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The Impact of Health Information
Technology Adoption by Outpatient
Facilities on Pregnancy Outcomes
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Chad D. Meyerhoefer

Objective. Examine whether health information technology (HIT) at nonhospital facil-
ities (NHFs) improves health outcomes and decreases resource use at Aospitals within
the same heath care network, and whether the impact of HIT varies as providers gain
experience using the technologies.

Data Sources. Administrative claims data on 491,832 births in Pennsylvania during
1998-2004 from the Pennsylvania Health Care Cost Containment Council and HIT
applications data from the Dorenfest Institute.

Study Design. Fixed-effects regression analysis of the impact of HIT at NHFs on
adverse birth outcomes and resource use.

Principal Findings. Greater use of clinical HIT applications by NHFs is associated
with reduced incidence of obstetric trauma and preventable complications, as well as
longer lengths of stay. In addition, the beneficial effects of HIT increase the longer that
technologies have been in use. However, we find no consistent evidence on whether or
how nonclinical HIT in NHFs affects either resource use or health outcomes.
Conclusions. Clinical HIT applications at NHFs may reduce the likelihood of
adverse birth outcomes, particularly after physicians and staff gain experience using
the technologies.
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Health care in the United States is fragmented, with patients receiving services
at different sites and from different specialists (Moore, Wisnivesky, and
McGinn 2003; Cebul et al. 2008), so health information technology (HIT)
that facilitates coordinated care may produce large gains in quality and effi-
ciency (Institute of Medicine and Committee on Quality of Health Care in
America 2001). However, previous research has focused on measuring the
impact of HIT adoption by hospitals on average hospital or individual inpa-
tient health outcomes, or on hospital costs or productivity. We extend this
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literature by determining whether greater use of HIT at nonhospital facilities
(NHFs) improves pregnancy outcomes at Aospitals in the same health care net-
work, either directly or through spillovers.

We focus on pregnancy outcomes because deliveries are one of the
most common procedures, so improving either health or cost outcomes may
have a large impact. Further, because pregnancy episodes typically require
women to make multiple visits to inpatient and outpatient facilities over a
relatively short-time period, we expect pregnancy outcomes to be particu-
larly sensitive to HIT investments by NHFs that facilitate transitions across
care settings. We use a sample of Pennsylvania patients because detailed
inpatient data are available that allow us to combine information on HIT in
NHFs with extensive controls for individual patients’ characteristics and
health status.

We find that higher per-facility clinical HIT use by NHFs is associated
with lower rates of obstetric trauma and preventable complications, and with
longer lengths of stay, at hospitals in the same health care network. Further,
the beneficial impacts increase as physicians and staff gain experience with the
technologies. However, we find no consistent evidence of whether or how
nonclinical HIT adoption by NHFs affects resource use or health outcomes at
associated hospitals.

Our findings contribute to the burgeoning literature evaluating the
impact of investments in HIT. Although incentives and penalties related to the
adoption of electronic medical records (EMRs) have already been established
in the United States, policy debate over whether to encourage the adoption of
other technologies continues. Furthermore, the criteria for establishing
whether EMRs and other HIT investments provide “meaningful use” are still
evolving. Information on how technology investments in outpatient facilities
impact outcomes in the inpatient setting is important in order for policy
makers and regulators to formulate requirements for the level of technology
integration across care settings.

Address correspondence to Mary E. Deily, Ph.D., Department of Economics, Lehigh University,
621 Taylor Street, Bethlehem, PA 18015; 610-758-4951; e-mail: med4@lehigh.edu. Tianyan Hu,
B.S., are is with the Department of Economics, Lehigh University, Bethlehem, PA. Sabrina Terri-
zzi, M.S., is with the Department of Economics and Business, Moravian College, Bethlehem, PA.
Shin-Yi Chou, Ph.D., and Chad D. Meyerhoefer Ph.D. are is with the Department of Economics,
Lehigh University, Bethlehem, PA.



