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Abstract
Objective: Debate surrounds the usefulness of the instrumental variables (IV) technique for medical research. The choice of an
instrument for the technique has been contentious. This study estimated the effects of smoking on physical functional status. We chose
an especially valid and strong instrument: cigarette price.
Study Design and Setting: The data were a nationally representative cross-sectional sample of 34,288 persons aged 30 to 91 in
1996–1997. The sample was drawn from the Community Tracking Study. Number of cigarettes smoked per day was predicted by the
average cigarette price for the state in which the subject resided. The outcome measure was physical functional status and was measured
by the SF-12 physical functional index.
Results: In multivariable models we found the following: cigarettes per day was strongly and negatively associated with the SF-12
index (P ⬍ .001); cigarette price was strongly and negatively associated with cigarettes per day (P ⫽ .002); the predicted cigarettes per
day (the IV) was strongly and negatively associated with the SF-12 index in linear regression and tobit regression (P ⫽ .047 and P ⫽ .021).
Conclusion: Estimated coefficients from the IV method suggested that the effect of smoking on physical functional status was
substantially larger than estimates that relied on conventional methods. 쑖 2004 Elsevier Inc. All rights reserved.
Keywords: Econometrics; Two-stage least squares; Tobit

1. Introduction
The instrumental variable (IV) technique, long a workhorse in economic analyses, has great potential in medical
and epidemiologic research. A few IV studies have received
some medical and epidemiologic attention [1–9]. Many more
have been published in Health Services journals [10–13].
One problem has plagued the adoption of IV techniques in
medical and epidemiologic research. Medical researchers
have been skeptical of the IV technique because many of
the “instruments” (unique variables) used in IV studies have
been invalid and weak [14]. The concern about invalid and
weak instruments has also been voiced by leading econometricians about many applied economic studies [15–18].
The main contribution of this study is to investigate a significant health problem with an instrument that is likely to
convince many skeptics. Our problem is estimating the
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effects of smoking on physical functional status. Our instrument is cigarette price. An additional contribution is the
intuitive explanation of the IV technique we offer in the
Methods section.
It is important to generate the best possible estimates of
the effects of smoking on health. Problems for individuals
and societies can result when estimates are either too high
or too low [19]. Smoking is a known cause of a number
of diseases including lung cancer and chronic obstruction
pulmonary disease (COPD). It is strongly suspected to be
one of the causes of many others including heart disease,
stroke, most cancers, and congenital anomalies [20]. It exacerbates even more diseases including diabetes, HIV, depression, respiratory infection, chronic liver disease, arthritis,
nephritis, and ulcers [20]. Finally, smoking is a risk factor
for accidents [21]. Many of these are among the leading
causes of disability: heart disease, major depression, roadtraffic accidents, stroke, COPD, lower respiratory infections,
HIV, and arthritis [22,23]. With the possible exception of
major depression, these diseases and injuries affect physical
functioning, that is, physical disability. Our health measure
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is one of the most popular measures of physical function:
the Physical Component Summary (PCS) of the SF-12 [24].
The IV technique is most easily understood in the context
of treatment and outcome variables [25]. In observational
data, some of the variation in the treatment variable can
be polluted by reverse causality, unobserved variables, or
measurement error. The IV essentially captures that portion
of the treatment variable that is not polluted. This cleansed
portion can then be used to assess the true effect of the
treatment on the outcome.
A valid instrument satisfies two qualifications. First, it is
logically related to and statistically correlated with a treatment variable. Second, there is no logical reason why the
instrument should be directly related to the outcome other
than the instrument’s effect on the treatment. A strong instrument is strongly statistically correlated with a treatment.
Cigarette price is such a variable. It is logically related to
and strongly correlated with smoking: higher prices result
in less smoking, on average. On the other hand, the price
of cigarettes would not appear to be logically directly related
to an individual’s health. The only logical relation would be
an indirect one: price affects cigarette use that, in turn, affects
health. Cigarette price therefore appears to satisfy the conditions for a valid and strong instrument.
We used price-per-pack data from the 50 states and DC
matched to persons who resided in those states and DC. Data
on individuals were drawn from the Community Tracking
Study (CTS) [26]. We used statistical software that not only
estimates correct standard errors in IV techniques, but also
correct standard errors for data that have geographic clusters.
2. Data and method
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missing values on the control variables (age, gender, race,
education, and so on). We used imputed values provided by
the CTS. Less than 2% had imputed values.
2.2. Dependent, control variables, and instrument
Cigarette use was measured as the number of cigarettes
smoked per day, on average, over the past 30 days. Persons who quit within the past 30 days were regarded as smokers. The CTS collected information on their cigarettes per
day prior to quitting.
The physical functional status variable was measured as
the PCS of the SF-12 [24]. This summary was a composite
score for questionnaire answers pertaining to whether and
how much a subject’s health or conditions limit some daily
activities such as moving a table, pushing a vacuum cleaner,
or climbing stairs, as well as answers to a general question
on overall health. Answers were weighted according to
an algorithm developed by Ware et al. [24]. The PCS was
designed to be normally distributed. In our sample, it had
a mean and standard deviation of 48 and 11. The instrument
was the average price per pack within states and DC for
1997. These data were drawn from the Centers for Disease
Control and Prevention, which in turn, derived them from
the (now defunct) Tobacco Institute.
Control variables were not arbitrarily selected. We used
the most popular control variables identified in the literature
on estimating the effects of smoking on physical functional
status, provided those variables were available in the CTS
[27–29]. Our structural equations assumed that smoking depended on cigarette price, age, age squared, race, gender,
education, marital status, income, employment status, children, and insurance status; and that health depended on all of
the above except cigarette price.

