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Abstract:

Payers are known to influence the adoption of health information technology (HIT) among
hospitals. However, previous studies examining the relationship between payer mix and HIT
have not focused specifically on electronic health record systems (EHRs). Using data from the
Nationwide Inpatient Sample and the American Hospital Association Annual Survey, we
examine how Medicare, Medicaid, commercial insurance, and managed care caseloads are
associated with EHR adoption in hospitals. Overall, we found a weak relationship between payer
mix and EHR adoption. Medicare and, separately, Medicaid volumes were not associated with
EHR adoption. Furthermore, commercial insurance volume was not associated with EHR
adoption; however, a hospital located in the third quartile of managed care caseloads had a
decreased likelihood of EHR adoption. We did not find empirical evidence to support the
hypothesis that payer generosity and other indirect mechanisms influence EHR adoption in
hospitals. The direct incentives embedded in the Health Information Technology for Economic
and Clinical Health Act may have a positive influence on EHR adoption - especially for hospitals
with high Medicare and/or Medicaid caseloads. However, it is still uncertain whether the
available incentives will offset the barriers many hospitals face in achieving meaningful use of
EHRSs.
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EXECUTIVE SUMMARY

Payers are known to influence the adoption of health information technology (HIT) among
hospitals. However, previous studies examining the relationship between payer mix and HIT
have not focused specifically on electronic health record systems (EHRS). Using data from the
Nationwide Inpatient Sample and the American Hospital Association Annual Survey, we
examine how Medicare, Medicaid, commercial insurance, and managed care caseloads are
associated with EHR adoption in hospitals. Overall, we found a weak relationship between payer
mix and EHR adoption. Medicare and, separately, Medicaid volumes were not associated with
EHR adoption. Furthermore, commercial insurance volume was not associated with EHR
adoption; however, a hospital located in the third quartile of managed care caseloads had a
decreased likelihood of EHR adoption. We did not find empirical evidence to support the
hypothesis that payer generosity and other indirect mechanisms influence EHR adoption in
hospitals. The direct incentives embedded in the Health Information Technology for Economic
and Clinical Health Act may have a positive influence on EHR adoption - especially for hospitals
with high Medicare and/or Medicaid caseloads. However, it is still uncertain whether the
available incentives will offset the barriers many hospitals face in achieving meaningful use of
EHRs.

INTRODUCTION

Research has shown that payer mix, defined as the combination of thirdparty payers that makes
up a hospital's book of business, can influence hospitals' strategic behaviors. Studies have found
that higher percentages of Medicaid (Cleverley and Harvey 1992; McKay and Deily 2005) or
Medicare patients (Rosko 2001) are negatively associated with financial performance.
Furthermore, given that varying reimbursement rates are negotiated in the private insurance book
of business, hospital revenue per admission has been demonstrated to predict operational
efficiency (Dor and Farley 1996; McKay and Deily 2005) and clinical performance (Clement
and Grazier 2001; Menachemi et al. 2007). Attempting to leverage the influence that the public
insurance programs have on hospitals, the federal government, through the Health Information
Technology for Economic and Clinical Health (HITECH) Act of 2009, aims to increase the
adoption and "meaningful use" of electronic health record systems (EHRS) by providing
incentives and penalties to hospitals through the Medicare and Medicaid programs (CMS 2010).

The HITECH Act, part of federal stimulus legislation, allocated billions of dollars in incentive
payments to providers to facilitate the adoption and use of EHR technology (Blumenthal and

Tavenner 2010). The incentive payments, made to hospitals that adopt, implement, upgrade, or
successfully demonstrate their meaningful use of certified EHRS, are available as of fiscal year



2011. Hospitals that do not achieve meaningful use by 2015 are potentially subject to Medicare
and Medicaid payment penalties of up to 2 percent in later years (CMS 2010).

The relationship between hospitals' EHR adoption rates and payer mix is not fully understood.
However, several researchers have found that payer mix is correlated with health information
technology (HIT) adoption. Based on 2004 data, Furukawa and colleagues (2008) found that the
adoption of computerized physician order entry systems, but not EHR systems, was associated
with an increased rate of Medicare patients as a percentage of all discharges. Similarly,
McCullough (2008) found that the adoption of pharmacy information systems was positively
related to Medicare caseload. The McCullough study also found that the adoption of laboratory
information systems and radiology information systems was negatively associated with higher
levels of Medicaid caseloads. Lastly, evidence from Florida hospitals suggests that an increase in
privately insured patients is positively associated with the number of HIT applications adopted
(Menachemi et al. 2007). While the Florida study did not examine EHR adoption per se,
differences in public insurance (e.g., Medicare, Medicaid) as a percentage of a hospital's
discharges were not correlated with overall HIT adoption in that study. Therefore, the
relationship between Medicare and Medicaid programs and EHR adoption rates is unclear.