72 HSR: Health Services Research 48:1 (February 2013)
BACKGROUND

Ideally, adopting HIT improves the quality of care while also reducing costs
by prompting providers with guidelines, eliminating duplicate tests, reducing
medication errors, and improving the flow of clinically relevant information.
Yet evidence showing that HIT improves actual health outcomes has been
weak. Studies in the medical and medical informatics literatures, most usually
confined to single hospitals, tend to focus on whether HIT improves provid-
ers’ adherence to guidelines, which may or may not improve health outcomes
(Kuperman and Gibson 2003; Chaudhry et al. 2006). Some studies do exam-
ine the impact on patient outcomes, but many show little or no effect (Garg
et al. 2005). However, a review of recent research provides stronger evidence
that HIT improves both adherence and outcomes (Buntin et al. 2011).

The economics and the health services literature also provide evidence
on the effect of HIT on the quality of care, again generally through its impact
on adherence measures but also on actual health outcomes. Miller and Tucker
(2011) find that adoption of basic EMRs by hospitals reduces infant mortality,
and Yu et al. (2009), Himmelstein, Wright, and Woolhandler (2010), and
McCullough et al. (2010) all find that hospital HIT can have a small positive
impact on outcomes and process measures.

In the study closest to ours, Parente and McCullough (2009) analyze a
national sample of Medicare patients to determine whether three specific HIT
applications improved any of three patient safety indicators. They find evi-
dence that only one of the HIT applications, EMRs, could be clearly linked to
an improved patient outcome (fewer infections due to medical care). This
effect was small, although it appeared to be growing over time.

There is also evidence that HIT may reduce costs and increase produc-
tivity. Borzekowski (2009) finds that HIT may reduce hospital operating costs
as do Housman et al. (2006), although in the latter case only after a threshold
level of investment is attained. Lee et al. (2010) show that HIT is associated
with greater productivity, but Furukawa, Raghu, and Shao (2010) find that
implementation of HIT in medical-surgical units reduces productivity. Javitt,
Rebitzer, and Reisman (2008) find that new decision support HIT used for
one group of HMO patients lowered their average charges, while Garrido
et al. (2005) report that electronic medical records (EMRs) resulted in fewer
ambulatory office visits (see Buntin et al. 2011, for more).

Finally, researchers have looked for spillover effects in several different
health care settings: from one doctor to another (Escarce 1996; Burke,
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Fournier, and Prasad 2007), from HMO patients to non-HMO patients (Baker
1999; Baker and Phibbs 2002), and from for-profit to not-for-profit hospitals
(Kessler and McClellan 2002; Horwitz and Nichols 2009). However,
researchers have done little to examine how HIT in one provider venue
directly affects outcomes in another venue or creates spillovers that affect
outcomes in another venue.

CONCEPTUALFRAMEWORK

HIT applications in NHFs may affect pregnancy outcomes in hospitals
because timely access to accurate information from a woman’s OB/GYN vis-
its is critical to properly managing her pregnancy on the inpatient unit, partic-
ularly for high-risk cases (Miller, Yeast, and Evans 2003; Cherouny et al.
2005; Eden et al. 2008). Some of the technologies adopted by NHFs, such as
clinical data repositories, are specifically designed to improve the flow of clini-
cal information across facilities within a health care system, and thereby
directly improve care.

Other HIT applications may impact health outcomes through spillover
effects. For example, nonhospital HIT may improve hospital outcomes if it
improves the care patients receive at NHF's, and as a result, the health status of
patients treated at hospitals. Likewise, negative spillovers may occur if, for
example, clinicians must reallocate time spent with patients to learning how to
use new HIT. Nonhospital HIT may also have positive spillover effects on
hospital costs if it reduces the need for duplicative tests or prevents complica-
tions that lead to longer stays or more expensive treatments.

Due to complementarities associated with the use of various technolo-
gies, the potential for spillover effects may exist even for some HIT applica-
tions that are only tangentially related to clinical practice. Nonetheless, we do
expect technologies with direct clinical applications to have a larger impact on
health outcomes than those used for nonclinical purposes, while nonclinical
HIT may have a larger effect on hospital resource use than clinical applica-
tions. To allow for different relationships across outcome variables, we develop
separate measures of HIT based on clinical and nonclinical applications.

