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ABSTRACT 

The primary aim of the study was to determine if the propensity score data 

analytic procedure was sufficient to remove the sampling bias that was thought to be 

present in a large multiple-year smoking prevalence survey. The survey under 

examination was the Adult Tobacco Survey (ATS) administered in the state of Arizona in 

1996, 1999, and 2002 by the Tobacco Education and Prevention Program. Information 

provided by the ATS is used to obtain estimates of smoking prevalence and determine 

attitudes and beliefs about smoking. In an attempt to obtain more relevant information, 

the ATS was revised between the 1999 and 2002 survey administrations; questions were 

added or removed, the order in which questions were presented was modified, and 

question wording was altered. In addition, slight changes in research protocol throughout 

the years had resulted in different sampling procedures and inclusion/exclusion criteria. 

It was suspected that these differences between the survey years had resulted in sampling 

bias or selection error. In an attempt to control for the samphng bias, two propensity 

score analyses were conducted that examine differences between survey years as well as 

differences due to variations in the surveys. It was anticipated that examining 

participants that had been stratified and matched using the calculated propensity scores 

would facilitate the comparison of groups that were originally nonequivalent. After 

stratifying and matching the participants, the two propensity analyses resulted in 

statewide prevalence estimates that were similar for the three years and revealed a steady 

dechne in smoking prevalence. Based upon the results obtained with this investigation, it 
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was concluded that the propensity score performs adequately to remove sampling bias in 

large multiple-year surveys. 
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INTRODUCTION 

The current study was an attempt to determine if the usefulness of the propensity 

score can be extended to enable comparisons of survey respondents in a large survey 

database in which shght nuances and changing practices over time may have resulted in 

groups that are not equivalent. There are many large survey databases in which 

information has been collected over various time periods in the health sciences, 

education, and social sciences. With larger survey databases that have been in existence 

for multiple administrations of surveys, it is likely that the sampling procedures, inclusion 

and exclusion criteria, and the survey questions change over time. These changes may 

eventually evolve into differences so great that comparisons across administrations of the 

survey cannot be conducted. The telephone survey is a common data collection vehicle 

selected by social science researchers. Telephone interviews allow researchers to 

conduct a large number of interviews in a relatively brief period of time. However, 

because many households are now equipped with modem technology that has the 

potential to drastically reduce the number and type of households contacted, there are 

questions surrounding the profile and attributes of those who choose to become 

respondents, and how those attributes contributing to the profile of a respondent can 

change over time (Sillman & MacFarlane, 2002). A telephone survey allows researchers 

to obtain information from a few respondents in order to describe the characteristics of 

many. The survey sample to be interviewed is selected in such a way that it represents 

the entire population, but problems such as sampling error or bias can arise (Sapford, 

1999; Lyberg, 1997). Sampling bias occurs when differences arise between a sample and 
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the population it represents due to reasons other than random chance (Shadish, Cook, & 

Campbell, 2002). Briefly, the propensity score procedure is a multivariate matching 

procedure that estimates the conditional probability of assignment to a particular 

treatment given a vector of observed covariates. The employment of the propensity score 

procedure allows the researcher to make comparisons of nonequivalent groups in 

observational studies and permits the testing of causal theories using quasi-experimental 

data. Although research remains to be performed on the propensity score, it has been 

shown to perform adequately as a statistical method for controlling sampling bias in 

quasi-experiments. The propensity score has been useful in helping researchers to reduce 

bias and facilitate comparisons of nonequivalent groups in quasi-experimental studies 

(Rosenbaum & Rubin, 1983a, 1983b, 1985a, 1985b; Rubin, 1984, 1997). The utility and 

effectiveness of the propensity score to adjust for nonequivalent group designs or 

selection bias has been demonstrated across a variety of domains such as epidemiology, 

medicine, education, and program evaluation (Drake & Fisher, 1995; Connors, et al, 

1996; Smith, 1997; Rosenbaum, 1986; Dehejia & Wahba, 1999, Shadish, 2003). Rubin 

and Rosenbaum contend the propensity score performs adequately even in situations in 

which the covariates used to estimate the propensity score are indirectly related to the 

outcome of interest (Rosenbaum & Rubin, 1983a, 1983b). 

The propensity score analyses in this investigation were conducted on a database 

constructed from anonymous telephone Arizona Adult Tobacco Surveys (ATS) 

performed in 1996, 1999, and 2002. If the propensity score procedure is shown to be 

useful in removing the selection or sampling bias present in the ATS database, the 
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propensity score procedure may also be utilized to reduce selection bias in any large 

survey database (i.e., medical surveys, large epidemiological studies, etc.) in which there 

are numerous survey formats, differences in exclusion and inclusion criteria, and changes 

in research protocol. 

The aims of the Arizona Adult Tobacco Survey are to estimate smoking 

prevalence, determine attitudes and beliefs about smoking, and provide evaluation data 

for TEPP. However, due to slight differences in research design and protocol, the 

obtained estimates of smoking prevalence between years and regions have varied 

substantially over time. The statewide prevalence rates obtained from the ATS 

respondents are: 23.8% in 1996, 18.8% in 1999, and 20.1% in 1999. The current attempt 

to utilize the propensity score to make the groups equivalent was an attempt to determine 

if the differences observed in smoking prevalence are due to true differences or the 

appearance of differences due to selection bias. It is important that accurate estimates of 

tobacco consumption are obtained, as tobacco consumption has been associated with 

many conditions that lead to preventable morbidity and premature mortality in the United 

States (CDC, 2002; Bartecchi, MacKenzie, & Schrier, 1994). The Center for Disease 

Control (CDC) estimates that approximately 440,000 Americans die each year from 

diseases or conditions such as lung cancer, stroke, coronary heart disease, secondhand 

smoke, chronic lung disease, and other cancers and conditions that are directly related to 

smoking and smokeless tobacco consumption (CDC, 2002). Furthermore, the Center for 

Disease Control estimates that smoking is responsible for approximately one in five U.S. 

deaths. Tobacco consumption is estimated to cost the economy at least 100 billion 
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dollars in health care expenses and lost productivity. Based upon long-term 

investigations, some researchers now estimate that about half of all regular cigarette 

smokers die of smoking-related diseases (Bartecchi, MacKenzie, & Schrier, 1994). 

Many epidemiologists contend that a public health response to morbidity and mortality 

caused by tobacco use must include a multi-faceted approach aimed at the prevention of 

the onset of use, treatment of tobacco dependence, protection of nonsmokers from 

second-hand smoke exposure, promotion of nonsmoking messages while limiting the 

effect of tobacco advertising and promotion on young people, inflation in the price of 

tobacco products, and regulation of said products (Govino, 1995). 