The purpose of this article is to examine the relationship between acute care hospitals' payer mix
and their EHR adoption rates. The study uses national data and a series of statistical analyses
including chi-square, logistic regression, and multinomial regression to explore these
relationships. A better understanding of how payer mix and EHR adoption are related will allow
hospital leaders and public policymakers to capitalize on the legislative intent of the HITECH
Act, which utilizes the relationship between payer mix (e.g., Medicare and/or Medicaid payer
mix) and HIT adoption to directly motivate hospitals to use EHR technology. Our findings will
also benefit those trying to better understand the impact that the meaningful use program may
have on hospitals' EHR use. Moreover, our study will help hospital decision makers to better
gauge their overall progress on EHR adoption relative to a national cohort of hospitals with
similar payer mix combinations.

CONCEPTUAL FRAMEWORK

Payer mix may influence EHR adoption in two ways. The first is related to the concept of payer
generosity; the second is related to certain reimbursement mechanisms inherent to some payers.
Payer generosity refers to the relative payments a given insurance company provides for a given
procedure or diagnosis. In general, certain payers are believed to reimburse less generously than
others (Friedman et al. 2004). Specifically, government payers, such as Medicare and Medicaid,



tend to provide lower reimbursement rates than do private payers, such as traditional indemnity
insurance plans (Dobson, Davanzo, and Sen 2006). Given the negative relationship between the
proportion of Medicare and Medicaid patients and hospital operating margin (e.g., Rosko 2001),
the lower reimbursement rates of public insurance programs may not cover the entire cost of
patient care (AHA 2010). This shortfall could lead to decreased operating margin in hospitals,
thus leaving diem with less financial flexibility to consider major capital investments.
Researchers have noted that upfront capital requirements and high maintenance costs are the
primary barriers to EHR adoption in acute care US hospitals (Jha et al. 2009). All other factors
being equal, hospitals with higher proportions of Medicare and Medicaid patients are less likely
to have the financial wherewithal to make die large capital investments necessary to buy an EHR
system compared to facilities with higher percentages of private-pay patients. Thus, we would
expect that a high amount of publicly insured patients is associated with a decreased likelihood
of EHR adoption in hospitals.

Second, reimbursement mechanisms may play a role in EHR adoption. Under capitation
arrangements and other prospective payment contracts, hospitals are financially motivated to
improve efficiencies and lower costs in order to maximize profits. Under capitated
reimbursement conditions, common among health maintenance organizations (HMOs), hospitals
are paid a set amount for each enrolled person assigned regardless of the number or type of
services provided to the person in a given time period (Mello, Stearns, and Norton 2002; Miller
and Luft 2002). Many proponents of EHRs have claimed that EHRs will increase organizational
efficiency while reducing duplication of effort (Brader 2005). To the extent that EHR adoption is
viewed as a strategy for improving efficiencies and lowering costs (Ali et al. 2005; Boger 2003;
Garrido et al. 2004), it may be pursued at higher rates by hospitals with a relatively higher
number of HMO patients.

METHODS

We used a cross-sectional design with secondary data and with the acute care hospital as the unit
of analysis. The analysis combines data from HCUP's (Healthcare Cost and Utilization Project)
Nationwide Inpatient Sample (NIS) for 2007, the 2008 American Hospital Association (AHA)
Annual Survey database, and the 2007 Medicare Cost Reports. We drew hospital discharge data
from the 2007 NIS, while the data indicating EHR adoption status and organizational
characteristics of hospitals were drawn from the 2008 AHA database. In addition, because of the
relatively small sample size we obtained from the NIS, we performed a parallel analysis using
the limited payer mix variables, but with a much larger sample size, from the AHA Annual
Survey. Doing so allows us to robustly examine the relationship between payer mix and EHR
adoption.



The AHA database contains organizational information on US hospitals and on EHR systems
use, which the AHA added to its annual assessment beginning in 2007 (Jha et al. 2009). The
dependent variable is a categorical measure representing (a) fully implemented EHR, (b)
partially implemented EHR, and (c) no EHR implemented in response to the following AHA
survey question: "Does you hospital have an electronic health record?" Data measuring payer
mix were extracted from the NIS database, which is the largest all-payer inpatient database in the
United States and contains all discharge data from approximately a 20 percent stratified sample
of community hospitals. The NIS database is frequently employed by health services researchers
interested in hospital management and related issues (Boxer et al. 2003; LaPar et al. 2010;
Russell et al. 2006).