Both spillovers and direct effects of nonhospital HIT are likely to
increase over time for clinical and nonclinical applications. Studies of informa-
tion technology adoption by businesses show that successful implementation
requires staff training in addition to work process and organizational change
(Barley 1990; Brynjolfsson and Hitt 2000; Sherer, Kohli, and Baron 2003;
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Markus 2004; DeVore and Figlioli 2010). Effecting such change can cause
short-term reductions in productivity and substitution away from clinical time
as staff members learn how to incorporate the new systems into their work-
flow. Thus, the extent to which HIT adoption by NHFs improves hospital
health outcomes and efficiency will likely depend on how long facilities have
been using the systems (Devaraj and Kohli 2000; Brynjolfsson and Hitt 2003;
Parente and McCullough 2009). Therefore, we include measures of both the
amount and the age of HIT adopted by NHFs in our empirical models.

METHODS

We use a fixed-effects linear regression to identify the impact of the level and
age of HIT adopted by NHFs on pregnancy outcomes and resource use at
hospitals in the same health care system. Our models control for numerous
observable characteristics of patients, hospitals, and local health care markets,
and for potentially confounding unobserved time-invariant system characteristics
and system-specific linear time trends. Our specification is

Outcomeny = o+ B HITy + Po HITAGE + s Pipg + BuHp + STy + s + 1
+ Eihst s

where the dependent variable is the outcome for patient i in hospital h of sys-
tem s in year t, HIT represents variables that measure the amount of clinical
and of nonclinical HIT in NHFs, HITAGE represents variables that measure
the average ages of clinical and of nonclinical HIT, P is a vector of patient char-
acteristics, and H is a vector of hospital characteristics. We also include system-
specific linear time trends, STy, and fixed effects for system, 4, and year, T;

We do not include controls for HIT installed in the hospital where the
delivery takes place, because all Pennsylvanian hospitals in our HIT database
reported adopting all the technologies measured in the database. Conse-
quently, there are no differences in the level of HIT adoption at hospitals to
confound our estimates of the impact of a system’s nonhospital HIT on out-
comes. Instead, the variation in HIT for our study comes from differences in
the level and age of HIT at NHFs within hospital systems over time.

HIT Variables

Our data on HIT applications in NHFs are drawn from the 1998-2004
HiMSS AnalyticsTM Database (Health Information Management Systems
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Society, Chicago, IL), which contains survey data on the type, number, and
year of installation of HIT applications in health care facilities' and is the only
publicly available source of information about HIT that surveys the same
health care providers on an annual basis. The HiMSS data have been used
previously for adoption studies (e.g., Borzekowski 2009), and Diana, Kazley,
and Menachemi (2011) provide evidence that they are internally consistent.

Crucially for our study, the HiMSS dataset contains information on
HIT applications in NHFs that are members of the same “Integrated Health-
care Delivery System” (IHDS) as the hospitals in the survey (those with at least
100 beds) (Fonkych and Taylor 2005). In the HiMSS dataset, an IHDS is
defined as a “vertically integrated health care delivery system” comprised of
one or more hospitals and its associated NHFs, which include a wide variety
of subacute care facilities, ambulatory care, physician offices, clinics, and facil-
ities owned by the provider or payor. (See Appendix S1 for a description of
two systems and a list of all NHFs in the HiMSS data.) The facilities in an
IHDS may be linked by ownership or contract, but fewer than 1 percent of
the NHFs are associated with more than one system in the HiMSS data.”

Most HIT studies use a simple count of the number of HIT applications
in a given facility as a measure of HIT availability. We follow this convention
but divide the total number of NHF applications in a system by the total num-
ber of system facilities to calculate a per-facility measure of HIT availability in
each system. In calculating our HIT variables, we exclude various NHFs that
do not provide treatment to women of child-bearing age (see Appendix).

We calculate two measures of NHF HIT: one for clinical applications
and one for nonclinical applications. We follow Borzekowski (2009) in assign-
ing the applications into clinical and nonclinical categories, with the exception
of Order Communication/Results, which we include among the clinical appli-
cations (see Table 1).

HIT age is the number of years since an application has been installed at
a facility. We first computed the average age of the clinical and nonclinical
applications within each NHF, and then averaged over all NHFs in the sys-
tem. Unfortunately, the installation date for an application was frequently
missing. If only some applications at a NHF had missing installation dates, we
created averages using those applications for which the installation date was
reported. (In those cases where some data are missing, the age variable is
based, on average, on the ages of 74.4 percent of the clinical applications and
69.7 percent of the nonclinical applications.)