2.1. Data source
The CTS is an ongoing data collection effort conducted
by the Center to Study Health System Change and financed by
the Robert Wood Johnson Foundation [26]. We used the
Household Survey portion of the CTS for the years 1996–
1997. The CTS Household Survey is a large, nationally
representative survey of the civilian, noninstitutionalized
population consisting of 60,446 persons. Telephone interviews were conducted as well as in-person interviews for
those without telephones. Data were drawn from persons
living in 60 randomly selected communities nationwide.
Extensive information was available on medical care use, activities of daily living, current and past smoking status,
demographics, and medical insurance. Interviews and
questionnaires were conducted in English and Spanish. Because physical functional status measures such as the SF12 were designed for adults, and because functional decline
does not generally occur among persons in their 20s, we
restricted attention to persons age 30 and over. We also
required that all persons in our sample had information on
the SF-12 and smoking status. These restrictions resulted
in a sample of 34,326. We did not exclude persons with

2.3. Method
Several problems face researchers attempting to estimate
effects of treatment on outcome using observational data.
First, it could be that the outcome variable results in the treatment. For example, a rapid physical functional decline could
scare someone and result in the person quitting smoking. The
smoking that lead to the disability may have stopped months
or years before, yet the person would likely still have the
disability. Without adjustment for this reverse causality,
conventional methods would underestimate the effect of
smoking on health. Second, random measurement error for
the treatment variable can result in an underestimate of the
effect of treatment on outcome. Third, there may be some
unobserved, perhaps unmeasureable, variable or set of variables that could influence or be influenced by both the treatment and the outcome. In most cases, we would want to
exclude the unobserved variables. For example, risk aversion, a frequently unobserved variable, might lead people
to never smoke and to maintain good health. Any correlation
between smoking and health that did not remove risk aversion would overestimate the effect of smoking on health.
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On the other hand, there may be spillover effects [30–32].
Second-hand smoke can cause disease in innocent bystanders. In addition, the more smokers in a geographic area, the
less likely there is a social stigma associated with smoking
and the more likely others will decide to smoke. Any correlation between individual smoking and individual health that
did not include spillover effects would underestimate the
effect of all smoking on health [30–32]. In the case of spillovers, we would want to include, not exclude, the unobservables. An IV, especially derived from a geographic
instrument, would include spillover effects [30–32]. Technically, any of these three problems (reverse causality, measurement error, unobservable variables) result in biased
estimates [33].
In theory, the IV technique solves all three problems. A
valid instrument acts as a randomization device. In a randomized trial, we can think of a fair coin toss as deciding
who is selected into treatment and who is not. In a valid IV
analysis, the instrument assigns subjects to either treatment
or no treatment using an assignment mechanism that is independent of the outcome. For example, the presence of unmeasured risk aversion in observational data represents a
clear violation of random assignment. Persons in the treatment group (smokers) would likely be less risk averse than
persons in the control group (nonsmokers). Our IV technique
attempted to place subjects into treatment and control groups
based upon cigarette price in a geographic area. Loosely
speaking, subjects who were strongly influenced by risk
aversion to become smokers or nonsmokers were excluded
from the IV analysis.
The IV technique can be shown with two diagrams. Fig.
1 is drawn from Newhouse and McClellan (1998) [34]. The
scheme in Fig. 1 assumes that price is the instrument.
The arrows in Fig. 1 imply causality. Price affects smoking,
which in turn, affects health. What is important about Fig.
1 and what makes price a valid instrument is that there are
no arrows pointing to price. In the language of economics,
price is exogenous. These directional arrows are merely
assumptions. They must be established by appealing to logical arguments. Economists rely on economic theory. Perhaps
the most basic tenet of economic theory is that the quantity
demanded of a product (cigarettes) is inversely related to
its price. This is the “law of demand.” As the price of
cigarettes increases, theory (logic) suggests a decline in
quantity of cigarettes consumed. This is common sense. This
argument is one reason why so many states levy cigarette

