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Abstract
This paper investigates the impact of the regulation prohibiting physicians from
prescribing drugs without a prior physical examination on health outcomes. This requirement
should improve health by reducing illegal access to prescription drugs. On the other hand, it
hampers the practice of physician-patient telemedicine, a service evaluated by most previous
studies to be of somewhat lower quality but effective in improving access to care. The empirical
results suggest that this regulation leads to an increase of approximately 0.2 in the expected
monthly number of days lost to illness and 0.4 percent increase in mortality rates the equivalent
of 33 more deaths per 1 million people. The magnitude of the impact is larger in rural areas, and
in areas with low physician density.
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Introduction
The health-care industry has experienced dramatic technological improvements over the
past several decades. As medical technologies advance and new services are offered, policies are
proposed to reinforce previous regulations, a process that draws attention to the question of
whether old regulations are still optimal. This paper investigates the impact of one type of
regulation affecting the practice of physician-patient telemedicine: that prohibiting physicians
from prescribing drugs without a prior physical examination (i.e., physical examination
requirement or PER hereafter). These regulations restrict the provision of physician-patient
telemedicine.1
Technological progress stimulated the development of telemedicine, which is defined as
physician-patient or physician-physician communication using telephones, videophones, fax
machines, computers, or any other device that enables the transmission of information between
parties located at a distance. Such services improve access to care but are suspected to be of
lower quality, because physicians have less information about patients before making decisions.
As will be shown in the following pages, previous studies indicate that there is a small increase
in the probability of a wrong diagnostic when physicians use only information obtained
electronically, as compared to using additional information obtained in face-to-face encounters.
Thus, it is postulated that the quality of physician-patient telemedicine is lower than that of
traditional face-to-face medical services.2 Moreover there is a concern that doctors’ inability to
check the identity of their patients allows for illegitimate access to prescription drugs.
1

The Office of the Advancement of Telehealth identifies this regulation as a barrier to the development of
telemedicine.
2
Any reference to medical services refers to advice and procedures offered on the occasion of a single visit and not
to an entire course of treatment for a longer-term medical condition. Telemedicine and traditional medicine could be
complements if we consider the case of patients who, having obtained advice through teleconsults, decide to
continue with traditional consults while pursuing treatment. However, telemedicine and traditional medicine are
substitutes with respect to each instance of a request for medical advice. The fact that the buyers of medical care, the
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Since 1998, more than 30 states have adopted regulations prohibiting physicians from
prescribing drugs to patients without a prior physical examination. These regulations are
expected to reduce illegal access to prescription drugs, which should improve overall health of
the population. At the same time, they restrict access to some telecare services, thus making care
more costly. Some people will experience an improvement in health as they switch to face-toface consults, which are associated with a lower probability of misdiagnosis. However, if access
to face-to-face consults is too costly and people delay seeking care too long, they may experience
worsening health. Moreover, some people may forgo medical care altogether and just resort to
self-treatment. These people likely experience worsening health as they have an even higher
probability of misdiagnosis than a physician through an electronic encounter. The net effect on
health is thus an empirical question and a thorough econometric analysis is required before one
could make any definitive statements about the impact of such regulations.3
If such restrictions improve health, then the availability of this type of service is not
desirable even if it eases access to care. However, if these restrictions affect health negatively,
then easier access to medical care through the services targeted by the PER is desirable despite
their lower quality. Ultimately, this analysis provides some indications about whether the
availability of certain medical services, which are believed to be of lower quality but also to ease

patients, sometimes choose not to pursue the suggested treatment or any recommended follow-up visits is a good
example as to why a medical service should be defined with respect to a consultation and not an entire treatment. It
is also consistent with previous literature suggesting that given the particularities of health care, it is likely that
physicians/suppliers determine the procedures to be performed on the occasion of each visit, while consumers
determine only whether and when to initiate an episode of care (McCombs, 1984).
3
The effect on traditional care is also ambiguous. Electronic access to physicians may change patients’ demand for
face-to-face consults (Berman and Fanaughty, 2005). On one hand some PER will induce some people to replace
tele-consults with face-to-face consults, which will increase the number of visits to the doctor. On the other hand, to
the extent there is complementarity between telecare and traditional care, tele-visits induce an increase in face-toface visits as people that otherwise would have chosen self-treatment now pursue a course of treatment suggested by
their tele-encounters with a doctor. This complementarity suggests PER could lead to a reduction in traditional visits
to the doctor. Using county level data from Area Resource File, I find no evidence of a significant change in the
number of outpatient visits associated with ARF adoption. (results not reported but available on request)
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access to medical care, affects health negatively, as many would expect if current quality
standards are optimally chosen.
While other types of regulations also generate quality-quantity trade-offs, the analysis of
PER impact is especially susceptible to be interpreted as a test if current quality standards are too
high for several reasons. First, according to previous literature to be reviewed below, the
difference in diagnostic accuracy between regular and telemedicine consultation is small. As a
result, there is little concern that the results are caused by large departures from current quality
standards.
Second, the introduction of telemedicine does not affect physicians’ incentives to
continue providing quality care, as is the case with other types of regulation (such as tort reform,
as Kessler and McClellan (1996) and Currie and Macleod (2008) point out). As a result, the
distribution of medical-care quality potentially available is preserved, while only the cut-off that
determines the quality of care actually available changes. In other words, the distribution is
preserved, and only the point of truncation changes.
Third the policy-makers’ intent was to prevent the sale of prescription drugs that people
might use for purposes other than treatment.4 The concern raised was the relative ease with
which individuals can obtain prescriptions through teleconsults when physicians are not perfectly
able to distinguish whether the persons requesting drugs are really who they claim to be or if
they are really experiencing the stated symptoms. Since the expressed intent of this regulation
was to prevent illegitimate access to prescription drugs, it is unlikely that regulation adoption is
driven by differences in health outcomes caused by the use of telemedicine. Figure 1 presents the
2003 geographical distribution of non-radiology consults through telemedicine networks
4

2001 Telemedicine Report to Congress on Telemedicine; U.S. Department of Health and Human Services, Health
Resources and Services Administration, Office for the Advancement of Telehealth p.29, available at
ftp://ftp.hrsa.gov/telehealth/report2001.pdf
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(Grigsby, 2004), a proxy for total teleconsults. There is no indication of a significant correlation
between telemedicine use and PER adoption, which is mapped in Figure 2. It is plausible that the
timing of adoption of telemedicine regulation is the result of vagaries of the political process
within each state, and therefore the variation in this type of regulations is presumably exogenous.
This paper uses data between 1994 and 2006 to calculate changes in the health outcomes
of the group exposed to this regulation and compares them to changes in the health outcomes of
the group that was not exposed. The sample in this study is representative of the country as a
whole, because no PER regulation in any state was adopted before this period. The model
includes county and year fixed effects, and state-specific trends in all specifications; therefore,
omitted variable bias is unlikely to be a source of concern. In addition, to improve identification,
the model also includes state health and hospital expenditures. This variable improves
identification by acting as a proxy for state unobservable characteristics that may be correlated
with mortality and the likelihood of adopting health regulations. Numerous specification tests are
run to check for signs of selection and to address potential confounds.
The information about health outcomes comes from two main sources of data. First, I use
mortality data from the Compressed Mortality Files compiled by National Center for Health
Statistics. While the magnitude of the effect on mortality is small, overall, the analysis suggests
that regulations restricting telemedicine lead to health deterioration. The results indicate that
PER adoption leads to an increase in mortality of about 33 deaths in a population of 1 million
people5, which represents less than half of a percent (0.4%) increase in the mortality rate. As
expected, statistically significant increases in mortality are more likely in the sub-populations
prone to use telemedicine: people living in rural counties or in counties with low physician
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The population weighted mean mortality rate per 1,000,000 is 8258.798