Finally, to make sure that our variable for HIT age does not capture
other system-level factors that increase over time, we include system-specific
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Table 1: Applications by Categories and Subcategories

Application Category Subcategory Name

Application Name

Clinical Ancillary departments

Clinical support

Nonclinical Admin/discharge/transfer
Administrative

Business decision support

Finance

Medical records

Emergency department

Laboratory

Operating room (OR)

Pharmacy

Radiology

Clinical data repository

Clinical decision support

Order communication/results

Point of care (med/surg bedside term)

Patient registration

Administrative

Managed care management
(managed care support)

Materials management

Nurse staffing

Personnel administration

Case mix analysis

Executive info system

Flexible budgeting

Outcomes and quality management

Accounts payable

Benefits administration

Cost accounting

Credit/collections

Electronic claims

Encoder

General ledger

Patient billing

Payroll

Abstracting

Chart deficiency

Chart tracking/locator

Master patient index

Transcription

Source for categorization of applications is Borzekowski (2009). See the HiMSS User Guide and
Data Dictionary, Glossary of Applications for descriptions of each of these applications.

linear time trends in our models. The HIT age variables are separately identi-
fied from these time trends because NHFs continually adopt new technolo-
gies. We expect HIT age to be positively related to outcomes because the
adoption of systems can be disruptive in the short run, and because it takes
time for physicians and staff to learn how to fully utilize and extract benefits

from the technologies.
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Table 2 presents information about the hospital systems and the HIT
applications in the NHFs in those systems, both for the full information sub-
sample and the larger sample with missing age data. The data indicate that the
average number of HIT applications per system, as well as the average num-
ber of facilities per system, is fairly constant over time.

To further explore the sources of variation in our clinical and nonclinical
HIT measures, we estimated auxiliary regressions of the annual change in HIT
per system facility on the annual changes in the number of HIT applications in
the system (the numerator of the ratio) and the number of hospitals and NHFs
in the system (the two components of the denominator of the ratio). From these
regressions, we computed partial coefficients of determination that indicate the
proportion of variation in the per-facility HIT measure explained by each fac-
tor, which is not explained by the other two factors. For our measure of clinical
HIT per facility, the partial coefficients of determination for the annual changes
in clinical applications, the number of hospitals, and the number of NHFs were
0.22, 0.17, and 0.10, respectively, and for our measure of nonclinical HIT per
facility, they were 0.27, 0.17, and 0.24, respectively. Therefore, the annual
change in clinical and nonclinical applications explains the largest proportion
of variation in the change in both of our per-facility measures of HIT.

Sample

Our sample of patients is drawn from the inpatient database collected by the
Pennsylvania Health Care Cost Containment Council (PHC4), which con-
tains all women delivering babies during the period 1998-2004 in Pennsylva-
nia hospitals. We exclude pregnancies that did not result in a birth, giving us a
sample of 946,824 deliveries in 157 different hospitals during the sample per-
iod. Of these, 80,449 observations are omitted from the sample because they
correspond either to hospitals with fewer than 100 beds (9 hospitals) or to large
hospitals that were not surveyed by HiMSS or the American Hospital Associ-
ation (17 hospitals).

We omitted an additional 22,828 observations because there was no
information on HIT applications, either because there were no applications or
the facility did not report them, leaving us a sample of 843,547. Because this
sample, which we call our secondary sample, included many observations
where only one category of HIT was reported, we decided to include only
those systems that report HIT for both categories of applications, as well as
their installation dates, leaving a final sample of 491,832 births occurring in 92
different hospitals.” However, we also omit the HIT age variables from our
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models and re-estimate them on the secondary sample to ensure that the results
found using the smaller primary sample are not a product of a biased selection
process reflected in the reporting behavior of NHFs in different systems.

Patient Outcomes

We use diagnosis-related group, current procedural terminology, and Interna-
tional Classification of Disease, 9th revision, clinical classification codes con-
tained in the PHC4 to create indicator variables for measures of obstetric
trauma and of preventable complications during delivery; these variables
equal one if the adverse outcome occurred, and zero otherwise. We use the
definition of obstetric trauma determined in a report for the Agency for
Healthcare Research and Quality (McDonald et al. 2002) to be sufficiently
validated by previous research. This definition includes trauma to the mother
occurring during the birth, such as severe laceration of the cervix or vagina, or
other acute injury to pelvic organs.