To operationalize payer mix, we calculated the percentage of discharges for each hospital that
were covered by each of the following primary payers: (1) Medicare, (2) Medicaid, (3)
commercial indemnity insurance, (4) managed care organizations, and (5) all other payers. Of the
646 hospitals in the 2007 NIS data set that include AHA identifiers, 392 hospitals (60.7 percent)
included all the information necessary to construct our main independent variables. We
compared the excluded hospitals to our sample for validity purposes.

Given the loss in sample size that occurred as a result of merging with the NIS data, we also
examined the relationship between Medicare caseloads and Medicaid caseloads using the AHA
Annual Survey data. The AHA sample is much larger than the NIS but is limited to information
on only two payers' caseloads (i.e., Medicare and Medicaid). By examining the relationships of
interest with the NIS (comprehensive payer data limited to a small sample) and the AHA survey
(limited payer data on a comprehensive sample size), we believe we were able to robustly
examine the relationship between EHR adoption and payer mix.

Variables

To compute each payer mix variable in the NIS, we conducted a series of aggregations and
calculations. First, we aggregated from the patient level to the hospital level the total number of
discharges paid in each category of primary payers in each hospital from the Inpatient Core Files.
Next, we merged this aggregated data set with the Hospital Weights Files to compute the
proportion of discharges paid for each payer type for each hospital (i.e., the total number of
discharges paid by each payer divided by the total number of discharges in a hospital). Each
payer mix variable in the data set was converted into quartiles to facilitate ease of interpretation.



The result is four payer mix variables, one for each primary payer category (i.e., Medicare,
Medicaid, commercial, and managed care). Lastly, hospitals were assigned a value from 1 to 4
depending on the quartile in which they resided for the distribution of each payer mix variable.

The AHA Annual Survey data include measures representing the percentage of each hospital's
discharges that are Medicare and, separately, Medicaid. These variables were each broken into
quartiles to align them with the NIS data we prepared. Because various organizational factors are
associated with HIT adoption (Furukawa et al. 2008; Hikmet et al. 2008; Wang et al. 2005), each
analysis we performed included control variables for the following hospital characteristics: bed
size (measured as the natural log of the number of staff beds), system affiliation (yes or no),
teaching status, geographic location (urban or rural), and tax status (for-profit or not-for-profit).
These variables were derived from the AHA data. In addition, we controlled for case mix
(defined as the average severity of patients treated at a given hospital) using the case mix index
from the Medicare Cost Reports.

Data Analyses

All variables were examined for their distribution, suitability for analysis, and the existence of
any potential data anomalies based on descriptive statistics. Next, we conducted chi-square
analyses and independent-samples i-tests or analysis of variance (as appropriate) to identify any
organizational differences between included and excluded hospitals, and we explored the
univariate relationships between full EHR adoption and each variable measuring payer mix.
Finally, using the NIS data, we examined the relationship between Medicare, Medicaid,
commercial insurance, and managed care mix and EHR adoption while controlling for hospital
characteristics and "other" types of discharges in a logistic regression model. We used the AHA
data to examine a similar model with the obvious exclusion of the payer mix variables that do
not appear in this data set (i.e., commercial insurance and managed care). In both the NIS and
AHA models, we present EHR adoption as a binary variable (full EHR and partial EHR versus
no EHR). In addition, we present the results of the NIS analysis specified as a multinomial
regression that takes advantage of the categorical nature of the EHR variable. The results we
present include adjusted odds ratios (ORs) and 95 percent confidence intervals for the logistic
models, and beta coefficients for the multinomial regression model. Multivariate results are
flagged for significance at the ? < 0.05, p < 0.01, and ? < 0.001 levels, respectively. In all
regression models, we also controlled for the nested nature of hospitals clustered within states
using Huber-White adjustments (Wooldridge 2003, 255) to our standard errors using the
"clustered robust™ command in STATA version 11.1.