Smoking is such a public health concern that Arizona voters passed the Tobacco 

Tax and Health Care Act in 1995. The Act increased the state sales tax on tobacco 

products to fund health care, tobacco education and prevention, and tobacco related 

research. As a result of this legislation, the Tobacco Education and Prevention Program 

(TEPP) began to operate within the Arizona Department of Health Services. In an 

attempt to leam more about present tobacco practice and knowledge in adult populations, 

TEPP has conducted telephone surveys begirming in 1996 (then again 1999 and 2002). 

Through the telephone survey data, TEPP can obtain estimates of tobacco consumption, 

begin to develop a portrait of the smoking population of Arizona, collect information and 

opinions on home and workplace exposure to cigarettes and smoking policy, determine 

the extent of reported professional health counseling concerning tobacco use, and to 

estimate the level of knowledge on smoking issues and experience with advertising. 
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BACKGROUND 

The Propensity Score 

The propensity score was first introduced by Paul Rosenbaum and Donald Rubin 

(1983a, 1983b, 1984) as the conditional probabihty of assignment to a particular 

treatment given a vector of observed covariates. The researchers suggested utilizing a 

procedure whose adjustment is sufficient to remove bias due to all observed covariates. 

This procedure is called the propensity score analysis. Since its introduction over a 

decade and a half ago, the propensity score procedure has been used in many applied 

research disciplines (Aiken, Smith, & Lake, 1994; Connors, et al, 1996; Cook & 

Goldman, 1988; Drake & Fisher, 1995; Gu & Rosenbaum, 1993; Harrell, et al, 1990; 

Lavori & Keller, 1988; Stone, et al, 1995; Willoughby, et al, 1990). Propensity scores 

represent the propensity of an individual to end up having one treatment rather than 

another, when more than one treatment is possible. For example, some individuals may 

have a propensity to be treated by medication rather than surgically. Some children may 

have a propensity to end up in special education classes rather than regular classrooms. 

According to the logic of propensity scores, if two individuals have the same propensity 

to end up in one or the other of two or more treatment conditions, then any final 

difference in their outcomes must be attributed to the treatment and not to some initial 

difference. 

Propensity scores are used to estimate the effects of treatments in data sets in 

which nonequivalent groups are being compared. This nonequivalence can be the result 

of random assignment failure due to a situation in which there is differential attrition in 
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the control group or the unacceptability or impossibility of random assignment. When 

nonequivalent comparison groups must be compared, propensity scores offer the 

researcher a procedure that enables comparisons where none could previously be made. 

Propensity scores can be used to examine the effect of known variables that influence, or 

may influence, the comparison between nonequivalent groups. 

Ostensibly, the propensity score enables the replacement of the collection of 

confounding covariates with one function of these covariates, the propensity score. The 

calculated propensity score is then used as if it were the only confounding covariate. The 

propensity score is estimated by predicting treatment group membership from the 

confounding covariates using a logistic regression or discriminant analysis. In the 

prediction of treatment group assignment, it is important not to use the outcome variable, 

nor any proxy for it, in the analysis. The prediction of treatment group assignment must 

involve only the covariates. After calculation, each individual then has an estimated 

propensity score, which is the estimated probability as determined by that individual's 

covariate values of being exposed to one treatment rather than the other (Rosenbaum & 

Rubin, 1983a, 1984; Rubin, 1997). 

In randomized experiments, the results obtained in the two treatment groups may 

often be directly compared because the participants are likely to be similar, whereas in 

nonrandomized experiments, such direct comparisons may be misleading because the 

individuals exposed to one treatment generally differ systematically from the individuals 

exposed to the other treatment. Balancing scores can be used to group treated and control 

participants so that direct comparisons are more plausible (Rosenbaum & Rubin, 1983b, 
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1984). The propensity score is such a balancing score. These propensity or balancing 

scores are assumed to be unbiased estimates of the average treatment effect at that value. 

Pair matching, stratification or subclassification, and covariance adjustments using a 

balancing score should produce unbiased estimates of the average treatment effects 

(Rosenbaum & Rubin, 1983b, 1984; Rubin, 1997). 

A propensity score is the balancing score estimated when the collection of 

background characteristics (covariates) is reduced to a single composite characteristic 

that appropriately summarizes the collection. The background characteristics or 

covariates are the variables that are important in the selection of treatment, not 

necessarily on the outcome itself Once calculated, the composite balancing score, or 

propensity score, can then be compared between individuals in the different treatment 

groups in order to determine if the groups are similar in propensity. The treatment and 

comparison groups can be compared only when overlap of the propensity scores in the 

comparison groups exist. Thus, initially it is important to determine the overlap in the 

comparison groups. 

The reduction from many characteristics to one composite characteristic allows 

the straightforward assessment of whether the treated and control groups overlap enough 

on background characteristics to allow sensible estimation of treatment versus control 

effects from the current data set. Moreover, when such overlap is present, the propensity 

score allows the calculation of treatment versus control effects that reflect adjustment for 

differences in all observed background characteristics. The propensity score can be used 

to estimate the treatment effect only if all the characteristics related to treatment status 
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that are also related to outcomes are observed, and treatment and comparison group 

participants with similar propensity scores are balanced along these characteristics 

(Rosenbaum & Rubin, 1983a, 1983b). The latter stipulation suggests that the logistic 

regression model must produce an estimate of a propensity score that is balanced in such 

a way that, for each value of the estimated propensity score, the characteristics of 

treatment and comparison group members are similar. The propensity score generalizes 

the technique of subclassification with one confounding covariate to allow simultaneous 

adjustment for numerous covariates. One important benefit of the propensity score is that 

it can alert the researcher that a particular database cannot answer the causal question at 

hand without relying on untrustworthy model-dependent extrapolation due to 

inadequately overlapping covariate distributions (Rubin, 1997). 

With more than two treatment groups (treatment and control), the propensity 

score usually differs for each pair of treatment groups being compared. That is, with 

three treatment groups labeled A, B, and C, there are three propensity scores: A 

compared with B, A compared with C, and B compared with C. Attempting to estimate 

all effects by using one propensity score model with three groups requires adequate 

overlap on all covariates and can be even more deceptive than estimation in the two-

group setting. This difficulty arises because the model being used to compare one pair of 

groups is affected by data from the third group that probably has covariate values that 

differ from those in either one of the other two groups being compared. 
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The Calculation of the Provensitv Score 

The propensity score is calculated using logistic regression or discriminant 

function analysis to predict treatment group membership from the confounding 

covariates. For example, if a study is conducted in which there are two treatment groups, 

all members in the treatment group are given a value of one for the group variable and all 

control group members are given a value of zero. A logistic regression is then performed 

using all observed confounding covariates to predict group membership and a probability 

(propensity) score is obtained for each participant, hi this prediction of treatment group 

membership, it is important that the outcome variable plays no role. The prediction of 

treatment group should involve only the covariates. Each participant then has an 

estimated propensity score, which is the estimated probability, as determined by that 

individual's covariate values, of being exposed to one of the two treatments. The 

obtained propensity score is then the single summarized confounding covariate to be used 

for matching, subclassification, or as a single covariate predictor. 