taxes. In addition to providing revenue, some governments
want to reduce smoking.
A valid instrument must be theoretically related to the
treatment variable but not, theoretically at least, be directly
related to the outcome. Invalid instruments are those for
which causality arrows might run from: (1) the treatment to
the instrument; (2) from the outcome to the instrument; (3)
from the instrument to the outcome; or (4) from other variables to the instrument, treatment, and outcome. A weak
instrument is weakly statistically correlated with the treatment variable. Unfortunately, weak and invalid instruments
frequently appear in the literature. For example, we used
mother’s educational attainment as an instrument for adult
child’s own educational attainment in assessing the correlation between education and health [35]. But mother’s educational attainment likely influences the child’s health in
early years, which certainly influences the adult’s health
in later years. Thus, the instrument (mother’s educational
attainment) affects the outcome (health) for reasons other
than the effects of the instrument on the treatment.
Fig. 2 is inspired by a similar picture in Kennedy [36]. We,
however, extended his analysis. Fig. 2 shows the variation in
the three variables. The overlapping variations are indicated
by red, green, blue, and brown. Silver indicates that portion
of health not correlated with either smoking or price. Brown is
the variation in price that overlaps with smoking but not
health. The overlap between smoking and health are three
colors combined (red ⫹ green ⫹ blue). If we did not need
the IV technique (i.e., if no reverse causality could pollute the
estimate, if there were no unobserved variables, and if
there were no measurement error) then the combined variation (red ⫹ green ⫹ blue) would allow us to estimate the
true causal effect. But suppose the red area reflects the
reverse causality or unobserved variables or measurement
error. This red area would bias the estimate if we included

Fig. 1. Source: Newhouse, McClellan, 1998 [34].