4

density. In addition the decomposition of the effect on mortality by cause of death indicates PER
leads to an increase in non-injury mortality but to a decrease in mortality from injury.
The estimated effects on mortality likely understate the total impact on health, because it
ignores the impact on morbidity. To address this concern, I use a second source of data: the
Behavioral Risk Factor Surveillance System (BRFSS). These data have two advantages. First,
they offer a measure of morbidity, and second, these are individual-level data such that
endogeneity is not a source of concern. The measure of morbidity investigated is number of days
lost to illness, the answer to the question: “During the past 30 days, for about how many days did
poor physical or mental health keep you from doing your usual activities, such as self-care, work,
or recreation?” We find that PER adoption leads to an increase in the expected monthly days lost
to illness of about 0.2.
A second caveat to this analysis is that the estimates may overstate the policy’s health
impact because they considers only the instantaneous impact and does not account for
adaptations likely to occur when the price of medical care changes. Specifically, it is likely that
when medical care becomes more expensive because of telemedicine unavailability, people will
buy less medical care and substitute toward other inputs to improve health.
Ultimately the results of this analysis provide information about the effectiveness of the
provision of services regulated by PER. Most studies investigating the effectiveness of
electronically delivered health advice are controlled experiments, which may not be easily
generalizable because scientists who run experiments and physicians who choose to offer telemedical care may face different constraints. Moreover, the controlled experiment literature does
not account for general equilibrium effects such as selection into users of telecare and improved
access to care that reduces the time from the onset of symptoms to diagnosis. As such this study
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complements the controled-experiment literature investigating the effectiveness of various
electronically delivered medical services.
The paper proceeds as follows. Section I reviews the statistical evidence on the impact of
using quality standards in medical care and on the quality of telemedicine services. Section II
describes the data sources and presents the empirical approach. Section III describes and assesses
the results and the limitations of this analysis. Section IV concludes the paper.

I. Background: Medical Care Market and Technological Innovation
The health-care market is characterized by asymmetric information: the seller has more
information about the quality of the service than the buyer. To protect themselves, buyers in such
a market are willing to pay only for average quality, inducing sellers to withdraw the now
underpriced high-quality services from the market (Akerlof, 1970). This characteristic of the
market, as Arrow (1963) notes, necessitates the development of trust relations between
physicians and patients and highlights the social value of a reliable source of information about
the quality of services. One solution is to create social institutions that provide reliable
information, reducing the uncertainty regarding quality and increasing demand for medical
services. An example of such an endeavor is the minimum quality guarantee offered by
regulations such as the professional licensing of physicians.
Every US state has adopted such regulations. As a result, there are fewer doctors and,
thus, less competition. This raises the question: Was licensing in the public interest, or was it
driven by the desire to restrict competition? The answer is not clear-cut; rather, as Moore (1961)
finds after surveying licensing regulations, licensing is often not strictly in the public interest and
extends into the realm of competition restrictions. This should be expected in a world where
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policy-makers respond to pressures from different interest groups and choose not to grant perfect
cartels with their regulations (Peltzman, 1976). In fact, there is evidence to support the view that
medical licensing tends to create a monopoly (Friedman and Kuznet, 1945) (Kessel, 1958), but
also that licensing is consumer-demand driven (Leffler, 1978). However, if professional groups
design the tests for granting licenses, we should expect that in the process of maximizing net
gains, these groups will choose standards higher than optimal (Leland, 1979). Standards that are
too high in medical field make access to care too difficult.
All else held constant, there is a way to ease access to medical care: the practice of
medicine at a distance, through what we now call telemedicine. Such practices have existed since
the 1960s, but telemedicine really took off in the 1990s when improvements in technology made
it more useful and reliable (Emery, 1998; Darkins and Cary, 2000). The notion of telemedicine
today covers both physician-patient and physician-physician communications using telephones,
videophones, fax machines, computers, or other devices that enable the transmission of
information between parties located at a distance. In the case of physician-patient telemedicine,
the patient obtains medical advice in the absence of any face-to-face encounter with a physician.
Physician-physician telemedicine differs from physician-patient telemedicine in that patients
obtain specialized advice from a physician they never meet, through the intermediary of another
physician that meets with them in person.
While physician-physician communication is generally viewed in a positive light,
because patients benefit from both face-to-face consultations and the specialized advice that
otherwise would be inaccessible to them, physician-patient telemedicine remains controversial.
The controversy stems from the fact that even though telemedicine consultations have lower
transportation costs and lower time costs, as expressed in time spent for both transportation
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(Smith et al., 2003) and consultation (Guilfoyle et al., 2003), and significantly improve access to
medical care (Martinez et al., 2004), they also provide less information to the physician, creating
a potential for mistakes. Comparisons between tele-consultations and face-to-face consultations,
of which I will mention just a few for brevity, indicate that this may indeed be the case. Smith et
al. (2003) find that of 58 ear, nose, and throat assessments, 81% of the diagnoses were the same
for the tele-consultation and the face-to-face consultation. In the case of trauma, the percent of
incorrect tele-diagnoses was even smaller: Only about 2% or less of the original tele-diagnoses
was considered incorrect after a face-to-face review (Tachakra et al., 02/2000) (Tachakra et al.,
12/2000). There is also evidence of a higher incidence of mistakes in tele-dermatology compared
to face-to-face encounters (Loane et al., 1998) (Chao et al., 2003) (Oztas et al., 2004) (Oakley et
al., 2006), even when a general practitioner was present with the patient in the videoconference
room (Nordal et al., 2001). There is also some evidence that in some cases telemedicine may not
be significantly less effective than in-person consults. Some examples are genetic services
(Stalker et al., 2006) or high blood pressure (Bradford et.al. 2001). More information about the
outcomes of such comparisons is readily available in reviews of the literature (Currell et al.,
2000) (Miller, 2001) (Hersh et al., 2002) (Hersh et al., 2006), which, similar to the small sample
of studies mentioned above, indicate that telemedicine offers services of close but somewhat
lower quality than face-to-face consultations, and that the relative quality varies with the type of
health problem targeted.
Physician-patient telemedicine’s ultimate effect on health is ambiguous and depends on
the stringency of licensing requirements, because this determines the number of practicing
physicians and thus, the ease of access to care (Kleiner and Kurdle, 2000). If requirements are
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too strict, relaxing them will have a positive effect on health; otherwise, the impact will be
negative.
Several states require physicians to meet their patients in person before prescribing drugs
(see Table 1). These regulations hamper certain physician-patient telemedicine practices. If the
quality standard is too high, as predicted by theory when professional groups set the standard, as
in the case of medicine, telemedicine probably improves outcomes, and the PER adoption has a
negative effect. One caveat is that the effect also depends on the relative quality of telemedicine
and traditional medical services. However, the literature indicates only a small difference in
quality, so this should not be a major concern for the purpose of this analysis. A second caveat is
that the PER’s impact also depends on the pervasiveness of physician-patient telecare. While
surveys of telemedicine use are sparse and do not have continuity in time, some general
estimates are available. MedMarket Diligence estimates that in 2003, there were 169 million
telemedicine care visits, or “telemedicine information exchanges between a practitioner and
patient.” 6 As early as 1995, an estimated 4,000 teleconsults per month were performed in rural
hospitals nationwide (Hassol et al. 1996), which is convincing evidence that the PER is indeed
binding. Not only is PER binding but it also does not seem to be systematically related to the
pervasiveness of telemedicine as shown in Figure 1 and 2.
To bolster further the argument that PER is indeed generating the observed effect on
health outcomes, I provide additional evidence that people who gain most from using
telemedicine, those located in rural areas or in areas with low physician density, experience the
largest changes in health.