Our definition of preventable complications includes maternal fever,
excessive bleeding, maternal seizure, precipitous labor, prolonged labor, dys-
functional labor, anesthetic complications, fetal distress, rupture of the uterus
during labor, and chorioamnionitis. This is a broad measure of adverse events
that is likely to be affected by the actions of health care providers (Currie and
MacLeod 2008). We are unable to include outcomes such as birth weight or
infant mortality because we do not have data on those outcomes.

In addition to health outcomes for mothers, we investigate the impact of
HIT on two measures of resource use associated with each pregnancy: the listed
total charge for the delivery and the patient’s length of stay. Both of these vari-
ables have been used in the literature to assess the efficiency impacts of HIT
(Tierney et al. 1993; Evans et al. 1998; Chertow et al. 2001), but care must be
taken in their interpretation. For example, greater use of HIT may allow pro-
viders to better diagnose potential complications during pregnancy, and treat
patients more intensively, resulting in higher charges and longer lengths of stay.
Alternatively, if HIT use leads to poorer quality care (because, e.g., providers
have difficulty accessing information stored electronically), there could be a
positive correlation between HITand both charges and length of stay.

Patient and Hospital Characteristics

We control for patient characteristics with variables that indicate the patient’s
age category, race or ethnicity, and primary payer type (private insurance,
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Medicaid, or Medicare). We also include variables to indicate admission from
the emergency department, weekend admission, referral by a physician,
clinic, or HMO, or transfer from another hospital. We control for type of
delivery by including indicator variables for Cesarean section (Henry et al.
1995) and vaginal birth with instruments.

We account for differences in the severity of a patient’s condition using
indicators for previous Cesarean section, multiple births (e.g., twins), the exis-
tence of at least one nonpreventable complication, and the existence of at least
one pre-existing condition. Nonpreventable complications include breech
delivery, cephalopelvic disproportion, cord prolapse, placenta previa, and
abruptio placenta. We define pre-existing conditions as malpresentation, genital
herpes simplex virus, diabetes mellitus/abnormal glucose tolerance, hyperten-
sive disorder, oligohydramnios, congenital/acquired abnormality of vagina,
other congenital/acquired anomaly, and rhesus (anti-D) isoimmunization.

Our variables for hospital size (number of beds), hospital owner type
(not-for-profit or for-profit), whether the hospital is a teaching hospital, and
whether the hospital has a level-two or level-three obstetric care unit are from
the American Hospital Association Annual Survey of Hospitals. (We include a
dummy indicating this latter data was missing when hospitals did not report
the level of their obstetric care unit.) We also include variables to measure the
degree of local competition among hospitals and among insurers. We use the
PHC4 data to compute a Herfindahl index (HHI), defined as the sum of hospi-
tals’ squared market shares, where market shares are calculated using the vari-
able radius method to define the market area from which the hospital draws
75 percent of its total patients (Phibbs and Robinson 1993; Gresenz, Rogow-
ski, and Escarce 2004). We measure HMO competition using county-level
HMO penetration rates, which we obtained from the Pennsylvania Depart-
ment of Health’s Managed Care Reports.

Finally, using data from the U.S. Census Bureau, we control for varia-
tion in the characteristics of local patient populations by including variables
for each county’s poverty ratio, median income, and population density.

Time Trends and Fixed Effects

Although we are able to control for numerous observable characteristics of
patients, providers, and location, it is possible that there are some important
determinants of pregnancy outcomes that we do not observe and that may be
correlated with HIT adoption by NHFs. For example, if more progressive
hospital systems adopt more HITand provide better care, then our HIT effects
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will be overestimated. Alternatively, if unobservably sicker patients tend to
seek care at better hospital systems with more HIT, our effects will be underes-
timated. We control for such unobservable characteristics of health care sys-
tems that are time-invariant by including system fixed effects in our models,
and for time-varying characteristics of systems using system-specific linear
time trends. Finally, we control for aggregate-level characteristics of the health
care environment that are constant across systems, but varying over time
using year fixed effects.