Fig. 2. Venn diagram drawn from Kennedy [36].
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it and we mistakenly assumed all of the colors (red ⫹
green ⫹ blue) combined measured the effect of smoking on
health. What we need is green and blue combined, but not
red. The instrument provides us with part of what we need—
blue. The variation measured by blue is the instrumental
variable. Cigarette price is the instrument. The bigger blue
is (without crossing into red or silver) the stronger is our
instrument and instrumental variable. We are tempted to
note that the blue area represents the best linear unbiased
estimator, B.L.U.E., but the IV estimator is merely consistent, not B.L.U.E. [33]. Technically, the IV estimator is biased
(in finite samples) but consistent (as samples go to infinity).
A regression estimator that does not use the IV is biased
and inconsistent.
Fig. 2 also is useful in indicating a common mistake new
researchers make applying IVs. New researchers sometimes
simply replace the treatment variable with the instrument in
the regression explaining the outcome. They regress health
on price. But this is a mistake because this regression of
health on price would use brown and blue to estimate the
effect of smoking on health. But brown is not correlated
with health. The correct IV uses only that portion of smoking
that is correlated with health. That portion is blue, and it
corresponds to the predicted values of smoking in a regression of smoking on price. It is the portion of variation
in smoking accounted for by price. The IV is the predicted
value of smoking.
Notice all three circles intersect at the southeast corner
of brown and blue. If the price circle were moved a little
to the right, some of the price circle would overlap with
the silver health circle. This would suggest an invalid instrument. It would suggest that there is some correlation between
price and health that is independent of smoking.
The most important equation in the IV technique in our
case is a regression of health on the predicted values of
smoking. The correct standard of error of this regression,
however, requires that the actual values of smoking rather
than the predicted values be used to calculate the variance–
covariance matrix [37]. A regression of health on the predicted values of smoking will yield the correct (consistent)
coefficient, but not the correct standard error. Software is
available to correctly estimate these standard errors (in stata,
programs are ivreg and svyivreg). The stata program svyivreg simultaneously adjusts standard errors for geographic
clustering and sample weights as well as the IV technique.
The program svyivreg automatically uses all of the exogenous variables in the first stage regression (smoking on
price, age, race, gender, and so on). Whereas the structural
equation for smoking may depend only on cigarette price,
the reduced form equation used to predict smoking must
include all exogenous variables, that is, all variables other
than smoking and physical functional status [33].
Smoking is recorded as number of cigarettes per day.
Seventy-six percent (76%) of subjects had zeros. A tobit
estimator might be more appropriate to estimate the smoking
equation [38]. However, stata (nor any other software with
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which we are familiar) does not have a program to estimate
the correct IV standard errors using tobit and adjusting for
clustering. Nevertheless, a regression of health on the predicted values of smoking (from tobit) will yield the correct
(consistent) coefficient.
We preferred to run regressions both ways: using linear
regression that accounted for unique IV standard errors with
svyivreg (Table 1) and second, using tobit that simultaneously accounted for geographic clusters and weights (intreg)
but did not account for unique IV standard errors (Table 2).
We proceeded with three regressions in Tables 1 and 2 (1,
2, 3). These regressions are explained below. Table 2 did
not include results on other exogenous variables. Table 2
results were shortened because results on all other exogenous
variables were consistent with those in Table 1.
1. Regress cigarettes per day on price and all exogenous
variables (age, race, gender, insurance variables, and
so on) to obtain predicted values. Call these Cighat.
2. Regress SF-12 on cigarettes per day and all exogenous
variables, except price.
3. Regress functional status SF-12 on Cighat (but not
cigarettes per day) as well as all other exogenous
variables (age, race, gender, insurance variables, and
so on).

3. Results
Table 3 presents data on cigarette prices. These prices
are available each year. The year 1997 was selected to remain
consistent with the CTS data from 1996–1997. The relative
ranking across states was virtually the same in 1996.
We present prices for 50 states and the District of Columbia. The CTS, in its 60 communities across the United States,
did not include communities from 15 states (Alaska, Delaware, Hawaii, Idaho, Iowa, Kansas, Mississippi, Montana,
Nebraska, New Hampshire, New Mexico, North Dakota,
Rhode Island, South Dakota, and Vermont). Nevertheless,
the 60 communities are representative of the nation [26].
Within Table 3, the three highest prices are in Washington
($2.73), Massachusetts ($2.59), and Michigan ($2.43). The
three lowest prices are in Kentucky ($1.56), Virginia ($1.62),
and Georgia ($1.62).
Table 4 presents descriptive statistics. The mean and standard deviation for cigarette price were $2.04 and $.31. The
variable for cigarettes per day included the majority (76%)
of respondents with “0” as a response. The mean for physical
function in the SF-12 was 47.99, with a standard deviation
of 10.45. Higher scores for functional status reflected better
health. The CTS did not collect information on functional
status for persons younger than 18.
Table 3 presents results on regressions that accounted for
geographic clusters. Three regressions were run. In regression number 1, the dependent variable was cigarettes per
day. The key exogenous variable was cigarette price, which
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Table 1
Linear regression results accounting for geographic clusters
Estimated Coefficient and (two-tailed P-value)
Instrument and
endogenous variables
Cigarette price
Cigarettes per day
Predicted cigarettes per day
Other exogenous variables
Age
Age square
African—American
Other race
Hispanic
Female
Years of school
Married, spouse present
Family income
Employed
Number of children
Medicare
Medicaid
Military
No insurance
Constantc
R2 F-prob

Regression 1, number of
cigarettes smokeda
⫺.935** (⬍.002)

.255** (⬍.001)
⫺.003** (⬍.001)
⫺2.946** (⬍.001)
⫺.589 (.105)
⫺4.220** (⬍.001)
⫺1.967** (⬍.001)
⫺.448** (⬍.001)
⫺1.618** (⬍.001)
⫺.00001** (⬍.001)
⫺.643** (⬍.001)
⫺.306** (⬍.001)
.257 (.319)
1.923** (⬍.001)
1.77** (⬍.001)
2.143** (⬍.001)
12.107** (⬍.001)
0.086** (⬍.001)