6

Technologies, Products & U.S. Markets in Telemedicine, 2003, (December 2003) report E101, MedMarket
Diligence, LLC quoted by Glenn Wachter, “How High Will Telemedicine Soar?” For the Record, Vol. 16 No. 5 p.
28, March 8, 2004.

9

II. Data and Empirical Approach
This paper uses the 1994 to 2006 data to investigate the impact of regulations requiring
physicians to perform a physical examination prior to prescribing drugs on mortality and
morbidity. The source of mortality data is the Compressed Mortality Files compiled by National
Center for Health Statistics (NCHS). In addition to being comprehensive--it contains information
from all death certificates filed in the 50 states and the District of Columbia--this dataset has the
advantage of reporting the population for each demographic group as defined by sex, race, and
age. We use this county-level panel data to estimate the following specification:
(1)

Mortality ratect=β PERst + θ Xct + γc + λt + ωst + HHEXPst + εct,

where c indexes counties, s states, and t time. The dependent variable is the log of mortality rate
per 100,000 individuals, so that coefficient estimates can be interpreted as percentage changes.7
The mortality rate excludes war related mortality. There is some correlation between the timing
of PER adoption and the war in Afghanistan so including war related mortality could bias the
results. The murder and suicide mortality are also excluded. On the right-hand side, PER stands
for Physical Examination Regulation, and it is a dummy variable indicating whether in a
particular state and year there was any regulation, rule or policy requiring physicians to perform
physical examinations on their patients before prescribing drugs. X is a vector of time-varying
determinants of mortality measured at the county level, such as percent of population that is
female, African-American, dummies for county age composition: 15-24, 25-44, 45-64, and
above 65, log wages, and the number of physicians per 1,000 people. By including county fixed
effects, γc, this specification controls for differences in mortality rates that are common to people
in the same county (for instance, differences in the overall level of health due to climactic

7

Using log of mortality rates as dependent variable has the advantage that it counts equivalent relative changes in
mortality rates equally. In addition, to improve the readability of the tables, this variable is multiplied by 10.

10

conditions). Year fixed effects, λt, absorb any time-varying differences in the dependent variable
common to all counties such as changes in federal level health care policies. In addition, statespecific trends, ωst, controls for differences in the general trends in mortality in a state that would
affect the likelihood that a state would adopt the PER. An example is trends in mortality
generated by a state’s institutional particularities. Controlling for these trends reduces the burden
of exogeneity of the PER because now the PER must be exogenous only after accounting for
state-specific trends in mortality rates. The model specification also controls for state health and
hospital expenditures (HHEXP). This variable is introduced to improve identification by acting
as a proxy for state unobservable characteristics correlated with both mortality rates and PER
adoption such as higher state interest in health policy that would affect the likelihood of adoption
of health regulations. εct is the error term.
Since telemedicine generates the most significant savings in the time cost and not the
monetary cost of telemedicine, we also investigate the effect of telemedicine on the categories
that experience the largest savings: people located in predominantly rural areas, and people
located in areas with a low density of physicians.
The key identifying assumption in this paper is that PER adoptions are not driven by
differences in health outcomes. One way to assess the validity of this identification assumption is
to test whether the distribution of the observable covariates is balanced across treatment and
control groups. Table 2 Panel A presents the mean values of a number of variables for year 1997,
the year prior to the date of the first PER adoption, as well as the results from two-sided t-tests
for the equality of these means. The table shows that the samples of PER adopting and nonadopting states are balanced across a wide variety of variables: population, age distribution, race
distribution, log wages, physicians’ density in population, and mortality rates.
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Table 2 Panel B presents the marginal effects from Probit specifications that consider all
of these variable simultaneously. Mortality is still not a significant predictor of PER adoption,
and in fact it enters with a negative sign. To the extent to which PER was adopted by states with
lower mortality rates, the results provide a lower bound for how large is the increase in mortality
associated with PER. Two variables are statistically significant: percent African-American and
log wages, however the correlation is driven by the high proportion of Southern states that
adopted PER. After controlling for Southern state by using a dummy both the estimated
coefficient on percent African-American and the one for log wages decrease sharply, and the
statistically significant correlation between African-American and PER, or log wages and PER
disappears. Even if many Southern states adopted PER, in the robustness check I show that in
fact, after controlling for state fixed effects and state specific time trends, the PER effect does not
vary by region. Moreover, the results are also robust to the inclusion of higher order state
specific time trends. Combined, these results suggest that the identification assumption is
plausible. Numerous other validity tests are reported in the robustness analysis.
Some issues regarding the estimation strategy should be mentioned. First, the estimates
obtained from counties with large populations are more precise than those from smaller counties.
To control for this source of heteroskedasticity, this paper reports regressions weighted by
population in each county-year. Second, the unit of observation is more detailed than the level of
variation of the independent variable of interest, the state level. Third, there are no instances of
repeals in the data; thus, it is highly likely that the error terms are correlated within the state over
time. In the presence of autocorrelation, estimated standard errors tend to be biased downward,
making coefficient estimates spuriously statistically significant. Moreover, misspecification of
the autocorrelation process, which is likely to occur with short time series like the ones used in
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this paper, can also lead to downward bias in the standard error estimates. One viable solution is
to allow for an arbitrary autocorrelation process (Bertrand et al., 2004). To correct for all these
potential problems, this paper reports robust standard errors clustered at the state level. In the
robustness check I show the results hold under clustering at county level.
For the analysis of BRFSS individual-level data8, I use a Negative Binomial9 model with
a similar specification:
(2)

Days lost to illnessit =β PERst + θ Xit + Physiciansst + γs + λt + ωst + εit,

where X is a vector of individual characteristics, such as gender, race, age, education, marital
status, health insurance, and income. The variable physicians is measured at state level and
represents the number of physicians per 1000 people. The model specification includes state
fixed effects, γs , time fixed effects, λt , and state specific time trends, ωst. All regressions were
estimated using BRFSS weighting variables. Robust standard errors clustered at state level are
calculated and reported throughout the analysis.

