform care
and reduce utilization. This conclusion highlights that the

Table 2 Factors associated with any patients’ HIE information access

Unadjusted Odds
Ratio (95%CI)*

Best fitting model
Odds Ratio (95%CI)

Sex (male) 1.38 (1.22, 1.56)
Age 1.05 (1.04, 1.05) 1.03 (1.03, 1.04)
Hispanic 0.61 (0.55, 0.68)
Marital status
Married/significant
other

Reference

Single/divorced/widow 1.60 (1.42, 1.79)
Unknown 1.12 (0.98, 1.28)
Homeless 1.53 (1.09, 2.17)
Chronic conditions
Asthma 2.16 (1.81, 2.56)
Diabetic 2.78 (2.45, 3.15)
Heart disease 3.06 (2.34, 4.00)
Hypercholesterolemia 1.77 (1.59, 1.98)
Hypertensive 2.27 (2.04, 2.54)
Stroke 2.98 (2.03, 4.36)
Number of chronic
conditions

1.52 (1.45, 1.59) 1.13 (1.06, 1.19)

Utilization history
Clinic visit in 2004 2.30 (2.07, 2.55) 1.63 (1.46, 1.82)
ER visit in 2004 2.73 (2.39, 3.11) 1.96 (1.70, 2.26)
Hospitalized in 2004 4.74 (3.29, 6.85) 2.02 (1.38, 2.98)

*95% confidence interval
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application of the HIE information in the care process was
unknown in this study. Although the security logs on which
the information access index was created document the
pages viewed, they tell nothing of system user specific
motivation, what information or knowledge was actually
sought, or acquired [46].

As an alternative explanation, one could argue the
association between increased HIE access and utilization
was expected. Factors potentially indicative of complex
cases, or in other words simply sicker people, increased the
odds of providers accessing the HIE information. Consis-
tent with information seeking theory [47] and information
sought by clinicians [48–50], providers may have accessed
the data for whom the information would be most useful.
The patient characteristics associated with HIE access are
characteristics one would expect to generate large amounts
of disparately stored health information. Patients whose
information was accessed had visits with different providers
(hospital or emergency room verses clinic) and had
characteristics that can require multiple diagnostics tests
and medications [51]. Whereas individuals presenting with
minor complaints, or those without chronic conditions, may
not have warranted the time and effort to access the system
[52]. The later type of patient was less likely to have
increased utilization encounters; in contrast, chronic con-
ditions, increased age, prior utilization and other risk factors

were predictors of increased utilization. However, multi-
variate analysis adjusted for differences in health measures
and the relationship still persisted. Again, this suggests the
HIE as utilized was not associated with a transformation in
healthcare.

Additionally problematic, the data indicate the overall
quality of care may not have improved either. Implicit in
much of the discussion of proposed benefits of HIE

Fig. 2 Factor change in expected utilization event counts by level of
HIE information access. *p < 0.05. ACSHs = Ambulatory care sensitive
hospitalizations

Table 3 Unadjusted and adjusted relationships between HIE information access level and healthcare utilization

Emergency Room Visits ACSHs*

Unadjusted Best Fitting Model Unadjusted Best Fitting Model
Factor change (95%CI)† Factor change (95%CI) Factor change (95%CI) Factor change (95%CI)

Information access level
None Reference Reference Reference Reference
Low (1 view) 1.83 (1.58, 2.11) 1.77 (1.55, 2.03) 1.24 (0.86, 1.78) 1.21 (0.85, 1.74)
Medium (2–3 views) 2.58 (2.26, 2.97) 2.27 (2.00, 2.58) 2.04 (1.48, 2.82) 1.90 (1.38, 2.61)
High (4 or more views) 3.90 (3.41, 4.46) 3.13 (2.75, 3.55) 3.61 (2.66, 4.89) 3.67 (2.72, 4.95)
Sex (male) 1.09 (0.97, 1.23) 1.12 (0.89, 1.40)
Age 1.00 (0.99, 1.00) 0.98 (0.97, 0.99) 0.99 (0.98, 1.00)
Hispanic 0.58 (0.52, 0.64) 0.78 (0.70, 0.86) 0.99 (0.76, 1.29)
Marital status
Married/significant other Reference Reference
Single/divorced/widow 1.68 (1.50, 1.88) 1.24 (0.98, 1.58)
Unknown 0.64 (0.55, 0.74) 0.52 (0.36, 0.75)
Homeless 3.65 (2.89, 4.60) 3.04 (2.44, 3.80) 1.89 (1.26, 2.83) 2.28 (1.52, 3.40)
No. chronic conditions 1.25 (1.20, 1.30) 1.17 (1.11, 1.22) 1.27 (1.12, 1.44) 1.25 (1.10, 1.44)
Utilization history
Clinic visit in 2004 1.09 (0.98, 1.22) 0.75 (0.67, 0.83) 1.10 (0.87, 1.41)
ER visit in 2004 3.24 (2.89, 3.63) 2.65 (2.36, 2.98) 1.66 (1.32, 2.09)
Hospitalized in 2004 2.74 (2.27, 3.31) 1.53 (1.27, 1.84) 1.96 (1.46, 2.64) 1.89 (1.41, 2.55)
Annual clinic visits‡ 1.06 (1.05, 1.08) 1.03 (1.02, 1.05)