Regression 2, functional
status (SF-12)a
⫺.054** (⬍.001)
⫺.273** (⬍.001)
.002** (⬍.001)
⫺1.327** (⬍.001)
⫺.706** (.023)
.345 (.214)
⫺.390** (⬍.002)
.437** (⬍.001)
.632** (⬍.001)
.00001** (⬍.001)
4.217** (⬍.001)
.112 (.067)
⫺3.774** (⬍.001)
⫺4.968** (⬍.001)
⫺2.198** (⬍.001)
⫺.0423 (.860)
48.522** (⬍.001)
.207** (⬍.001)

Regression 3, functional
status (SF-12)b

⫺.587* (0.047)
⫺.136** (.080)
0.0002 (.064)
⫺2.833** (⬍.001)
⫺1.050** (.014)
⫺1.927 (.157)
⫺1.433** (⬍.014)
.192 (.169)
⫺.212 (.651)
.00001* (⬍.018)
3.874** (⬍.001)
⫺.052 (.649)
⫺3.632** (⬍.001)
⫺3.993** (⬍.001)
⫺1.270 (.125)
1.102 (.131)
54.003** (⬍.001)
.018** (⬍.001)

* Indicates significance at .05 level in two-tailed test.
** Indicates significance at .01 level in two-tailed test.
a
For regressions 1 and 2, stata regression command svyreg was used.
b
For regression 3, stata instrumental variable regression corrected for weights and clusters svyivreg was used. The first stage regression used all
exogenous variables, not just cigarette price, to generate the predicted cigarette price variable. Schem 4/20.
c
Following binary variables omitted: White and no response for race, all other marital state categories, male, private insurance.

was strongly and negatively correlated, as predicted by economic theory. The P-value was smaller than .002. The estimated standard error and t-statistic (not shown) were .309
and ⫺3.03, respectively. Elasticity, evaluated at the mean
for price and quantity of cigarettes, was ⫺.47. Elasticity
measures the percentage change in cigarettes per day associated with a percentage change in price.
The other covariates (control variables) perform as expected, thus lending credence to our data and manner in

which we specified the equations [39]. CTS women smoked
less than men. Education was inversely correlated with
smoking. Married persons smoked less than persons in other
marital categories. Income was inversely related to smoking.
Greater numbers of children in the family was inversely
correlated with smoking. Smoking increased with age, but
at a decreasing rate (coefficient on age square was negative).
In regression number 2, physical functional status was
the dependent variable. The key covariate was cigarettes per

Table 2
Tobit and linear regression results accounting geographic clusters
Estimated coefficient and (two-tailed P-value)
Instrument and
endogenous variables

Tobit regression 1
cigarettes per daya

Cigarette Price
Cigarettes per day
Predicted cigarettes per dayc
Other Exogenous Variablesd

⫺2.322* (.023)

Linear regression 2
functional status (SF-12)b
⫺.054** (⬍.001)

Linear regression 3
functional status (SF-12)b

⫺.237* (.021)

* Indicates significance at .05 level in two-tailed test.
** Indicates significance at .01 level in two-tailed test.
a
For regressions 1, stata regression command intreg was used.
b
For regression 2 and 3, stata command svyreg was used. N ⫽ 34324, includes DC (Schem 6/1/03).
c
Standard error not estimated with IV technique.
d
All other exogenous variables, age through no insurance, were also included in each of these regressions. Following binary variables omitted: White
and no response for race, all other marital state categories, and male, private insurance.
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Table 3
Cigarette prices, 1997
State

Average price ($) per pack

Alabama
Alaskaa
Arizona
Arkansas
California
Colorado
Connecticut
Delaware
District of Columbia
Florida
Georgia
Hawaii
Idaho
Illinois
Indiana
Iowa
Kansas
Kentucky
Louisiana
Maine
Maryland
Massachusetts
Michigan
Minnesota
Mississippi
Missouri
Montana
Nebraska
Nevada
New Hampshire
New Jersey
New Mexico
New York
North Carolina
North Dakota
Ohio
Oklahoma
Oregon
Pennsylvania
Rhode Island
South Carolina
South Dakota
Tennessee
Texas
Utah
Vermont
Virginia
Washington
West Virginia
Wisconsin
Wyoming