III. Results
3.1. Main Specification
Table 3 presents the main results obtained from the estimation of equations (1) and (2).
The results indicate that PER adoption leads to an increase in the monthly number of days lost to
illness and in mortality. The magnitude of the PER effect is quantitatively small: Mortality
increases by approximately 33 deaths per 1 million people, a 0.4% increase measured at the

8

BRFSS does not have data for Rhode Island in 1994 and for District of Columbia for 1995.
A Poisson specification yields similar results, but tests indicate that overdispersion is a problem – results not
reported but available on request.

9
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mean of the data.10 The expected number of days lost to illness is approximately 0.2 higher for
people in states that adopted PER than for people in states that did not adopt PER. The timing of
the effect depends on the severity of the investigated health problem. For the measure of general
health wellbeing used in this paper (monthly days of illness), there is evidence of an
instantaneous effect, with no such evidence in the case of mortality but the strongest effect on
both mortality and morbidity shows with a one-year lag.
PER is expected to affect health through three channels. First, reduced illegitimate access
to prescription drugs should reduce the incidence of accidental poisoning. Second, by making the
access to medical care harder for some people it will increase the time to diagnosis and treatment
and for some people and will even make self-treatment the preferred health care option for
others. Third, by eliminating a lower quality service it should reduce the incidence of medical
care adverse effects. Thus the prediction is that if PER is to improve health outcomes it is more
likely it will do so in the case of accidental injuries. In support of this predictions, the results
reported in Table 3 suggest that the PER is negatively correlated to injury-related mortality. The
caveat is that the negative effect on injury caused mortality is not very precisely estimated, the
standard errors are quite wide possibly due to a noise.11 The increase in mortality associated with
the adoption of PER is mainly driven by the increase in mortality from non-injury-related causes.
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As shown in Figure 3, there is a sharp drop in mortality rates in 2004 followed by an increase in 2005. The results
are not driven by noise in this period. In fact the estimates are more precise when excluding years 2005 and 2006
(results not reported but available on request).
11
Figure 5 using the raw data is consistent with an increase in non-injury mortality in adopting states relative to nonadopting states. However, when investigating injury mortality rates (Figure 6), states that adopted PER in 2000 have
lower mortality rates than the states that did not adopt by 2000, while the opposite is true for states that adopted PER
in 2001. While raw data is not enough to draw a conclusion, the graphs are suggestive of significant variation in
injury mortality trends by state. The R-squared from the regressions also indicate that even the large number of fixed
effects and state trends is not able to explain nearly as much variation in injury mortality as in non-injury mortality.
The standard errors are tighter in a specification controlling for quadratic state time trends as shown in robustness
check, but even that specification has caveats (as discussed in the robustness check section) and should be
interpreted with caution.
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To bolster the case that the observed effect of PER on health is mediated by PER impact
on telecare I present several falsification tests. The PER cannot negatively affect individuals that
do not use telecare services. In practice, the people more likely to use telemedicine services are
those who do not have easy access to regular face-to-face consultations. These tend to be people
located in rural areas or in areas with low physician density who incur high transportation costs
to get to a physician’s office for a face-to-face consultation.
3.2. Rural versus Urban
The prediction is that this policy has larger effects on health in predominantly rural
counties. To identify whether the regulation affects these counties differently than predominantly
urban counties, I interact the PER variable with the percent of the county population living in
urban areas as measured in year 2000 (sources of data are detailed in Appendix B). For easier
interpretation of the main effect, the variable percent urban population is centered such that the
main effect is calculated for a person living in a county that is 50% urban.12 As shown in Table
4, the PER leads to an increase in mortality, but the effect is significantly smaller in
predominantly urban areas. As predicted the availability of medical services covered by the PER
has a larger beneficial effect in rural areas. One explanation is that this sub-population is more
likely to try to obtain electronically delivered medical advice. In addition, because the
transportation cost of face-to-face consultations is lower in urban areas than in rural areas, urban
users of telecare services are more likely than rural users to switch toward in-person consults and
less likely to delay seeking diagnosis and treatment.

12

The average individual lives in a county with a 79% urban population. The main effect of PER on log mortality
rate is for such individual is 0.041 with a standard error of 0.024 and thus significant at 10% significance level.
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3.3. Physician Density
A second category of the population likely to use telemedicine consists of people located
in counties with a low physician density. As the transportation costs are higher, the PER should
have a larger negative effect on the health of these individuals. To test this prediction, I interact
the PER dummy with the county number of physicians per 1,000 individuals. The physicians
variable is centered such that the reported (Table 5) coefficients of the PER’s impact are
calculated at the average level of physician density in the population.13 The estimates indicate
that the effect of PER adoption is lower the more physicians there are in the county. These
results suggest that when certain electronically delivered medical advice regulated by the PER is
not available, the fewer physicians there are, the more likely people will delay seeking medical
help or even forgo medical care altogether and experience worsening health.
These estimates provide support for the idea that PER adoption has an overall negative
impact on the population, and mostly affects people located in areas with limited access to
medical care.
3.4. Falsification Test
Since the PER hampers physician-patient telemedicine but not physician-physician
telemedicine, we can construct a falsification test by investigating the effect on mortality from
neoplasm. It is extremely unlikely that physicians would recommend drugs for such a condition
without ever meeting their patients in person and as such PER should have no effect on neoplasm
mortality. Table 6 reports the estimated effect of the PER separately for mortality from neoplasm
and other non-injury mortality. The coefficient in the case of neoplasm mortality is very small
and not statistically significant, even though neoplasm accounts for 25% of total non-injury
mortality. One standard error bands of the estimated effect on other non-injury mortality rates
13