If, however, the most important unobserved factors are specific to
patients rather than health systems, individual mother fixed effects should be
included in the model. With mother fixed effects, all of the variation identify-
ing the impact of HIT on outcomes is across mothers who had multiple deliv-
eries during the sample period. Because this is a selected sample, we included
system fixed effects in our primary specification and estimated models with
mother-level fixed effects to verify that our results are robust to differences in
how we mitigate the impact of unobservables.

Table 3 contains descriptive statistics for all these variables, both for the
full information subsample and the larger sample with observations missing
age data.

RESULTS

Table 4 reports elasticities that represent the percentage change in each out-
come corresponding to a 1 percent change in the given HIT variable. The stan-
dard errors of the elasticities, reported in parentheses, are clustered at the
system level. For each outcome, results for specifications with system fixed
effects are reported first, followed by those with both system and mother fixed
effects. We focus our discussion on the results with system fixed effects because,
although the sign pattern and magnitude of the coefficients are the same when
mother fixed effects are included, the estimates are generally less precise.

The results for clinical applications indicate that a 10 percent increase in
the number of clinical HIT applications per facility is associated with small but
statistically significant reductions in the likelihood of obstetric trauma (.92 per-
cent) and of preventable complications (.83 percent), and a .2 percent increase
in length of stay—this latter result may indicate that the HIT allows for more
specialized treatment when warranted, with the result of better health
outcomes. There is no evidence of a significant effect on total charge. Estima-
tion results for the secondary sample that excludes controls for HIT age also
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Table 3: Sample Statistics, 1998-2004

Primary Sample Secondary Sample
Mean SD Mean SD
Dependent variables
Obstetric trauma 0.098 0.297 0.100 0.300
Preventable complications* 0.095 0.293 0.097 0.296
Total charge, in dollars 6,839.425 6716.785 7436.412 7985.487
Length of stay, in days 2.846 2.523 2.853 2.479
HIT variables
Number of clinical applications per facility 0.615 0.562 0.383 0.529
Number of nonclinical applications per facility 3.243 2.106 2.372 1.990
Average age of clinical applications 7.592 3.178 4.426 4.461
Average age of nonclinical applications 6.283 3.566 5.684 3.910
Patient characteristics
Maternal age between 16 and 20 0.126 0.332 0.127 0.333
Maternal age between 21 and 25 0.221 0.415 0.218 0.413
Maternal age between 26 and 30 0.288 0.453 0.283 0.451
Maternal age between 31 and 35 0.246 0.431 0.249 0.433
Maternal age between 36 and 40 0.099 0.299 0.101 0.301
Maternal age between 41 and 45 0.014 0.119 0.015 0.121
Maternal age between 46 and 50 0.000 0.020 0.000 0.021
Maternal age >50 0.000 0.004 0.000 0.004
White-Hispanic 0.026 0.160 0.018 0.133
Black 0.106 0.307 0.118 0.323
Other race, not white 0.119 0.323 0.143 0.350
Medicaid 0.269 0.443 0.274 0.446
Private insurance 0.688 0.463 0.682 0.466
Medicare 0.004 0.066 0.005 0.068
Emergency admission 0.295 0.456 0.372 0.483
Weekend admission 0.252 0.434 0.254 0.435
Patient referred by physician, clinic, or HMO 0.964 0.185 0.968 0.176
Patient transferred from another hospital 0.004 0.066 0.005 0.070
Cesarean section 0.241 0.427 0.239 0.426
Vaginal delivery with instrument 0.102 0.303 0.099 0.299
Previous Cesarean section 0.123 0.328 0.123 0.329
Delivery is a multiple birth 0.017 0.131 0.018 0.134
Atleast one nonpreventable complication* 0.119 0.324 0.121 0.326
Atleast one pre-existing condition* 0.264 0.441 0.271 0.445
Hospital characteristics
Hospital size (200400 beds) 0.358 0.479 0.373 0.483
Hospital size (>400 beds) 0.436 0.496 0.392 0.488
Teaching hospital 0.297 0.457 0.320 0.467
Nonprofit hospital 0.998 0.040 0.987 0.114
Hospital obstetrical level is missing 0.072 0.259 0.097 0.296
Hospital obstetrical level = 2 0.302 0.459 0.311 0.463
Hospital obstetrical level = 3 0.385 0.487 0.379 0.485

continued
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Table 3. Continued