$1.81
$2.97
$2.31
$1.87
$2.08
$1.86
$2.18
$1.79
$2.37
$1.92
$1.62
$2.60
$1.87
$2.02
$1.67
$1.94
$1.84
$1.56
$1.86
$2.20
$1.97
$2.59
$2.43
$2.20
$1.76
$1.74
$1.75
$1.95
$2.01
$1.97
$2.08
$1.84
$2.29
$1.68
$2.05
$1.73
$1.84
$2.34
$1.91
$2.32
$1.65
$1.93
$1.68
$2.02
$2.23
$2.14
$1.62
$2.73
$1.71
$2.11
$1.69

Source: Centers for Disease Control and Prevention.
a
The following states do not have individuals from CTS residing in
them: Alaska, Delaware, Hawaii, Idaho, Iowa, Kansas, Mississippi,
Montana, Nebraska, New Hampshire, New Mexico, North Dakota, Rhode
Island, South Dakota, and Vermont.

day, which was strongly and negatively correlated with physical functional status, as expected. The P-value was less than
.001. The standard error and t-statistic (not shown) were
.0081 and ⫺6.71, respectively.
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There are additional noteworthy results in regression 2.
Functional status decreased with age, but at a decreasing
rate. African–Americans and persons in the “other race”
category reported lower functional status than Whites.
Women and persons insured by Medicare, Medicaid, or the
military reported lower status than men and persons with
private insurance. Education, being married with spouse
present, income, being employed, and number of children
in the family, were all positively and strongly related to
higher functional status. Again, these results were consistent
with the literature on functional status and good health in
general [27–29]. In regression number 3, physical functional
status was again the dependent variable. This regression
adjusted standard errors in accordance with the IV technique.
With the exception of age squared, married, schooling, and
military insurance, every covariate that was statistically
significant in regression 2 was statistically significant in
regression 3, and carried the same sign. The key covariate
was the IV: predicted cigarettes per day. It was negatively
correlated with functional status and had a P-value of .047
(standard error ⫽ 0.2953; t-statistic ⫽ ⫺1.99). The estimated
coefficient, ⫺.587, was roughly 10 times larger in absolute
value than the cigarettes-per-day coefficient in regression 2
(⫺.054).
Table 2 presents results on regressions that correspond
to those in Table 1: a tobit regression (column 1) similar to
linear regression 1 in Table 1; a linear regression (column 2)
identical to regression 2 in Table 1; and a linear regression
(column 3) similar to linear regression 3 in Table 1. But
in Table 2, only results on key variables are presented. All
three partial correlations in Table 2 generated P-values below
.05 in two-tailed tests. In column 1, the tobit coefficient on
cigarette price was ⫺2.322, which is more than double the
size of the linear regression coefficient in Table 1 of ⫺.935.
However, these coefficients are not directly comparable [33].
“Marginal effects” from the tobit are comparable [33]. We
estimated the marginal effect to be ⫺0.557. The elasticity
associated with ⫺.557 is ⫺0.28. The estimated coefficient
on predicted cigarettes per day (the IV) was ⫺.237. This is
less than half the size of the coefficient in Table 1 that did
not use Tobit, but over four times the size of the coefficient
in column 2 that did not use the IV technique.
Whereas there are only 36 different values for cigarette
prices, there are likely to be many more values for predicted
cigarettes per day. Whenever an exogenous variable such as
age or years of school, and so on, changes its value (whenever we compare two different people in the CTS), predicted
cigarettes will also change (will be different for the different
people). This would not be true if cigarette price only were
the predictor of cigarettes per day.
The magnitude of the effect of cigarettes on functional
status can be assessed with comparing a pack-a-day smoker
with a nonsmoker. This would require multiplying 20 (cigarettes) with the estimated coefficient, ⫺.587 (see Table 1) and
⫺.237 (see Table 2) to yield roughly ⫺11.7 and ⫺4.7.
These ⫺11.7 and ⫺4.7 are indeed large numbers given that
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Table 4
Descriptive statistics, CTS household sample, persons age 30⫹ sample size ⫽ 34,326
Continuous Variables
Variable
Instrument
Cigarette price
Dependent (endogenous) variables
Cigarettes per daya
Physical functional status, SF-12
Independent (exogenous) variables
Age
African–American
Other Race (Native/Asian/Pacific)
White, non-Hispanic
Hispanic, any race
No race/ethnic response
Female
Years of schooling
Married, spouse present
Family income
Employed
Number of children
Private insurance
Medicare
Medicaid
Military and other public
Uninsured
a

Mean

Standard deviation

Binary Variables
Min.