Theoretical Basis of the Propensity Score 

According to Rosenbaum and Rubin (1983a, 1983b, 1984), the theory underlying 

the propensity score maintains that the propensity score is a balancing score, and any 

score that is superior to the propensity score becomes the new best balancing score while 

the propensity score becomes the coarsest balancing score. A balancing score is a 

function of the observed covariates for a sample such that the conditional distribution of 

the sample given the score is the same for treated and control group participants. The 

balancing score is most useful when it is some function of the observed covariates. The 
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propensity score is a balancing score that is a coarse function of the observed covariates. 

Coarse estimates of balancing scores have been shown to behave the same as balancing 

scores (Rosenbaum & Rubin, 1983a, 1983b, 1984; Cochran, 1965; Cochran & Rubin, 

1973). 

A balancing score is used to adjust treatment groups on the observed covariates so 

as to make them more comparable. If treatment assignment is strongly ignorable given 

the conditional distribution, then the difference between treatment and control averages at 

each value of a balancing score is an unbiased estimate of the average treatment effect. 

Moreover, common methods of multivariate adjustment in observational studies, 

including procedures that utilize covariance adjustment and discriminant matching, 

implicitly adjust for an estimated scalar balancing score (Rosenbaum & Rubin, 1983a, 

1983b; Cochran & Rubin, 1973). 

The theory on which the propensity score is conceived further implies that if the 

treatment is strongly ignorable given the observed covariates, then it is strongly ignorable 

given any balancing score. Additionally, at any value of a balancing score, the difference 

between the treatment group and control group means is an unbiased estimate of the 

average treatment effect at that value of the balancing score if treatment assignment is 

strongly ignorable (Rosenbaum & Rubin, 1983a, 1983b; Cochran & Rubin, 1973). 

Treatment assignment is considered to be strongly ignorable given the observed 

covariates, if the responses are conditionally independent of the treatment assignment. 

Thus, given the observed covariates, and at each value of the outcome variable there is a 

positive probability of receiving each treatment. If treatments are randomly assigned to 
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participants, then treatment assignment is strongly ignorable without covariates 

(Rosenbaum & Rubin, 1983a, 1983b, 1984; Rosenbaum, 1984). In observational 

studies, however, treatment assignment is not considered to be strongly ignorable without 

covariates if participants are selected or assigned to a treatment in a nonrandom way. 

Rosenbaum and Rubin (1983a, 1983b) have shown, however, that one approach 

to avoid the noncomparability of nonrandom treatment assigimient is to compare the 

observed outcomes conditional on all confounding covariates, where the confounding 

covariates are all variables that influence treatment selection as well as potential 

outcomes. Hence, conditional on the confounding covariates, the treatment assignment is 

considered to be stochastically independent of all potential outcomes. The theory 

supporting the propensity score indicates that the treatment assignment must be strongly 

ignorable given the observed covariates and not strongly ignorable without them. 

Rosenbaum and Rubin (1983a) concluded that if the outcomes are independent 

conditional on the observed covariates, then they are also independent on the propensity 

score. Consequently, with strongly ignorable treatment assignment conditional on the 

observed covariates, pair matching, subclassification, and covariance adjustment on a 

balancing score can produce unbiased estimates of treatment effects. 

The last contention made by Rosenbaum and Rubin (1983a) that provides the 

basis for the propensity score is that using sample estimates of balancing scores can 

produce sample balance on observed covariates. Rosenbaum and Rubin (1983a) 

concluded that if the conditional independence assumption is valid, then the propensity 

balancing score is also conditionally independent. 
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The Rationale for the Use of the Propensity Score 

Although descriptions of propensity scores and the procedures for devising them 

emphasize the use of observed variables and corrections for observed covariates, it is 

obviously part of the rationale for propensity scores that they should correct for biases in 

unobserved variables. The prescription for sensitivity analyses to determine the 

magnitude of any effects that could be attributable to unobserved variables imply that 

there should not be any, or at least that they should be small. 

Procedures for devising propensity scores call for sizable numbers of 

covariates entered into analyses without regard to their theoretical defensibility or, 

indeed, even without regard to their zero-order correlation with treatment assignment. 

Moreover, many interaction terms may be included in the same way. The reason for the 

nonselectiveness is, even if it is not stated explicitly, that observed variables may very 

well be correlated with unobserved sources of bias, are likely to be correlated with 

unobserved sources of bias, and by correcting for the observed variable, one corrects also 

for the unobserved variable. In fact, one would not have any particular propensity to 

correct for a good many observed variables were it not for the fact that they might 

represent underlying variables of theoreetical importance. In very few studies in social 

science is there any direct reason to balance groups for number of male and female 

subjects or to correct for any imbalances. Investigators do so, often going out of their 

way to achieve balance, because of the strong possibility that a sex bias would be 

associated with a bias in a critical psychosocial variable. The same point might be made 
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for a wide array of sociodemographic variables such as SES, income, education, place of 

residence, and so on. 

The propensity score is useful because the progression of science is based upon 

the researcher's ability to make causal inferences, and the propensity score allows 

researchers to make causal inferences when faced with the unfortunate and often 

avoidable task of comparing nonequivalent groups in observational studies. In the 

absence of random assignment, simple posttest comparisons can be misleading. The 

process by which participants and treatments become associated is confounded with the 

process by which the treatment affects the outcome. The propensity score procedure 

allows scientists to make causal inferences given the confounded nature of those 

observational studies. Rubin contends that the propensity scores are reliable tools for 

estimating treatment effects because the assumptions needed to make their answers 

appropriate are more accessible to the investigator (1983a, 1983b, 1997). 

Many observational studies attempt to estimate the causal effects of some new 

treatment relative to a control condition, hi most such studies, it is necessary to control 

for naturally occurring systematic differences and background characteristics between the 

treatment group and the control group that would not occur in the context of a 

randomized experiment. Typically, many background characteristics need to be 

controlled. The propensity score addresses this situation by reducing the entire collection 

of background characteristics to a single composite characteristic that appropriately 

summarizes the collection (Rosenbaum & Rubin, 1983a, 1983b; Rubin, 1984, 1997). 