The average individual lives in a county with 2.49 doctors per 1000 people.
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excludes the estimated effect on neoplasm mortality rate. I find that the statistically significant
effect on non-injury mortality is driven by the impact on mortality from other causes.
3.5. Addressing Confounds
A series of sensitivity checks is performed and some of the results are reported in Table
7. The preferred specification, using lag PER, is reported in the top row for comparison.
The identifying assumption is that PER adoption is not caused by local trends in health
outcomes. To support the validity of this assumption I show that PER is statistically unrelated to
past mortality rates. For this purpose I ran regression models of log mortality rates on future PER
status; if health outcomes cause PER adoption, we should find a relationship between current
mortality rates and future PER adoption. As reported in rows [2]-[4] of Table 7A, 1-year lead, 2years lead and 3-years lead of PER are not statistically significantly correlated to current
mortality rates. Also note that previously I show that current year regressions failed to find any
significant relationship between mortality and PER and even in the case of morbidity the
relationship is weak while the 1-year lag of PER is a significant predictor of health outcomes.
These temporal validity tests suggest that causality runs from PER to mortality and not in
opposite direction.
As shown in Table 1 and 2 PER regulation seems to have a geographical pattern raising
the concern that there are some trends in mortality to trigger the adoption. Previously reported
results show PER has a significant effect after controlling for time trends. However, PER could
have been adopted as a response to accelerations in the rate of growth of mortality rates. Such a
possibility would not be entirely captured by linear trends. Specifications enhanced with
quadratic time trends were tested with similar results. In the presence of higher order time trends
the coefficient on injury mortality becomes significant (row [5]). Some caution should be used in
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putting too much emphasis on this result given that overcontrolling for unmeasured factors
sometimes leads to unstable parameter estimates (Schneider, Klein, and Murphy, 1981).14
In addition since southern states are more likely to have adopted PER, I test whether the
impact varies by geographical area. Row [6] of Table 7A presents the estimated coefficient for
the interaction term between PER and southern states.15 These coefficients are not significant,
suggesting the identified effect is not driven by differences in geography of the adopting states.
Moreover, specification [7] presents the results of another test for signs of selection. This
test addresses the question of whether the early-adopting states are the ones that would benefit
most from such regulation, which would signal reverse causality, because adoption would likely
be triggered by heath outcomes. In the sample used, the first states to adopt the PER are
Maryland, North Carolina, Ohio, and Texas in 199916, while the first large wave of adoption took
place in years 200017. A dummy equal to 1 if the state adopted the PER before 2000, and zero
otherwise, is interacted with the PER variable and the coefficient on this variable is reported in
row [7] of Table 7A.18 This coefficient is not statistically significant at the standard significance
levels, providing support for the idea that the early-adopting states are in fact similar to the lateradopting ones, and thus, the timing of PER adoption is exogenous.
Similarly, I show that the estimated effect on late adopters is not significantly different
from the effect on earlier adopting states. Row [8] reports the estimated coefficient on the
interaction term of PER and a dummy equal to 1 if the state adopted PER on or after year 2003.19

14

Other specifications using higher order state specific time trends were tested with substantially similar results.
Southern states: Alabama, Arkansas, Delaware, Florida, Georgia, Kentucky, Louisiana, Maryland, Mississippi,
North Carolina, Oklahoma, South Carolina, Tennessee, Texas, Virginia, and West Virginia.
16
The first state to adopt the PER is District of Columbia in 1998, but DC is not in the sample used because data for
state health and hospital expenditures are not available. The results are robust to a sample including DC and
excluding the controls for state health and hospital expenditures (results not reported but available on request).
17
Ten states adopted PER in 2000.
18
Using other cut-offs, such as before 2001, delivers similar results.
19
Using other cut-offs such as after 2002 or after 2004 delivers similar results.
15
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The results also hold under the exclusion of the counties of the state capitals (row [9]).
This result provides reassurance against endogeneity concerns such as those generated by the
possibility that some counties can create pressure to obtain the desired regulation. Arguably,
counties of the state capitals have a more significant weight in the decisions of the policy
makers. Their exclusion does not change the obtained estimates, providing support for the
identifying assumption.
In addition, I report results that control for potentially relevant time-varying state
characteristics: no health insurance, and education (data sources detailed in Appendix B). A
higher proportion of population with no health insurance makes telecare a more attractive option
in such states but also affect mortality rates. Education may influence the likelihood that the
regulation is adopted and it is known to affect health (Grossman, 2000). The results are robust to
the inclusion of these additional controls, further evidence that the identifying assumption is
plausible.
All these results add up to support the assumption of exogeneity. If the identifying
assumption is valid, the most damaging possible interpretation of the results left is that they are
driven by noise in the data. For instance, if the population is very small, the data could indicate
large changes in the mortality rate from one year to another. This is especially a source of
concern because the positive impact of the PER is more likely to lead to increases in mortality in
predominantly rural areas, which are also more likely to have small populations. One way to
reduce the impact of noise in the data is to exclude counties with very small populations where
there is extremely high variance in mortality rates. Thus, to investigate the possibility that the
results are driven by noise, specification [11] runs the same regression on the sample of countyyear observations with populations of at least 10,000 individuals. The results obtained from this
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specification are similar to those obtained from the entire sample, providing reassurance against
a noise-driven explanation of the estimates.
In addition excluding Alaska, a state with very low population density and thus
potentially highest gains from telecare, does not alter the significance of the coefficients.
Some alternative specifications are also presented. For instance, the regulation may
trigger changes in the time trends of mortality. To investigate this hypothesis, I estimate the
equation below and report the results in row [13] of Table 7A.
(3)

Mortality ratect=β PERst +µ PERst *t + θ Xct + γc + λt + ωst + HHEXPst + εct,
I find no evidence of a change in slope for non-injury mortality, likely because the mean

shift captures most of the change in mortality. The coefficient is significant in the case of injuryrelated mortality but it is not robust to the inclusion of quadratic time trends.
Throughout the paper I report standard errors corrected for clustering at state level.
Clustering at county level may be more appropriate if the concern is that autocorrelation within
county over time is a more significant problem than the errors correlation within state over time.
The results hold under clustering at county level and in fact they show that clustering at state
level is a stronger restriction.
When restricting the sample to the states adopting the PER during this period (row [15]),
we obtain similar results. The coefficients, however, are not statistically significant, consistent
with a model specification that cannot fully account for the decreasing trend in mortality
expected in the absence of PER adoption.
Since the regulation of interest is at the state level, it is useful to test the robustness of the
results at state level. The main specification accounts for the existence of common random
effects at the state level by computing standard errors corrected for clustering at the state level.
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Another solution to this problem is to aggregate the data at the state level. However, using statelevel data also may have significant disadvantages. First, it aggregates over significantly
different populations. And second, the physical examination requirement regulation is more
likely to be endogenous at the state level. Specification [16] in Table 7A presents results
obtained on state-level data for the 1994-2006 period. Controls included are state and year fixed
effects, state-specific trends, and state-level, time-varying controls, such as: age, gender, and race
composition, log wage, physicians, no health insurance, education, and state health and hospital
expenditures. The obtained coefficient estimates are somewhat smaller and not statistically
significant, understandable given how demanding the large number of fixed effects and state
time trends are on the data.20 However, these results are generally similar to the previous results,
providing support for the idea that the timing of adoption is purely the result of a political
process, rather than the variance in the perceived differential advantage in imposing the
requirement of a physical examination prior to prescribing drugs.
Endogeneity is less of a concern for the analysis of the effect on the number of days lost
to illness because that analysis uses individual-level data. However, I also perform a series of
robustness checks for this specification. The results reported in Panel B of Table 7 are consistent
with those obtained in the case of mortality. The first row reports the main results where the PER
variable is measured at time t-1. The second specification indicates the results are robust to using
an OLS specification with log dependent variable. There is no evidence of a change in trend. The
results are robust to the exclusion of Alaska. Using only data from adopting states the estimated
effect is smaller in magnitude but qualitatively similar. Consistent with the results obtained using
mortality rates, I find no evidence of selection: The estimated effect is not significantly different
in early adopting states, or in late adopting states.
20