Max.

$2.04

$0.31

$1.56

$2.73

4.05
47.99

8.99
10.45

0
10.37

96
69.04

50.98

14.28

30

91

12.92

2.71

6

$44,035

$35,796

0

$150,000

0.70

1.10

0

7

Number in category

% in category

3,879
1,476
25,745
3,124
102
18,760

11.3%
4.3%
75.2%
9.1%
⬍0.1%
53.1%

23,107

64.7%

21,489

58.3%

22,559
7,106
752
721
3,188

65.7%
20.7%
2.2%
2.1%
9.3%

19

Cigarettes-per-day was constructed. Number with “0” is 26,318 or 76% of the sample.

the mean of SF-12 is 48 and the standard deviation is 10.5.
Assuming functional status is roughly normally distributed,
z-values of 1.11 (for ⫺11.7) and 0.45 (for ⫺4.7) suggest
the smoker had functional status of 37 to 17% worse than
that of a nonsmoker.
4. Discussion
4.1. Implications
When comparing results on cigarettes per day and predicted cigarettes per day in regressions 2 and 3 in both
Tables 1 and 2 two features stand out. First, P-values (and
standard errors) are larger for the predicted cigarettes than
the actual cigarettes. Second, the coefficients, in absolute
value, are an order of magnitude larger for predicted cigarettes than for actual cigarettes. The IV method thus suggests
that the true effect of smoking on health is larger than conventional methods have estimated.
This result was not expected, but can be explained. As
mentioned above, reverse causality and spillover effects could
produce an IV estimate that exceeds the conventional estimate. The reverse causality could occur when a person quits
smoking because he or she is in poor health. That is, many
people who are currently disabled may have quit smoking
sometime in the past. Our CTS data are restricted to smoking in the past 30 days. Spillover effects could involve
second-hand smoke and social stigma. The IV technique will
include these spillover effects, especially if the instrument
is a geographical variable, as ours is [30–32].