This reduction from many characteristics to one composite characteristic allows the 
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straightforward assessment of whether the treatment and control groups overlap enough, 

with respect to background characteristics, to allow a sensible estimation of treatment 

versus control effects from the data set. Moreover, when such overlap is present, the 

propensity score approach allows a straightforward estimation of treatment versus control 

effects that reflect adjustment for differences in all observed background characteristics. 

Empirical Justification 

Much evidence has been put forth on the utility of the propensity score by its 

originators (Rosenbaum & Rubin, 1983a, 1983b, 1985a, 1985b; Rubin, 1984, 1997). 

Rosenbaum and Rubin have performed numerous studies in which results obtained from 

matching and stratifying with the propensity score have been compared to results 

obtained with randomized experiments. These investigations have resulted in treatment 

and parameter estimates using propensity score procedures that are comparable to results 

obtained in randomized experiments (1983a, 1983b, 1985a, 1985b; Rubin, 1984, 1997). 

In addition, Dehejia and Wahba (1999) tested the utility of the propensity score and 

concluded that the employment of the propensity score yielded estimates of impacts of a 

job-training program on earnings that were close to the impacts estimated from 

experimental methods. Furthermore, Shadish (2003) concluded the propensity score was 

adequate to reduce sampling bias in a recent investigation of reading and math training. 

Shadish (2003) contrasted the results obtained from an experiment in which participants 

were randomly selected to participate in either a randomized or quasi-experimental 

version of the same experiment, and concluded that the propensity score procedure 
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resulted in treatment estimates that were comparable to the results obtained with the 

randomized trial. 

Causal Inference 

Treatments are interventions that can be applied to or withheld from a participant 

in an experimental study, whereas characteristics of individuals (e.g., sex, age, height, 

etc.) are not treatments and cannot be altered (Rosenbaum, 1984). The causal effects of a 

given treatment on an individual are composed of the comparisons of the potential 

responses that the participant could exhibit under the various treatment conditions. 

Inferences about the causal effects of treatments on individuals are often tentative. 

Typically, inferences about the causal effects are statistical inferences about effects on 

collections or populations of individuals. A causal mechanism is a scientific theory 

describing aspects of the various processes by which the treatment produces its effects. 

To say that a causal mechanism is a scientific theory is to say it is a speculative 

description that is subject to refiitation on the basis of evidence. These stipulations are 

Popper's (1959) well-known criteria for a scientific theory. 

It is useful to contrast the notions of a causal effect and a causal mechanism 

(causal theory). A causal effect is a comparison of two or more potential responses, such 

as response one and response two, that might be observed from each individual in some 

population. If it were possible to observe both responses for every individual in the 

population, then the causal effects of the treatment on the response in that population 

would be fully known. In contrast, a causal mechanism (causal theory) typically includes 

the descriptions of effects of treatments on responses that were both included in and 
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excluded from the study. This description often includes effects of treatments in a 

broader population than the one under study and closely related treatments. 

Observational Studies 

An observational study is an attempt to elucidate cause-and-effect relationships 

based on observations of concomitance and sequences in which they occur in natural 

settings (Cook & Campbell, 1979). In observational studies it is not feasible to use 

controlled experimentation to impose treatment conditions or to assign subjects at 

random to different conditions (Cochran, 1965). Observational studies share the purpose 

of elucidating cause and effect relationships with experimental studies. An assessment of 

the evidence concerning the extent to which the treatment actually causes its apparent 

effects is, therefore, central and necessary. However, such assessment of evidence may 

prove difficult if individuals are not randomly selected and assigned to treatment 

conditions and caimot be considered equivalent. This nonequivalence of groups implies 

that the control and treatment groups are not dependably comparable with respect to 

putative effects of causal variables. Even after adjustments have been made for observed 

covariates, estimates of treatment effects can still be biased by imbalances in unobserved 

covariates (Cochran, 1965, 1972; Box, 1966; Rubin, 1978, 1983; Cook & Campbell, 

1979). The final determinant about the causal effects of a treatment should depend on the 

accumulation of evidence from a series of studies. Observational studies with different 

strengths and limitations may or may not corroborate one another. Although the 

cumulative approach to science is the preferred method, it is often possible, using a 



25 

combination of data analytic and methodological techniques, to provide some assessment 

of the evidence about the causal effects of a given treatment (Cook & Campbell, 1979). 

Limitations of the Propensity Score 

It is important that all confounding variables are included in the calculation of the 

propensity score. Ostensibly, the propensity score produces unbiased estimates of 

treatment effects if all the characteristics related to treatment condition that are also 

related to treatment outcomes are observed (Rosenbaum & Rubin, 1983a). However, if 

the unobserved covariates (e.g., interest in participating) are such that they affect 

treatment outcomes, the propensity score is not adequate for removing biases and can 

lead to inaccurate treatment impact estimates (Agodini & Dynarski, 2001). Agodini and 

Dynarski (2001) concluded that propensity scores do not replicate experimental impacts 

when unobserved factors exert powerful influences on outcomes. The researchers 

explored whether the utilization of propensity scores produced unbiased estimates of 

program impacts by comparing experimental and propensity score impacts of dropout 

prevention programs. They found no consistent evidence that propensity score methods 

replicate experimental impacts when unobserved covariates affected treatment outcomes. 

This finding held even when the data available for matching were extensive. These 

results suggest that evaluators who plan to use quasi-experimental methods and employ 

the propensity score to estimate treatment impacts need to carefully consider if all 

important covariates have been identified and measured, as unobserved factors may exert 

powerful influences on outcomes that are not easily captured using nonexperimental 

methods. As mentioned before, the omission of important covariates leads to a poorly 
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estimated propensity score. In observational studies that employ propensity scores and in 

observational studies that do not utilize the propensity score, confidence in causal 

conclusions must be built by determining the consistency of the obtained answers with 

other evidence such as results from other related experiments, and examining how 

sensitive the conclusions are to reasonable deviations from assumptions (Cook & 

Campbell, 1979; Connors, et al, 1996). 

Another limitation of the utilization of the propensity score is that the composite 

balancing score is likely to work well only in rather large samples. The distributional 

balance of observed covariates is an expected balance, and substantial imbalance of some 

covariates may be unavoidable in small observational studies (Rosenbaum & Rubin, 

1983; Cook & Campbell, 1979). With small sample sizes, confounding covariates 

typically suffer from lack of adequate variance and overlap. The lack of variance and 

overlap can limit estimation, because small differences in many covariates can 

accumulate into a substantial overall difference. 