There regressions run on 650 observations.
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Individual level data allows a more in depth analysis of the effect of PER on various
demographic groups. The effect does not seem to vary significantly by gender but there is
significant variation by race. It appears that the effect is very small on blacks. One explanation is
that there are racial differences in use of technology.21 The result is also consistent with some
previous studies indicating blacks are less likely to access health related electronic resources.22
While BRFSS does not have very detailed information on income, an analysis of the
effect by income brackets is possible. The effect decreases with income though the differences
are relatively small and there may be non-linearities. It appears that the effect first decreases with
income and then slightly increases. One potential explanation that may prove to be a fruitful area
for future research is offered. Intuition suggests that another category of people likely to use
telemedicine services is defined by the relative price of telecare that different people face even
when they are neighbors. Telemedicine may reduce the monetary price but it certainly reduces
the time cost of medical services. As a result, people with high cost of time as proxied by high
wages may be more likely to use telemedicine. Higher wages, of course, also produce an income
effect, translating into more medical care being bought and an increased likelihood of face-toface consultations. However, a backward-bending labor supply suggests that at very high wage
levels, people tend to work more and as a result tend to consume less time-intensive goods.
High-wage individuals also face a very high cost of traditional medical care because of its high
time cost, and as such, they may be more likely to postpone medical visits. On the other hand,
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The literature suggests that the racial gap in computer ownership persists after controlling for socioeconomic
characteristics (Goolsbee and Klenow, 2000) so there may be differences in the rate of technology adoption by race.
22
Some studies found significant racial divide in probability of looking for health information on-line (Rimer et. al.,
2005; MedlinePlus Survey Results 2005) although other studies suggest the difference is relatively small (Rutten,
2007)
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low-wage individuals are more likely to switch to self-care when the cheaper option is no longer
available.
Overall, these results show the estimates are robust to variations in the sample, the choice
of controls, or functional form, providing support for the validity of the empirical strategy.

IV. Conclusions
The rapid development of electronically delivered medical care raised awareness about
the nature of patients’ relationship with their physicians. While word to mouth evidence indicates
the practice of prescribing drugs through telephone to people they have known for some time
was not foreign to some physicians, extending this practice to people physicians never met could
generate problems if the physicians are not able to verify identity. In order to limit illicit access
to prescription drugs, many states adopted regulations requiring physicians to perform a physical
examination before prescribing drugs. Under the threat of losing their license physicians tie
patients’ ability of obtaining a prescription to a face-to-face consult. In other words, these
regulations restrict certain physician-patient telemedicine practices. This affects health through
several channels.
By restricting illegal access to prescription drugs, these regulations are expected to
improve public health. At the same time these regulations also restricts physicians’ ability of
prescribing drugs electronically to real patients. Such services are expected to be of lower
quality, because physicians cannot collect as much information during tele-encounters as they do
during face-to-face consultations, but have the advantage of improving access to medical care.
As such there is a quality-quantity trade-off: If these services are eliminated, the quality of the
marginal service delivered increases, however access to medical services becomes more difficult.
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In principle, consumers in need of treatment have three choices: traditional consults,
teleconsults, and self-treatment. However, if a face-to-face physical examination is required, the
only alternative to traditional consults is self-treatment. Once it is understood that the presence of
this regulation does not imply that every person with health problems will actually meet with a
doctor and that there is a real possibility some will give up physician consultations altogether or
at least delay seeking medical care, the implications of such regulation for consumer health are
less clear than might be imagined.
The ambiguity arises from the effect of the law on various groups of population. The
marginal effect of this hands-on policy is to raise the cost of access to medical advice for some
individuals. Among the individuals that would have otherwise used telemedicine services, after
PER adoption some will choose to meet a physician in person and others will give up on
obtaining professional advice altogether because it would be too expensive. Those that switch
from electronically obtained advice to advice based on face-to-face encounters will obtain a
higher quality service and thus may experience an improvement in their health. However, they
may experience worsening health if access to care becomes difficult enough to induce them to
delay seeking medical care too long. In addition, those that exchange electronically obtained
professional advice for self-treatment will likely suffer a decline in health, because they have a
higher probability of making a mistake than a physician.
This study finds that adoption of the physical examination requirement leads to an
increase in the number of days lost to illness and an increase in non-injury mortality. There is
also some evidence that injury mortality decreases. The increase in mortality is mostly driven by
increased mortality in rural areas, and in areas with low physician density. Numerous
falsification checks are performed and some results are reported, including: testing the temporal
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validity of the identifying assumption, restricting the sample to the most populous counties,
excluding counties of state capitals, testing whether early adopters differ from late adopters, etc.
The results are robust to these alternative specifications.
Overall, the results suggest that allowing physicians to prescribe drugs following
teleconsults can improve health. Moreover, these results provide just the lower bound of the
gain, because it does not measure the gain from the reduction in medical-care costs. From a
policy point of view, these results suggest that deterring illegal access to prescription drugs
should take forms other than regulations that hamper telecare practice.

Appendix: Data Sources
INDIVIDUAL LEVEL DATA
1.
Days Lost to Illness, Gender, Age, Race, Education, Income, and Marital Status –
Behavioral Risk Factor Surveillance System (BRFSS) from Center of Disease control (CDC)
COUNTY LEVEL DATA
1.
Mortality Rates - Compressed Mortality Files compiled by National Center for Health
Statistics (NCHS)
2.
Gender, Age, and Race Composition - Compressed Mortality Files compiled by National
Center for Health Statistics (NCHS)
3.
Wage as defined by average annual pay – U.S. Department of Labor, Bureau of Labor
Statistics, Quarterly Census of Employment and Wages (QCEW) data
4.
Physicians – U.S. Department of Health and Human Services - Area Resource Files
STATE LEVEL DATA
1.
PER (the regulation prohibiting physicians from prescribing drugs without a prior
physical examination) - Federation of State Medical Boards; Office for the Advancement
of Telehealth; States Legislatures
2.
Education as defined by the percent of population with a high-school degree– U.S.
Census Bureau;
3.
No Health Insurance as defined by the percent people not covered by health insurance –
U.S. Census Bureau;
4.
State Health and Hospital Expenditures (per capita amounts deflated using CPI) – U.S.
Census Bureau; State Government Finances;
5.
CPI price index – Statistical Abstract of the United States, 2008
6.
All other state level data – race composition, age composition and wages are obtained
from the county level data.
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Figure 1. Number of Non-Radiology Teleconsults per State
(based on 88 telehealth programs surveyed in 2003)

Note: Areas not shaded did not respond to the survey
Source: Grigsby, Bill “2004 TRC Report on US Telemedicine Activity With an Overview of Non-US Activity”,
New-Jersey: Civic Research Institute Inc, 2004: 88

Figure 2: PER Coverage in 2003

Note: Shaded areas represent states that adopted PER by 2003
Source: Federation of State Medical Boards; Office for the Advancement of Telehealth; States Legislatures
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Figure 3
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Table 1: Summary of State Policies Prohibiting Physicians from Prescribing Drugs without a Prior
Physical Examination of the Patient
State
Alabama
Alaska
Arizona
California
Colorado
District of Columbia
Florida
Georgia
Idaho
Indiana
Kentucky
Louisiana
Maine
Maryland
Massachusetts
Mississippi
Missouri
Nebraska
Nevada
New Hampshire
New Mexico
New York
North Carolina
Ohio
Oklahoma
Oregon
South Carolina
Tennessee
Texas
Utah
Virginia
Washington
West Virginia