4.2. Literature review
Stuck et al. [40] recently reviewed the literature on the
risk factors associated with functional status decline.
Twenty-eight factors made it on their short list of the most
studied risk factors. Of these 28, only 12 generated the
highest rating for a risk factor that was consistently and
strongly predictive of functional decline. Smoking was one
of 12. None of the studies reviewed by Stuck et al. [40],
however, used the IV technique.
For a number of reasons, numerical estimates of association between smoking and functional decline cannot be
easily summarized across studies. First, smoking and functional decline studies do not always measure smoking the
same way (number of cigarettes, binary smoking, packyears). Second, functional decline is not measured the same
way (SF-12, Stanford Health Assessment Questionnaire,
continuous measures, binary measures). Third, statistical
techniques differ (linear regression, logistic regression, ordered probit regression). Fourth, samples differ (different
age groups, men only, women only). Fifth, we cannot directly
compare our estimated coefficients with those in the literature. Epidemiologic research tends to focus on estimating
odd ratios and relative risks when both the dependent and
independent variables are binary. But when they are continuous, as they are here, epidemiologists tend not to focus on
the size of the coefficient and sometimes do not ever report it.
There is a growing body of literature on IV applications
in medical research and epidemiology [1–9]. It is worth
noting that two of these studies rely on geography to help
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create an instrument. McClellan, McNeal, and Newhouse [1]
use distance from the hospital. Earle et al. [4] use differential
use of chemotherapy across metropolitan areas. Moreover,
both of these studies have generated a great many citations.
A number of the earlier IV applications provided little rationale for their choice of instruments [5–7]. More recent applications [2,3] give more attention to justifying their choice
of instruments. However, the justification relies more on
statistical tests (Hausman Test) than on theoretic rationale.
Our large estimate IV effects have precedent in the emerging literature using IV techniques to estimate the effects of
education on health. This literature generally finds that the
IV technique estimates larger effects for education than conventional techniques [30–32]. Finally, our estimated cigarette price elasticities (⫺.47, ⫺.28) compare favorably to
others in the literature (⫺0.46 in Hu et al. [41] and ⫺0.3
to ⫺0.5 in Keeler et al. [42]).
4.3. Strengths and limitations
We begin with strengths. Few, if any, IV studies by economists account for geographic clustering [43–45]. But this
is important, as our study suggests, especially if the IV is
geographically specific. Another major strength is that our
instrument, cigarette price, is simple and plausible. A third
strength is that the SF-12, smoking, and cigarette price are
all continuous variables. Problems are introduced if either
treatment or outcome is not continuous [15]. A fourth
strength is the CTS data set, which is popular and highly
regarded by medical researchers [46,47].
There are limitations. The IV estimator is consistent but
not unbiased. This underscores the necessity of using large
samples. Our sample size was 34,288. We selected ages 30
and over. Many studies of functional decline look at persons
age 50 and over. However, to increase sample size, we
selected age 30. A number of studies on functional status
have looked at middle-aged persons (Haapanen et al. [48],
aged 35–63 years; Philappaerts, Lefevre [49], aged 30–40
years; Idler et al. [50], aged 25–74 years; Michel et al.
[51], aged 25–74 years; Ueda et al. [52], aged 40–75 years;
Garraway et al. [53], aged 40–79 years).
Another limitation involves mobility. People move. Current state of residence may not have much influence on a
person’s smoking habits. This is especially true for retirees
who may have relocated to a new state. Persons typically
begin smoking in their teen years. On the other hand, they quit
anytime after that. There are only 36 different data points
for cigarette price. However, normally, this would suggest
it is difficult to find low P-values. But low P-values were
found. That is, the regression technique already accounts for
the fact that there are so few different observations on
cigarette price. Moreover, when all exogenous variables
were included in the cigarette price regression, the predicted
cigarettes per day had much more variation than just 36
values.
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District of Columbia residents may leave and buy cigarettes in Virginia or Maryland. This can happen in any state.
Evans and Ringle [43] found this bootlegging effect was
small. Lewit, Coate, and Grossman [54], on the other hand,
found bootlegging was a significant problem among youth.
If there is significant bootlegging from low tax states to
high tax states then both our conventional model estimates
and the IV model estimates will have a downward bias on
the effects of cigarettes on physical functional status.
An incorrect criticism of our study is that we should have
used taxes, not prices. Economic theory suggests that it is
prices (which include taxes) that are the most relevant for
the consumer. Taxes are relevant for policy. But this is not
the question addressed in this study.
The CTS has no data on specific health problems such
as whether the respondent has cancer, circulatory disease,
COPD, etc. Nor does the CTS have data on other health
habits such as drinking or exercising or body mass index.
The National Health Interview Survey (NHIS) has these
data, but it is the policy of the NHIS not to provide geographic state data on individuals to researchers. The lack of
health data sets with geographic information is problematic
for implementing IV techniques.
Another potential limitation involves the inclusion of the
four variables reflecting insurance status. Insurance status
may be endogenous. Smokers may be risk takers, in general,
and therefore, more likely to go uninsured. However, insurance status is likely to affect health, that is, to be included
in the structural equation explaining health. As a result, the
reduced form equation explaining cigarettes per day would
still have the insurance status variables as covariates. We,
nevertheless, allowed for the possibility that the insurance
status variables might be influencing our results. We ran
regressions excluding them. Our fundamental findings remained unchanged: predicted cigarettes per day generated
P-values below .05, and the IV estimates were at least four
times larger than the non-IV estimates.
Finally, the standard error on predicted cigarettes per day
in Table 2 did not adjust for the IV technique. But we are
not aware of any IV Tobit program that also adjusts for
geographic clustering. We did test whether the standard
error in a linear regression of SF-12 on predicted cigarettes
per day and exogenous variables that did not adjust the
variance–covariance matrix (svyreg) was appreciably different from the standard error in a similar linear regression
that did adjust the variance–covariance matrix. The standard
error on predicted cigarettes per day in the unadjusted regression was .2535 and .2953 in the adjusted regression. This
is only a 16% increase. A similar increase on the standard
error in Table 2 would result in a P-value far below .05.
We, therefore, do not think it is likely that estimated standard
of errors in Table 2 would alter our fundamental findings.
5. Conclusion
We have used a large national sample to investigate the
effects of smoking on functional status with the IV technique. We hope our instrument, cigarette price, and our
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intuitive explanations of the technique together with other
studies [1–9], persuade some physicians and epidemiologists
of the usefulness of instrumental variables.
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