Yet another possible limitation of the utilization of the propensity score is that a 

covariate related to treatment assignment but not to the treatment effect is handled the 

same as a covariate with the same relation to treatment assignment but strongly related to 

the treatment effect. The inclusion of irrelevant covariates can reduce the efficiency of 

the control on the relevant covariates. Work performed by Rubin and Thomas (1996) 

suggests, however, that, in studies of at least modest size, and in large studies, the biasing 

effects of leaving out even a weakly predictive covariate outweigh the efficiency gained 

by not using such a covariate. Thus, in practice, investigators should carefully consider 
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the inclusion and omission of important covariates. One important assumption underlying 

the propensity score is that all of the variables that affect assignment to treatment are 

correlated with the potential outcomes and are observed (Dehejia & Wahba, 1999). 

Results obtained from propensity score estimation procedures are sensitive to the set of 

pre-intervention variables used. When an experimental benchmark is not available, 

multiple comparison groups are valuable because they can suggest the existence of 

important unobserved variables (Rosenbaum, 1987). 

It is important to note limitations of the application of this procedure observed by 

the author of this paper when conducting a review of 28 studies that employed propensity 

scores (Hill & Sechrest, 2000). The first limitation observed is that the methods used to 

calculate propensity scores are not always explicit when reported by researchers. 

Neglecting to inform the consumers of research how the propensity score was calculated 

seems to be a huge omission since there can be more than one way to calculate 

"propensity" and the results obtained depend on the calculation procedures. In fact, in 

one study examined, the researcher treated the addition of covariate effects as the 

calculation of propensity. Furthermore, many researchers neglected to identify the 

covariates used in the calculation of the propensity scores. It is important that researchers 

identify the covariates used to calculate the propensity scores since the identification of 

the covariates enables consumers of the research to determine the validity of the 

propensity scores employed. The final limitation observed is that some researchers failed 

to report how the propensity scores were utilized once calculated. Researchers should 

include information detailing how the comparison of the nonequivalent groups was 
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realized; stating clearly how matching procedures were employed, if matching was used 

in the comparison. Admittedly, these are not limitations of the utility of the propensity 

score, but they are limitations of the application of the procedure and are nonetheless 

important. 

Despite the limitations of the utility and the application of the propensity score 

detailed in this section, the propensity score can be of great value in attempting to 

compare nonequivalent groups. The utilization of the propensity score paired with 

covariance adjustment, stratification, matched sampling procedures, or related methods 

can be effective when adjusting for observed covariates (Rubin, 1973; Rosenbaum & 

Rubin, 1983a). Therefore, the propensity score can provide consistent and unbiased 

estimates of treatment effects and enable the researcher to make causal inferences when 

faced with the inevitable dilemma of comparing nonequivalent groups, which are 

encountered both in experimental and quasi-experimental research designs. 

Applications of Proyensity Score 

In the seminal 1983 paper in which propensity scores were first introduced to the 

research community, Rosenbaum and Rubin suggested three applications of the 

propensity score. The three applications presented in that classic paper were matched 

sampling on the propensity score, adjustment by subclassification or stratification on the 

propensity score, and covariance adjustment based on the propensity score. Rosenbaum 

and Rubin (1983a) concluded that, in practice, adjustment for the propensity score should 

be an important component in the analysis of observational studies because evidence of 
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residual bias in the propensity score is evidence of potential bias in estimated treatment 

effects. 

A review of studies that employed the propensity score (Hill & Sechrest, 2000) 

revealed that all three of these applications have become common among researchers 

who utilize the propensity score. 

Covariate Adjustment 

Before applying the propensity score in any fashion, it must first be determined 

that the treatment assignment is strongly ignorable. Rosenbaum and Rubin (1983a) 

stipulate that a strongly ignorable treatment assignment mechanism must be one in which 

treatment assignment and outcomes are known to be conditionally independent given the 

covariates. This implies that the vector of covariates necessarily includes all variables 

related to both the outcomes and the treatment assignment (Rosenbaum & Rubin, 1984). 

Given strongly ignorable treatment assignment, the researcher can condition the results 

on these covariates to obtain unbiased estimates of all treatment impacts. If the 

assignment mechanism is strongly ignorable, the conditioned treatment effect is unrelated 

to all omitted and unmeasured covariates. As mentioned earlier, the propensity score is 

the conditional probability of assignment to a particular treatment, given a vector of 

observed covariates. Once a propensity score has been calculated for each participant, 

statistical adjustments can be made that remove any bias in the estimates of treatment 

effects. That is, if the estimates of the treatment effect are conditioned on propensity 

scores for each participant, the treatment variables become unrelated to all omitted 

variables. If treatment assignment is strongly ignorable given the covariates, the 
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propensity score is a tool that allows the calculation of unbiased estimates of all treatment 

effects (Rosenbaum & Rubin, 1983a, 1984). 

The propensity score is calculated for each participant using a logistic regression 

model or discriminant analysis. All observed covariates predict treatment assignment and 

a single composite probability or propensity score is obtained. The estimated propensity 

score represents the probability of being in either the control or treatment group. Once a 

propensity score is calculated for each participant, this composite score represents all 

observed covariates. The propensity score is then used as a single composite covariate in 

all resulting analyses in contrast to the use of many covariates. In an analysis of 

covariance, for example, the propensity scores serve as the single covariate and control 

for biases introduced by the assignment process. One advantage of this two-step 

procedure (the calculation of the propensity score and the utilization of that composite 

score as a covariate) is that it emphasizes the distinction between the process by which 

participants are assigned to treatments and the process by which treatment affects the 

outcome (Rosenbaum & Rubin, 1983a). 

Cases in which covariance adjustments have performed poorly are cases in which 

the covariance matrices in the treated and control groups are unequal (Rubin, 1979). In 

cases with unequal covariance matrices, covariance adjustment is essentially adjusting for 

a poor approximation to the propensity score. In these instances, covariance adjustment 

can seriously increase the expected squared error. In contrast, when the covariance 

matrices are equal, covariance adjustment removes most of the expected squared error 
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(Rubin, 1979). Generally, covariance adjustment cannot be relied upon to perform well 

unless the linear discriminant is highly correlated with the propensity score. 

Currently, the propensity score has been utilized by researchers from a variety of 

fields such as sociology, medicine, psychiatry, economics, and education. An example of 

this diversity can be found in the following two studies examined for the Hill & Sechrest 

(2000) investigation. The propensity score was utilized as a covariate in a study 

performed by Curley, et al (1998) designed to evaluate the process of medical care on 

inpatient wards comparing the impact of medical services with interdisciplinary rounds to 

that of medical services with traditional rounds. This study included 1,102 participants, 

and examined outcomes such as length of hospital stay, total hospital charges, provider 

satisfaction, and ancillary service efficiency. After multivariate regression analysis using 

a propensity score that included gender, age, marital status, admission source, diagnosis-

related group weight, and primary diagnosis, the researchers found statistically significant 

results that showed lower length of stay and total charges for the interdisciplinary group. 