Year
2000
2000
2000
2000
2000
1998
2003
2002
2006
2003
2002
2000
2002
1999
2001
2000
2001
2001
2001
2004
2001
2003
1999
1999
2000
2001
2001
2000
1999
2004
2000
2001
2004

AL Admin. Code Rules Chapter 540-X-9-11ER
AK Admin. Code Title 12, Part 1, Chapter 40, Article 6 Section 967
AZ Rev. Stat. § 32-1831
CA Bus. & Prof. Code §§ 4067, 2242.1
Board Policy
Board Policy
64B8-9.014 Standards for Telemedicine Prescribing Practice.
Rules 360-3-.02
ID Statutes Section 54-1733.
844 IAC 5-3-1 Rule 3 & 844 IAC 5-4-1 Rule 4
KRS 311.597(1)(e)
Board Policy
Board Policy
Board Policy
Board Policy
Board Policy
MO Statute 334.100.2(4)(h)
Board Policy
NV Revised Statutes 453.3611-453-3648
Board Policy
NM Admin Code, Title 16, Chapter 10, Part 8, Section 8
Board Policy
Board Policy
OH Board Administrative Rules 4731-11-09
Board Policy
Board Policy
Board Rule
Board Policy
Board Policy
Code 58-1-501
Code 54.1-3303
Board Policy
Title 11, Legislative Rule, WV Board of Medicine

Source: Federation of State Medical Boards; Office for the Advancement of Telehealth; States Legislatures
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Table 2: Are PER Adopting and Non-Adopting States Similar?
Panel A: Pairwise t-Tests of Sample Balance
No PER

PER

t tests

Population

817.578
(1371.472)

1073.939
(1939.334)

0.50

Age 15-24

13.414
(2.829)

13.777
(2.755)

1.09

Age 25-44

30.843
(2.477)

31.575
(3.202)

1.62

Age 45-64

20.993
(1.631)

20.518
(2.154)

-1.24

Age > 65

13.549
(3.082)

12.294
(3.765)

-1.64

Female

51.207
(1.047)

50.989
(1.309)

-0.95

Black

10.575
(12.106)

13.627
(13.804)

1.42

Log wages

2.913
(0.235)

2.854
(0.215)

-1.25

Physicians

2.456
(1.645)

2.390
(1.847)

-0.37

Log( Mortality Rate)*10

67.526
(2.372)

66.645
(2.703)

-1.67

Notes: All entries represent weighted averages, where the weight is county population. All averages are calculated
on all available county data for year 1997 (similar results are obtained using year 1994). * significant at 5%
significance level; ** significant at 1% significance level.

35

Table 2 Panel B: Multivariate Regression
[1]
Population

0.312*10-4
-4

[2]
0.357*10-4

(0.300*10 )

(0.300*10-4)

Age 15-24

-0.006
(0.012)

-0.017
(0.012)

Age 25-44

0.037
(0.023)

0.011
(0.016)

Age 45-64

0.013
(0.023)

-0.009
(0.021)

Age > 65

0.013
(0.027)

-0.010
(0.016)

Female

0.002
(0.028)

-0.002
(0.029)

Black

0.008**
(0.004)

-0.001
(0.003)

Log wages

-0.993**
(0.393)

-0.502*
(0.266)

Physicians

0.021
(0.018)

0.028*
(0.015)

Mortality Rate

-0.049*
(0.029)

-0.024
(0.023)

South

0.343
(0.117)

Notes: These are Probit regressions using 1997 county level data. The dependent variable is a dummy equal to 1 if
the county had the regulation by 2006, and zero otherwise. Robust standard errors clustered at state level are
reported in parentheses. * significant at 5% significance level; ** significant at 1% significance level.
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Table 3: Estimates of the Impact of PER Adoption on Health Outcomes
Panel A

PER, t

Observations
R squared

Days Lost to
Illness
[1]

Mortality
Rate
[2]

0.129*
(0.067)
[0.206]

0.008
(0.023)

2,121,563

40,776
0.9741

Non-Injury
Mortality
Rate
[3]
0.020
(0.023)

Injury
Mortality
Rate
[4]
-0.236
(0.168)

40,776
0.9736

40,776
0.7145

Panel B
[5]

[6]

[7]

[8]

PER, t

0.081*
(0.048)
[0.127]

-0.010
(0.023)

0.001
(0.023)

-0.220
(0.169)

PER, t-1

0.106**
(0.046)
[0.168]

0.044**
(0.021)

0.045**
(0.021)

-0.038
(0.103)

2,121,563

40,776
0.9741

40,776
0.9736

40,776
0.7145

Observations
R squared

Notes: Period investigated is 1994-2006. The dependent variable in specification [1] and [5] measures the number of
days lost to illness in the past 30 days. The dependent variable in all other specifications is the log of annual
mortality rate per 100,000 people. To improve readability the log was multiplied by 10. Specifications [1] and [5]
report the estimates obtained using Negative Binomial models that control for state and year fixed-effects, and state
specific time trends and for gender, race, age, education, marital status, income, health insurance, and state level
physicians per capita. Robust standard errors clustered at state level are reported in parentheses. Marginal effects are
reported in brackets. The estimates reported in columns [2]-[4] and [6]–[8] are from fixed effects regressions based
on a sample of 3136 counties. These regressions include county and year fixed-effects, and state specific time
trends. Other controls included in these regressions are county gender, age, and race composition, log wages,
physicians, and state health and hospital expenditures. These regressions are weighted by the county population.
Robust standard errors clustered at state level are reported in parentheses. * significant at 10% significance level; **
significant at 5% significance level; *** significant at 1% significance level.
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Table 4: Estimates of the Impact of PER Adoption on Mortality in Rural versus Urban
Counties
Mortality Rate

Non-Injury
Mortality Rate

Injury Mortality
Rate

PER

0.113**
(0.043)

0.121**
(0.045)

-0.210
(0.153)

PER*% Urban

-0.002**
(0.001)

-0.003**
(0.001)

-0.001
(0.003)

40776
0.9736

40776
0.7145

Observations
R squared

40776
0.9742

Notes: PER is measured in period t-1 in the first 2 columns and in period t in the last column. The dependent
variable is the log of annual mortality rate per 100,000 people. To improve readability the log was multiplied by 10.
The variable “% Urban” represents the percent of the county population living in urban areas in 2000. This variable
is centered around 50 such that the main effect is calculated for a person living in a county classified as 50% urban.
The main effect for the “% Urban” variable is also included. The estimates are from fixed effects regressions based
on a sample of 3136 counties for the period 1994-2006. Each model includes county and year fixed-effects, and state
specific time trends. Other controls are county gender, age, and race composition, log wages, physicians, and state
health and hospital expenditures. All regressions are weighted by the county population. Robust standard errors
clustered at state level are reported in parentheses. * significant at 10% significance level; ** significant at 5%
significance level; *** significant at 1% significance level.