Primary Sample Secondary Sample
Mean SD Mean SD
Hospital HHI 0.524 0.268 0.497 0.286
County characteristics
HMO penetration rate,% 42.854 12.957 44.346 13.643
Poverty ratio,% population under 100% FPL 10.000 4.068 10.307 4.604
Median income, in $10,000s 4.310 992 4.335 1.085
Population density, 1,000 people per square mile 1.940 3.235 2.365 3.658
HIT variables by application subcategory
Ancillary departments, number per facility 0.363 0.358 0.228 0.331
Ancillary departments, average age 8.072 3.742 4.707 4.899
Clinical support, number per NHF 0.252 0.253 0.155 0.230
Clinical support, average age 5.737 4.354 3.345 4.365
Admin/discharge/transfer, number per NHF 0.127 0.115 0.083 0.110
Admin/discharge/transfer, average age 6.845 4.736 4.153 4.969
Administrative, number per NHF 1.145 0.246 1.031 0.269
Administrative, average age 6.142 3.741 5.538 3.993
Business decision support, number per NHF 0.341 0.348 0.217 0.317
Business decision support, average age 6.559 4.626 3.884 4.770
Finance, number per NHF 1.052 0.955 0.679 0.902
Finance, average age 7.305 3.522 4.537 4.521
Medical records, number per NHF 0.578 0.535 0.363 0.503
Medical records, average age 7.044 3.873 4.158 4.551
Sample size 491,832 843,547

"Preventable complications: maternal fever, excessive bleeding, maternal seizure, precipitous
labor, prolonged labor, dysfunctional labor, anesthetic complications, fetal distress, uterine rup-
ture during labor, or chorioamnionitis.

"Nonpreventable complications: breech delivery, cephalopelvic disproportion, cord prolapse,

lacenta previa, abruption placenta, or premature rupture of membranes.

*Pre-existing conditions: malpresentation, genital herpes simplex virus, diabetes mellitus or abnor-
mal glucose tolerance, hypertensive disorder, oligohydramnios, congenital or acquired abnormal-
ity of vagina, other congenital or acquired abnormality, phesus (anti-D) isoimmunization.

indicate beneficial effects from clinical HIT, although the coefficients are
smaller and insignificant in the case of preventable complications.

The results also indicate that a 10 percent increase in the average age of
HIT is associated with a 1.03 percent decrease in obstetric trauma and a .76
percent decrease in preventable complications, although the latter effect is not
significant. These results imply that, relative to the mean, an additional year of
experience is associated with a 1.33 percent reduction in the incidence of
obstetric trauma and a .97 percent reduction in the incidence of preventable
complications.”

We find no evidence that nonclinical NHF HIT reduces charges or
shortens lengths of stay at the hospital, nor do we find any effect on prevent-
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Figure 1: Impact of Clinical Technology on Health Outcomes over Time'

a. Obstetric Trauma

Years Since Installation

b. Preventable Complications

Years Since Installation

Notes. Dashed lines represent the 90% confidence interval, cluster-corrected at the
health care system-level.

able complications. However, we do find an unexpected and puzzling result
linking nonclinical HIT to increases in obstetric trauma, a result we also find
in the estimations without age controls.
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We investigated which applications are responsible for the associations
of clinical and nonclinical HIT with outcomes by disaggregating the HIT
variables into subcategories. Table 5 contains the results of models where the
HIT variables are divided into two clinical applications (Ancillary Depart-
ments; Clinical Support) and five nonclinical applications (Admin/Discharge/
Transfer; Administrative; Business Decision Support; Finance; Medical
Records).

We find that the direct health benefits from clinical HIT at NHFs are
driven principally by applications in the Clinical Support subcategory, which
are associated with less obstetric trauma, fewer preventable complications,
and longer lengths of stay, with some evidence that learning may magnify the
effects in the case of obstetric trauma. Clinical HIT in the ancillary depart-
ments has no immediate significant impact, but benefits may develop with
experience.

Alternatively, the results for the disaggregated nonclinical applications
give no consistent results. There is some evidence that Administrative HIT is
associated with the expected decrease in resource use but also that Business
Decision Support HIT is positively correlated with resource use. Further,
while the adverse effect of HIT on obstetric trauma disappears, two subcatego-
ries of HIT are positively associated with preventable complications, while
another has a negative association.