RESULTS

Organizational characteristics of included and excluded hospitals are displayed in Exhibit 1.
Overall, NIS study hospitals (n = 392) had an average Medicare caseload of 47.9 percent,
Medicaid caseload of 20.1 percent, commercial insurance caseload of 14.2 percent, and managed
care caseload of 16.5 percent. Excluded NIS hospitals (n = 220) and AHA study hospitals (n =
4,095) did not differ with respect to these payer mix variables (see Exhibit 1). Mean bed size for
the NIS study sample was 205, significantly different than the excluded NIS hospitals (mean
143.2) and AHA study sample (mean 163.7; p < 0.001). Overall, the NIS sample had a higher
proportion of urban hospitals than excluded NIS hospitals and the AHA hospitals (62.4 percent
vs. 41.6 vs. 49.9; p < 0.001), but the three groups did not differ with respect to tax status, system
affiliation, teaching status, or case mix index (see Exhibit 1).

In univariate analysis of the NIS data, Medicare discharges as a percentage of a hospital's payer
mix was associated with EHR adoption (see Exhibit 2). Specifically, hospitals in the lowest
quartile of Medicare discharges as a percentage of all discharges were more likely to have
implemented a full EHR (19.1 percent vs. 3.1 percent; ? < 0.001) or a partial EHR (55.9 percent
vs. 42.2 percent; p < 0.001). No differences were observed in EHR adoption quartiles by
Medicaid, commercial insurance, or managed care caseload. Increased hospital size, urban
location, not-for-profit tax status, and teaching hospital status were positively associated with
EHR adoption in univariate analyses (see Exhibit 2).

In multivariate analysis of the NIS sample and, separately, the AHA sample, controlling for
payer mix, geographic location, tax status, bed size, system affiliation, teaching status, and case
mix, virtually none of the payer mix variables were related to EHR adoption (see Exhibit 3). The
only exception was that hospitals in the third quartile for managed care discharges (NIS sample
only) were significantly less likely than those in the bottom quartile to report having an EHR
(OR =0.18, ? = 0.026). In the AHA model, several control variables, including geographic
location, tax status, bed size, and system affiliation, were significantly associated with EHR
adoption (see Exhibit 3).

Lastly, in the multinomial regression that examines the EHR adoption variable with three
categories using the NIS sample, most of the payer mix variables were still not related to EHR
adoption (see Exhibit 4). The only exception was the third quartile of managed care discharges,
where hospitals in this category were again less likely to have adopted an EHR system (no EHR
vs. full EHR beta = 2.289, p = 0.038).



DISCUSSION

While researchers have found that payer mix is associated with HIT adoption in hospitals, less
attention has been paid to the association of payer mix and hospital EHR adoption. Given the
federal government's provision of financial incentives to promote the adoption and meaningful
use of EHR through the HITECH Act, we suggest that policymakers and hospital decision
makers need a better understanding about the influence of payer mix on EHR adoption to fully
realize the benefit of the legislation. In the absence of a previous analysis utilizing national data,
we examine how the proportion of discharges paid by each payer is associated with EUR
adoption by hospitals.

The findings in our current study suggest a weak relationship between payer mix and hospital
EHR adoption. Even though we found that certain increases in Medicare caseloads were
generally negatively associated with EHR adoption in univariate analysis, overall, these
differences disappeared in our adjusted models, furthermore, most of the other payer mix
variables were not associated with our outcome measure in any systematic way. These findings
are in conflict with the existing studies that have found a relationship between individual HIT
applications and payer mix (Furukawa et al. 2008). One possible explanation for this result may
be that the adoption of an EHR system is differentially influenced by payer mix relative to the
adoption of other types of HIT applications, full EHR adoption may be the final phase of HIT
adoption in hospitals Thus, it is possible that payer mix influences the adoption of infrastructure-
related HIT applications such as pharmacy, laboratory, and radiology systems, but not complete
EHR systems. If so, it is possible that the infrastructure-related HIT applications are less
sensitive to resource availability. Perhaps the financial flexibility arising from serving patients
from relatively generous payers may only apply to certain, not all, HIT decisions. This
possibility would explain why we found a weak relationship between payer mix and hospital
EHR adoption, whereas previous studies found a significant relationship between payer mix and
the adoption of pharmacy and laboratory information systems (McCullough 2008) as well as
other clinical, administrative, or strategic HIT applications (Furukawa et al. 2008; Menachemi et
al. 2007).