Before this study, all previous investigations examining interdisciplinary teams had failed 

to show statistically significant cost savings. Another example of the application of the 

propensity score as a covariate can be found in a study performed in a different setting by 

Berk and Newton (1985). These researchers attempted to replicate the findings from the 

Minneapolis Spouse Abuse Experiment (Sherman & Berk, 1984). This experiment 

received enormous publicity in the popular press (e.g.. New York Times, Los Angeles 

Times, Wall Street Journal) and in police departments around the country. Based upon 

the findings in Minneapolis, Sherman and Berk concluded that arrest was more effective 
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than ordering the offender to vacate the premises for eight hours or providing informal 

mediation. Other researchers have subsequently questioned the external validity of this 

study due to special features of the site, the police department, and the police officers 

who volunteered. The subsequent study by Berk and Newton (1985) attempted to 

replicate the original Minneapolis findings using police records firom a county in 

California. Berk and Newton calculated a propensity score using 15 variables that had 

been selected fi-om 36 using a step-wise logistic regression. The researchers then used 

the propensity score as the sole covariate for the subsequent analysis, and concluded that 

on average arrests deter new domestic violence incidents, hi this instance, the individuals 

who were arrested were .31 less likely to perpetrate future violence than individuals who 

were not arrested. Furthermore, the researchers reported that arrests are especially 

effective for individuals whom pohce would ordinarily be inclined to arrest. For those 

with propensity scores over .70, the probability of future battery was .65, but the 

probability dropped to approximately .25 for those who were arrested. Berk and Newton 

concluded that while it appears that, consistent with the Minneapolis results, arrests deter 

new incidents of domestic violence, individually specific deterrent effects are highly 

conditional. Thus, a jurisdiction with largely low-propensity offenders may experience 

very small reductions in repeat domestic violence incidents. 

Matching 

Matching participants fi:om the control group with participants in the experimental 

group using the propensity score is quite common among researchers who employ this 

procedure. As with any other application of this procedure, the propensity score is 
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calculated for each participant using a logistic regression model or discriminant analysis 

in which all observed covariates predict treatment assignment. A single composite 

probability or propensity score is obtained that represents the probability of being in 

either the control or treatment group. Once a propensity score is estimated for each 

participant, this composite score represents all observed covariates. The propensity score 

is then used as a single composite score for matching participants in the treatment and 

control groups. This two step procedure (the calculation of the propensity score and the 

utilization of that composite score as a covariate) emphasizes the distinction between the 

assignment process and treatment process that affects the outcome. According to Rubin 

and Rosenbaum (1983a, 1983b), if a value of a balancing score is randomly sampled 

from the population of individuals and one individual in the treatment group and one 

individual in the control group are sampled with this value of the balancing score, then 

the expected difference in response to the two treatments for the individuals in the 

matched pair equals the average treatment effect at that value of the balancing score. 

Moreover, the mean of matched pair differences obtained by this two-step sampling 

process is unbiased and represents the average treatment effect. 

Rosenbaum and Rubin (1983a) fiirther contend that propensity scores could be 

used to reduce the dimensionahty problem common to regular matching procedures. The 

dimensionality problem is one encountered with regular matching procedures in which it 

may be difficult to find a comparison group member for each treatment group member 

when many characteristics are used in the matching process. For example, if ten 

dichotomous variables are used in the matching process, there are 1,024 possible values 
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for the collection of variables. With multiple covariates, it becomes virtually impossible 

to find a match. When matching with propensity scores, the selection process of finding 

matches should be performed with replacement, so that a potential comparison group 

member could be matched to several treatment group members. Research has shown that 

impacts based on a comparison group selected with replacement can be similar to those 

experimental methods would produce, whereas impacts based on a comparison group 

selected without replacement may differ (Dehejia & Wahba, 1999). Selecting with 

replacement is particularly important in situations in which there are few similar, 

potential comparison group members. 

Many different matching procedures can be employed with the propensity score. 

For example, nearest available matching with the propensity score consists of randomly 

ordering the treated and comparison participants, then selecting the first treated 

participant and finding the comparison participant with the closest propensity score. 

Each participant in the treatment group should be matched to a participant in the 

comparison group using the closest propensity score; the unmatched comparison units are 

discarded (Rubin 1979; Heckman, Ichimura, Smith, & Todd, 1996). Another type of 

matching, Mahalanobis metric matching, randomly orders subjects and then calculates 

the distance between the first treated subject and all controls where the distance between 

a treated subject and a control subject is defined by the Mahalanobis distance. An 

additional matching procedure can be found in a combination of the two previous 

methods with the nearest available Mahalanobis metric matching within calipers defined 

by the propensity score. 
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An example of using the propensity score to match participants can be found in a 

study conducted by Connors, et al (1996) in which the effectiveness of right heart 

catheterization in the initial care of critically ill patients was examined. The authors of 

this study employed case matching using a propensity score that was calculated with 32 

covariates including age, sex, race, primary and secondary disease categories, and while 

blood cell count. Individuals who had received right heart catheterization were matched 

on the propensity score with individuals who had not received right heart catheterization. 

The propensity scores had to be within .03 of each other to be considered a match. 

Individuals who were not matched were discarded from the analysis. The difference in 

propensity score within each pair was then calculated, and each pair with a positive 

difference was matched to a pair with the negative difference closest in magnitude, 

assuring equal numbers of pairs with positive and negative differences in propensity. The 

authors of the study found that, after adjustment for selection bias, right heart 

catheterization was associated with increased mortality and increased utilization of 

resources. The results persisted after examining multiple subgroups and varying levels of 

illness. This study raises important questions regarding the incremental value of right 

heart catheterization in the treatment of critically ill individuals. More research in this 

area is warranted. 

Stratification 

The final application to be discussed, stratification with the propensity score, is 

not as commonly reported as the propensity score as a covariate or matching with the 

propensity score, but it is reported fairly often by researchers who use propensity scores. 
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Rubin (1997) proposes a method of stratifying samples in which the propensity score is 

the single summarized confounding covariate to be used for stratification. This 

application of the propensity score builds on a procedure initially introduced by Cochran 

(1968). Cochran called this method subclassification and provided theoretical results 

suggesting that as long as a reasonable number of persons from each treatment group are 

in each subclass, comparisons using five-six subclasses will typically remove 90% or 

more of the bias present in the raw comparisons. Rubin and others (Rubin, 1997; 

Rosenbaum and Rubin, 1983a; Rubin and Thomas, 1992a, 1992b) further contend that 

stratification into about five groups on the basis of the propensity score allows for the 

adjustment for all the covariates that went into its estimation regardless of the number of 

covariates. This contention is a large sample claim that is an extremely useful guide for 

practice. When performing stratification, observations are sorted from lowest to highest 

estimated propensity score. The participants with an estimated propensity score less than 

the minimum (or greater than the maximum) estimated propensity score are discarded. 