We simulated the effect of the adoption and subsequent use of clinical
HIT by NHFs to demonstrate the net impact of HIT on adverse health out-
comes over time. First, we define the joint effect of the number of HIT applica-
tions per facility and HIT age on the predicted probability of each birth
outcome in percentage terms as follows:

100 * [B, * HIT + f3, + HITAGE]/ Y .

Thus, when HITAGE is set to zero the impact on outcomes is the net effect
of adopting the average level of per facility HIT (the elasticity times 100).
However, as the time since installation of the HIT grows, the impact of
HIT on outcomes will vary in accordance with the sign and magnitude of
Bo.

Figure 1 shows simulations of the net impact of clinical HIT on health
outcomes, relative to outcomes at hospitals in systems with no NHF HIT, as
the average number of years since the technologies were installed increases.
Hospitals in systems with an initial adoption of the average level of per-facility
NHF HIT have a 9.2 percent lower incidence of obstetric trauma and an 8.3
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percent lower incidence of preventable complications, and these effects grow
over time.

CONCLUSIONS AND LIMITATIONS

We find evidence that greater use of clinical HIT applications by NHFs is asso-
ciated with lower rates of adverse birth outcomes at hospitals in the same
health care network, and that the effects increase over time. We believe the
beneficial impact results from direct improvements in information flow from
NHFs to hospitals as well as positive spillovers associated with the use of
numerous clinical technologies across care settings.

It is less clear that nonclinical HIT in NHFs has an impact on hospital
outcomes. It is possible that some type of selection effect may be generating
the association of more HIT with worse hospital outcomes, but overall the
results were inconsistent and contradictory, giving us little confidence in
them.

Our analysis has several limitations that should be kept in mind. We are
unable to measure the impact of NHF HIT on outcomes such as birth weight
or infant mortality using the PHC4 data. If clinical HIT applications in NHFs
improve these outcomes as well, then our estimates will understate the poten-
tial health benefits resulting from HIT investments. In addition, our specific
findings are limited to the effect of NHF HIT on pregnancy cases. However, the
results may have wider implications. Because pregnancy is such a common con-
dition, health care providers are most likely to have developed both formal and
informal methods for communicating necessary information among themselves
in the absence of HIT. Consequently, NHF HIT may improve care to a greater
degree in other situations. For example, the impact may be greater in more
complicated cases of chronic disease, such as diabetes, which place similar
demands on providers to communicate with each other, but which are less
likely to benefit from existing institutions for coordination of care.

Further, although the HiMSS database is the most comprehensive data-
set available on HIT installed in health care facilities, it lacks detailed informa-
tion on the capabilities and quality of the technologies, and on the extent to
which technologies have been integrated into facilities’ work practices. In
addition, correlations among the numbers of applications in the different
subcategories are high, suggesting that HIT may be purchased in “bundles,”
which limits our ability to identify the net effect of specific subcategories of
HIT.
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Finally, while our models contain fixed effects and system-specific linear
time trends, any important unobserved system characteristics that vary non-
linearly over time with both outcomes and HIT will bias our estimates. Future
research on the impact of HIT on health outcomes and resource use should
focus on the implementation of specific technologies where the installation
and training strategy used, characteristics of staff, and degree of administrative
integration are directly observable and may be separately evaluated. Never-
theless, our study demonstrates that HIT in NHFs can affect outcomes for
patients in associated hospitals, so that any such study should include consid-
eration of system-wide HIT investments.
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NOTES

1. Two additional years of data were available at the time the study was conducted, but
the data were collected using a different survey methodology and are not fully com-
parable to data from the 1998 to 2004 surveys.

2. Those few NHFs associated with more than one IHDS are assigned to two different
systems in our data.

3. While we cannot be sure that patients giving birth at a system hospital also received
care from the system NHFs, one system reported that over 95 percent of the deliver-
ies in its hospital were by patients that used system NHFs. Unfortunately, we are
unable to speculate as to how our results might be affected by those women in the
sample who did not receive prenatal care at the system’s NHFs as the bias would be
a function of how technology adoption at the NHFs where they did seek treatment
affected their care.

4. Annual percentage change is
[(0Y JOHITAGE)/(Y)] % 100 = [(fy * HITAGE)/(Y)] * 100.
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