* Ambulatory care sensitive hospitalizations
† 95% confidence interval
‡ 2005–2007
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endeavors is the assumption more information leads to
more informed or better clinical decisions and therefore
better quality [4, 9, 15]. While this study did not examine
the clinician–patient encounter directly, ACSHs serve as a
measure of appropriate and timely care [35, 37]. Overall,
hospitalizations from conditions that adequate ambulatory
care should prevent [53] increased with levels of HIE.

The potential bias from attrition is the primary threat to
this study’s internal validity. The population was selected, at
cost to generalizability, to guard against attrition. Although a
reasonably consistent medically indigent, local resident
population was selected, individuals still could have had
healthcare encounters not captured in the system. These
encounters could have been either during a period of
insurance coverage or occurred in a geography outside the
ICC’s catchment area. However, for this to bias results away
from a null association, attrition would have had to vary by
level of HIE information access. In addition, while all prior
utilization variables occurred before and all outcomes were
accessed after a patient was included in the HIE system, the
level of HIE access was assessed concurrently with the
outcome. Therefore sufficient temporal sequence ambiguity
prevents any statements of causality.

The generalizability of these results is limited in terms of
patients, the HIE system itself and the setting. The study
population was comprised solely of medically indigent
persons. Therefore, results may not be applicable to the
elderly, children, or the insured due to differences in
utilization patterns. Also results are not generalizable to
the medically indigent excluded from the study population
including those who only sought care in emergency
departments or did not consistent to participation in the
HIE. In actuality, the treatment in this study not only
included HIE access, but also the architecture of the system,
and the form and content of the information delivered to the
provider. While many other HIE systems exist across the
country [26], none probably match the I-Care system
exactly on all of these points. Further investigations would
be necessary to determine the salient points of this system.
Finally, this study was set in a single metropolitan area that
may not be generalizable both in terms of the population
and the local healthcare system.

Also, this study has limitations in construct validity. As
stated above, the number of chronic conditions and prior
utilization were suggested to be indicators of a case
complexity construct. Other factors such, as behaviors,
attitudes, or perceived efficacy for example, could be
indicators of the same construct or independent constructs,
but were unmeasured in this study. It is unknown from the
available data the importance these unmeasured indicators
in HIE usage.

While these results did not demonstrate the effectiveness
of HIE in reducing select healthcare utilizations, they do

contribute significantly to our understanding HIE study,
operation and potential improvement. First, these results
echo the recent identification of knowing who accesses HIE
systems and for what purposes as significant needs in our
understanding of HIE [21, 54]. The literature already
establishes both user characteristics as critical to the usage
of electronic health information [55, 56] and the organiza-
tional context as a determinant of information technology
usage in general [57, 58]. This study adds an empirical
demonstration that patient characteristics also influences
providers’ HIE access. Additionally, reduced utilization in
the form of encounters exists in the literature as an expected
outcome from HIE implementation. This expectation is not
illogical, particularly since health information technology,
in general, improves efficiency [29]. However, this study
suggests any expectations of overall reductions in utiliza-
tion may have to be re-evaluated, or at least postponed until
individuals have a larger number of encounters with the
system in order to see any benefits.

Significant and substantial resources are required to
establish any HIE effort [26], those contemplating adoption
HIE have to rely on the experiences of others [59]. Research
on the relationships of HIE systems to healthcare utilization
that is observable to other healthcare systems, organizations
and clinicians is necessary to promote HIE adoption.
However, adoption of the HIE cannot be the final stage.
HIE organizations like Regional Health Information Organ-
izations, in addition to their concerns over funding, exchange
standards and sustainability, need to incorporate plans to
evaluate actual usage of the system in the care process [60].
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