We expected that hospitals with higher proportions of public payer caseloads would be less
likely to have an EHR system. We found no evidence to support this hypothesis in either the
model using the NIS data or the model using the AHA payer mix data. Overall, this lack of
evidence suggests the possibility that indirect incentives generated by payer generosity (as
discussed earlier) may not be a strong factor influencing EHR adoption in hospitals. Under the
HITECH program's direct incentives for EHR adoption, hospitals with comparably larger
Medicare and Medicaid patient caseloads will be compensated proportionately higher for
achieving meaningful use of EHRs. Thus, the HITECH Act has the potential, with some
provisos, to assist in motivating hospitals that disproportionately serve Medicare and/or
Medicaid patients to adopt an EHR and achieve meaningful use, thus fulfilling the intended
objective of the legislation.

The first consideration for hospitals with high Medicare and/or Medicaid case mix is the level of
HITECH program reward versus the total cost of ownership for an EHR. If the program's
payback exceeds the financial cost of the EHR, then adopting a system is a rational choice.
However, the program is designed to offset the EHR's purchase price and does not take into
account the expenses associated with workflow redesign, temporary losses in productivity, and
so forth (i.e., the total cost of ownership). Such analysis also may not consider potential quality
gains associated with EHR use. Therefore, the decision to adopt an EHR is more complicated
than merely to pursue the HITECH rewards. Considering discussions in a recent study that
focused on ambulatory EHR adoption (Song et al. 2011 ), hospitals could benefit from
considering the financial and nonfinancial benefits of EHRs when calculating the expected cost-
benefit ratio of pursing the incentive payments.

A second concern regarding hospitals with high Medicare and/or Medicaid caseloads relates to
unintended consequences from the policymaker's perspective. The EHR incentive program may
induce already undercapitalized hospitals to adopt a more leveraged position and face an
increased risk of failure as they strive to meet the goals. Even if facilities choose not to invest in
an EHR, the penalty phase of the meaningful use program may further cut into already faltering
budgets. If these facilities are safety-net hospitals, the program may have the unintended
consequence of hastening the failure of some of the very hospitals it is intended to assist and the
concomitant impact on the most vulnerable populations in the United States. Of particular
concern is the possibility that small, rural facilities will be adversely affected.

Our study also found that hospitals in the third highest category (out of four) as measured on the
basis of managed care insurance caseloads were less likely than those with the lowest managed
care caseloads to adopt EHR. While this finding is inconsistent with our hypotheses, it does not



represent a systematic relationship between managed care caseloads and EHR adoption in
hospitals. Thus, more research is needed to further understand this finding. On the other hand,
several of our control variables were associated with EHR adoption in ways consistent with
expectations based on previous HIT research. For example, in our study, urban hospitals (Burke
et al. 2002; Furukawa et al. 2008), nonprofit hospitals (Menachemi et al. 2007), system-affiliated
hospitals (Wang et al. 2005), and larger hospitals (Burke et al. 2002; Furukawa et al. 2008) were
all more likely to have adopted EHRs.

The findings of this study offer practical implications for hospital decision makers and raise an
important issue regarding national efforts imbedded in the HITECH Act. If payer generosity, or
the indirect influence of payers, does not spur EHR adoption in hospitals, then the direct
incentives in HITECH may represent the needed policy lever to influence EHR adoption. The
important question becomes whether the direct incentives in the EHR adoption program will be
motivation enough to overcome the resistance from some hospitals to begin the process of
achieving meaningful use. Future research is needed to determine the full impact of the HITECH
Act. Such research can utilize either the NIS or the AHA data to examine how Medicare and
Medicaid caseloads are associated with EHR adoption after the HITECH Act has had more time
to take hold. In the meantime, hospital decision makers should be aware that while the financial
flexibility afforded by catering to more privately insured patients may enable the adoption of
certain infrastructure HIT applications, such changes may not enable the adoption of EHRSs.

The current study has several strengths. First, our topic is concerned with an important
contemporary issue and makes use of a relatively large sample of hospitals potentially
representative of US community hospitals. Furthermore, we make use of multiple data sources,
which may help overcome common methods bias that negatively impacts the internal validity of
studies using data extracted from a single source (lezzoni 2003). Despite these strengths, our
analysis is limited in some aspects. First, given the cross-sectional observational nature of our
analyses, we are unable to infer any causal relationship between payer mix and hospital EHR
adoption. Therefore, our findings should be interpreted as associations only. Second, our sample
size was inevitably decreased in the process of merging data sets and operationalizing our
dependent and independent variables. We tried to overcome this limitation by running parallel
analyses using a larger sample from the AHA Annual Survey, which contains less detailed payer
information. The results of both analyses were similar. Lastly, our work is limited by the
possibility of data entry and coding errors that can occur in secondary databases.
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