Table 5: Estimates of the Impact of PER Adoption on Mortality by Physician Density
Mortality Rate

Non-Injury
Mortality Rate

Injury Mortality
Rate

PER

0.043*
(0.026)

0.049*
(0.028)

-0.236
(0.168)

PER*Physicians

-0.053***
(0.014)

-0.053***
(0.014)

-0.031
(0.030)

40776
0.9743

40776
0.9737

40776
0.7145

Observations
R squared

Notes: PER is measured in period t-1 in the first 2 columns and in period t in the last column. The dependent
variable is the log of annual mortality rate per 100,000 people. To improve readability the log was multiplied by 10.
The variable “Physicians” is defined by the number of non-federal physicians for every 1,000 individuals and is
mean centered. The main effect for the “Physicians” variable is also included. The estimates are from fixed effects
regressions based on a sample of 3136 counties for the period 1994-2006. Each model includes county and year
fixed-effects, and state specific time trends. Other controls are county gender, age, and race composition, log wages,
physicians, and state health and hospital expenditures. All regressions are weighted by county population. Robust
standard errors clustered at state level are reported in parentheses. * significant at 10% significance level; **
significant at 5% significance level; *** significant at 1% significance level.
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Table 6: Falsification Test - The impact of PER Adoption on Mortality Caused by Neoplasm
All Non-Injury
Mortality Rate
PER, t-1

0.045**
(0.022)

Neoplasm Mortality
Rate
0.010
(0.030)

Other Non-Injury
Mortality Rate
0.057**
(0.027)

Notes: The dependent variable is the log of annual mortality rate per 100,000 people. To improve readability the log
was multiplied by 10. The estimates are from fixed effects regressions based on a sample of 3136 counties for the
period 1994-2006. Each model includes county and year fixed-effects, and state specific trends. Other controls are
county gender, age, and race composition, log wages, physicians, and state health and hospital expenditures. All
regressions are weighted by county population. Robust standard errors clustered at state level are reported in
parentheses. * significant at 5% significance level; ** significant at 1% significance level.
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Table 7: Alternative Specifications
Panel A: The Impact of PER Adoption on Mortality
Mortality Rate

Non-Injury
Mortality Rate

Injury
Mortality Rate

[1] Main

0.039*
(0.020)

0.045**
(0.022)

-0.236
(0.168)

[2] 1-Year lead of PER

-0.019
(0.034)

-0.011
(0.039)

-0.195
(0.170)

[3] 2-Year lead of PER

0.021
(0.028)

0.024
(0.027)

-0.037
(0.146)

[4] 3-Year lead of PER

0.031
(0.019)

0.032
(0.020)

-0.017
(0.162)

[5] Quadratic time trends

0.034
(0.021)

0.045**
(0.022)

-0.302**
(0.143)

[6] PER*South

-0.039
(0.043)

-0.041
(0.047)

0.244
(0.230)

[7] Early adoption

0.007
(0.059)

-0.004
(0.060)

0.276
(0.327)

[8] Late adoption

0.054
(0.071)

0.069
(0.079)

0.246
(0.259)

[9] Exclude county of state
capital

0.046**
(0.020)

0.052**
(0.021)

-0.233
(0.162)

[10] Add state level
covariates

0.038*
(0.020)

0.043**
(0.021)

-0.252
(0.176)

[11] County pop>10,000

0.039*
(0.020)

0.045**
(0.022)

-0.237
(0.173)

[12] Alaska excluded

0.039*
(0.020)

0.045**
(0.022)

-0.244
(0.168)

[13] Trend break

0.001
(0.009)

-0.006
(0.009)

0.087**
(0.042)

[14] Cluster by county

0.039**
(0.016)

0.045***
(0.016)

-0.236***
(0.074)

[15] Only adopting states

0.021
(0.018)

0.030
(0.020)

-0.225
(0.185)

[16] State level

0.028
(0.021)

0.033
(0.021)

-0.119
(0.117)
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Notes: The independent variable, PER is measured in period t-1 in the first 2 columns and in period t in the last
column. The dependent variable is the log of annual mortality rate per 100,000 people. To improve readability the
log was multiplied by 10. Estimates reported are from fixed effects regressions based on a sample of 3136 counties
for the period 1994-2006. Unless otherwise specified, the model specifications include county and year fixedeffects, and state specific trends. All specifications control for county gender, age and race composition, log wages,
physicians, and state health and hospital expenditures. The regressions are weighted by the county population.
Robust standard errors clustered at state level are reported in parentheses. Row [1] gives the coefficient estimate and
standard errors from the primary specification. Row [6] reports the coefficient on the interaction term between the
PER variable and a dummy equal to 1 for southern states. Row [7] reports the coefficient on the interaction term
between the PER variable and a dummy equal to 1 if the state adopted PER before 2000 and zero otherwise
(excluding 2000). Row [8] reports the coefficient on the interaction term between the PER variable and a dummy
equal to 1 if the state adopted PER after 2002 and zero otherwise (excluding 2002). Row [10] adds to the primary
specification state level controls: percent without health insurance, and percent with at least high-school education.
Row [13] reports the coefficient for the trend break.

Table 7 Panel B: The Impact of PER Adoption on the Number of
Days Lost to Illness
Days Lost to Illness
[1] Main

0.145**
(0.067)
[0.234]

[2] OLS (Log dependent variable)

0.055***
(0.019)

[3] Trend break

0.025
(0.023)
[0.038]

[4] Omit Alaska

0.145**
(0.067)
[0.233]

[5] Only adopting states

0.064***
(0.023)
[0.102]

[6] Early adoption

0.201
(0.182)
[0.334]

[7] Late adoption

-0.067
(0.108)
[-0.097]

41

Table 7B continues
[8] By gender
PER, t-1

Female*PER, t-1

[9] By race
PER, t-1

Black*PER, t-1

[10] By Income
PER, t-1

0.139**
(0.069)
[0.223]
0.015
(0.019)
[0.023]
0.163**
(0.066)
[0.265]
-0.150***
(0.040)
[-0.210]
0.193***
(0.068)
[0.311]

Inc 25k-50k * PER, t-1

-0.038
(0.035)
[-0.054]

Inc 50k-75k * PER, t-1

-0.095
(0.060)
[-0.133]

Inc >75k * PER, t-1

-0.077
(0.095)
[-0.108]

Notes: The dependent variable measures the number of days lost to illness in the past 30 days. Panel B reports the
estimates obtained using Negative Binomial models that control for state and year fixed-effects, and state specific
time trends and for gender, race, age, education, marital status, income, health insurance, and state level physicians
per capita. Robust standard errors clustered at state level are reported in parentheses. Marginal effects are reported in
brackets. Row [3] reports the coefficient for the trend break. Row [6] reports the coefficient on the interaction term
between the PER variable and a dummy equal to 1 if the state adopted PER before 2000 and zero otherwise
(excluding 2000). Row [7] reports the coefficient on the interaction term between the PER variable and a dummy
equal to 1 if the state adopted PER after 2002 and zero otherwise (excluding 2002).
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