The strata, defined by the estimated propensity score, are chosen so that the covariates 

within each stratum are balanced across the treatment and comparison conditions. Within 

each stratum, a difference in averages of the outcome between the treatment and 

comparison groups is taken. The differences are then weighted by the number of 

participants in each stratum (Dehejia & Wahba, 1999). 

Rubin (1997) contends that if two participants, one exposed to the treatment 

condition and the other exposed to the control condition, have the same value of the 

propensity score, these two participants would then have the same predicted probability 



37 

of being assigned to the treatment or control condition. Hence, as far as can be discerned 

from the confounding covariates, a coin could have been tossed to decide who received 

the treatment versus who received the control. With stratification, there is a collection of 

participants receiving the treatment and a collection of participants participating in the 

control condition who have the same distribution of propensity scores. In the first 

subclass, the participants who received the treatment were essentially chosen randomly 

from the pool of all participants in that subclass, and the same is true for each additional 

subclass. Consequently, within each subclass, the multivariate distribution of the 

covariates used to estimate the score should differ only randomly between the treatment 

conditions (Rosenbaum & Rubin, 1983a). The formal proof of this appears in 

Rosenbaum and Rubin (1983a). Once the propensity scores are calculated and the 

stratification into five-six strata has been conducted, the researcher must then perform the 

substantive analysis of choice. Three outcomes can then be observed. The first possible 

outcome, treatment groups differ and the difference is constant across strata, can be taken 

as evidence that the treatment groups differ beyond what can be explained by any initial 

differences and the treatment had a systematic effect across strata. The second outcome, 

treatment groups are found not to differ across strata, can be taken as evidence that the 

treatment did not have a systematic effect across strata. The third possible outcome, 

treatment group differences vary across strata, can be taken as evidence that the 

covariates interact with the treatment yielding differential outcome effects. The third 

outcome would suggest a selection by treatment interaction and would require a more 

detailed study to determine how the strata differ (Rosenbaum & Rubin, 1983a). 
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An example of stratification using the propensity score can be found in a study 

performed by Blechman, et al (2000). In this study, Blechman and colleagues compared 

juvenile recidivism rates following nonrandom assignment to juvenile diversion, juvenile 

diversion plus skills training, and juvenile diversion plus mentoring. The propensity 

scores were calculated using ethnicity, gender, age at earliest arrest, age at intake arrest, 

Child Behavior Checklist Externalizing Problems, Child Behavior Checklist Internalizing 

Problems, CSI Prosocial Coping, and CSI Asocial Coping to predict group assignment. 

Because there were multiple conditions, three assignment propensity scores were 

computed for each participant. The propensity scores represented the participant's 

conditional probability of assignment to each pair of interventions (skills training vs. 

mentoring, mentoring vs. juvenile diversion, or skills training vs. juvenile diversion). 

After the estimation of the propensity scores, each assignment propensity distribution was 

divided into five equally sized quintile strata, and all participants were assigned three 

propensity quintile scores (ranging from 1-5). Within any given quintile strata, 

participants shared an equivalent probability for group assignment. Stratification using 

propensity scores provided the researchers with the means to balance intake 

characteristics across groups in their analysis of recidivism outcomes. The researchers 

found significantly more recidivism in the mentoring group than in the skills-training 

group. Time to first rearrest was significantly longer among skills training participants 

than the mentoring and skills-training group in two quintile strata. 

Since its introduction nearly two decades ago, the propensity score procedure has 

not been widely adopted by social scientists and program evaluators in the comparisons 
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of nonequivalent groups. This oversight may be changing, however, as the procedure 

seems to be gaining in popularity among social scientists and program evaluators. The 

procedure is also becoming more common in medical research. In fact, a recent editorial 

in the Annals of Internal Medicine (Baitman & Rosenbaum, 2002) discussed the 

advantages of the propensity score over other procedures. This procedure has been 

shown to be useful in the comparison of nonequivalent groups, and as such, it is 

important that further investigation be performed to examine and estimate its parameters. 
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PURPOSE 

The first version of the ATS was administered in 1996 and 1999, and the second 

version was administered in 2002. Changes in data collection protocols and profiles of 

respondents (inclusion/exclusion criteria, slight differences in sample selection) may have 

resulted in respondent groups that are not equivalent across the three administrations of 

the Adult Tobacco Survey. The propensity score may be able to equate on enough 

variables that any differences will be adequately diminished to allow legitimate 

comparisons across the three survey years. After the participants are stratified and 

matched using propensity scores, new estimates of prevalence can be calculated and 

examined. The goal of the study is to determine if the propensity score procedure can be 

extended to control for the biases that may be present in the ATS database. 

It is hypothesized that, after respondents are stratified and matched using the 

multivariate propensity score, differences in smoking prevalence across the three 

administrations of the survey will diminish (i.e., smoking prevalence will remain stable 

across time) or represent a discemable trend such as smoking prevalence decreasing over 

time. 
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METHOD 

Participants 

Data from a total of 16,610 respondents were examined for this investigation. 

Respondents consisted of a sample of adults, 18 years and over, residing in the state of 

Arizona. 6039 individuals volunteered in 1996, 4556 individuals in 1999, and 6015 

individuals volunteered in 2002. All individuals living in a household with a residential 

telephone were eligible for this survey. In each household one person who was at least 

18 years of age was randomly selected to participate. Active duty military personnel 

living in dormitories, institutionalized populations, and residential college students were 

excluded from participation. 

The modal respondent age for 1996, 1999, and 2002 was 40 years. The minimum 

age represented across the years was 18, while the maximum ages reported in 1996 (98 

years), 1999 (94 years), and 2002 (92 years) varied somewhat. The average age of 1996 

and 1999 respondents was 46.0 years (SD 17.4) and 46.7 years (SD 17.8) respectively, 

and the average 2002 respondent age was 48.5 years (SD 17.6). 

Instruments 

Two separate surveys, a screener instrument and the Arizona Adult Tobacco 

Survey, were utilized for the data collection. The screener instrument was used for every 

telephone call to ascertain the correctness of the telephone number, whether the number 

was for a household or business, quantity of phone numbers per residence, and if the 

number dialed was the primary contact number of the residence. In addition, the 

screening survey determined how many males and females lived at the residence, their 
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ages, smoking status, and race or ethnicity. The Arizona Adult Tobacco Survey (ATS) 

was conducted with the randomly selected respondent identified during the screening 

survey. The Arizona ATS asked questions about cigarette use, issues related to cost of 

cigarettes and tobacco use, smoking at home, work-site smoking policies and exposure, 

medical practitioner advice, tobacco knowledge, media exposure, advertising, and 

demographics including age, gender, race, ethnicity, education, marital status, and family 

income. 

In 1996 and 1999, the survey was administered in both English and Spanish. 

Spanish- speaking respondents were either transferred to Spanish-speaking interviewers 

or rescheduled for a time when a Spanish-speaking interviewer was available. In 2002, 

The Arizona Adult Tobacco Survey was not translated into English, and a separate 

instrument was created for Spanish-speaking households. In 1996 and 1999, the same 

version of the Arizona Adult Tobacco Survey was administered to respondents across 

both years. The 2002 ATS was revised and the ordering of questions was modified, 

questions were removed, and additional questions were included. In 1996 and 1999, the 

ATS was constructed by a "blue ribbon" panel that reviewed the wording of the 

questionnaire and survey items. In 2002, the survey was modeled after CDC tobacco 

questions and additional state-relevant questions were added. In addition, the ordering of 

questions used to estimate smoking prevalence was modified between the 1996/1999 and 

2002 administrations. 
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Procedure 

Data Collection/Survey Administration 

In 1996 and 1999, the telephone numbers to be queried were selected randomly 

by computer generated phone numbers utilizing each prefix within the state, directly 

proportionate to the population of that area. The 1996 and 1999 sampling design 

attempted to produce a sample proportional to the household population in each of the 

five strata or regions of Arizona (Region 1 - Maricopa County; Region 2 - Pima County; 

Region 3 - Coconino, Navajo, and Apache Counties; Region 4 - Gila, La Paz, Mohave, 

and Yavapai Counties; and Region 5 - Cochise, Graham, Greenlee, Pinal, Santa Cruz, and 

Yuma Counties). In 2002, a different sampling design was utilized, and the generation 

of phone numbers was based on a disproportionate stratification of the state's potential 

telephone numbers. The 2002 sampling strategy was designed to result in an increased 

number of interviews completed in rural areas and to facilitate the accurate assessment of 

population groups in areas with low population density. The goals of the sampling 

strategies employed were to minimize the number of completed surveys required while 

providing sufficiently powerful estimates that could be used in the future to identify small 

changes in incidence, obtain results as quickly as possible, and keep the costs reasonable. 

The first two administrations of the survey (1996 and 1999) were performed by the 

Arizona Department of Health Services (AZDHS) Telephone Survey Center within the 

Office of Epidemiology and Statistics. The Telephone Survey Center was disbanded 

shortly after the 1999 Arizona Adult Tobacco Survey, and the Social Research 

Laboratory at Northern Arizona University administered the 2002 survey. 
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All telephone numbers were computer-generated numbers. In order to attempt to 

obtain a representative sample, telephone numbers were generated in random groups with 

approximately 10,000 potential phone numbers per group. All groups were monitored 

closely by the survey manager for response rates and reflection of the demographic 

characteristics of the regions represented. In 1996 and 1999, the randomly selected 

interview telephone numbers had to meet two requirements before being eliminated from 

the calling list: a minimum of 15 attempts were made to reach a residence in which no 

one had answered or an answering machine was encountered, and the attempts were in 

three different time periods including a Saturday. In 2002, the minimum number of 

unanswered calls to a residence required for elimination was increased to 30. To reduce 

the number of calls to nonworking numbers, the telephone numbers were checked with 

the telephone company after several no answers to ensure the validity of the numbers. 

The survey respondents were selected randomly and remained anonymous, and, 

as such, informed consent was not required. When an interviewer reached a selected 

residence, information was collected using the screener instruments and the Arizona 

Adult Tobacco Survey (ATS). From the initial screener information collected about 

those household members at least 18 years of age, a respondent was randomly selected by 

the computer to participate in the Arizona Adult Tobacco Survey. The selected 

respondent was then interviewed using the Arizona Adult Tobacco Survey. In 1996 and 

1999, respondents were queried using the same version of the survey; however, in 2002, 

the survey was revised and numerous questions were removed while others were added to 

the 1996/1999 version of the questionnaire. In addition to the changes mentioned above, 
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the order in which smoking prevalence questions were asked was also modified between 

the 1999 and 2002 administrations. In 1996 and 1999, all respondents were first asked if 

they smoke cigarettes everyday, some days, or not at all, and then all respondents were 

subsequently asked if they had smoke at least 100 cigarettes in their lifetime. In 2002, 

the ordering of the questions was modified so that all respondents were first asked if they 

had smoked at least 100 cigarettes in lifetime, and then those who answered affirmatively 

were asked if they currently smoke everyday, some days, or not at all. After completion 

of the surveys, respondents' contributions were acknowledged and the residential 

telephone number was removed from the calling list. 

Analyses 

All survey respondents from 1996,1999, and 2002 were included in the current 

investigation. All statistical analyses were completed using SPSS (v. 11.0) and SAS (v.9) 

for Windows. The responses across the three years were merged into a single dataset to 

allow for examination of variables of interest. All of the Arizona Tobacco Survey items 

were not consistent across the three years, and only consistent items asked all each of the 

three years were included in this comparison. To address study questions, descriptive 

statistics including measures of central tendency, fi-equencies, and percentiles were 

calculated on variables of interest. 

Subsequently, two multivariate propensity score analyses were conducted. The 

first propensity score was calculated to represent the sampling differences between 

respondents completing the first version of the Arizona Adult Tobacco Survey (1996 & 

1999) and the second version of the Arizona Adult Tobacco Survey. Hence, the 
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participants who completed the 1996 and 1999 survey comprised one group and the 2002 

survey respondents comprised the second group. One propensity score for each 

participant (version 1 compared to version 2) was computed using a multivariable logistic 

regression analysis (LOGIST procedure, SAS Institute, Lie.) with version of survey as the 

dependent or criterion variable. The independent or predictor variables were the same for 

both propensity score analyses and included age of respondent, ethnicity or race, gender, 

level of education, income, region of residence, visits to health professionals during 

previous 12 months, if health professional asked about tobacco use, employment status, 

size of employment, and marital status. After computing the propensity score, 

participants were stratified into 5 strata or subgroups according to the sample distribution 

at the 20'^, 40'^, 60'^ and 80'^ percentile, and the prevalence rates were compared across 

the three years. Probabilities were computed that estimate the likelihood a participant 

smokes given that others in the household smoke, the participant's significant other 

currently smokes, chews, or dips, and the partner has ever smoked, chewed, or dipped 

tobacco. For those identified as smokers, comparisons were performed across and within 

strata examining frequency of nicotine consumption, level of addiction, and length of 

smoking. The second propensity score analysis was performed to represent the sampling 

differences between respondents completing each administration of the 1996, 1999, and 

2002 Arizona Adult Tobacco Survey. Hence, the participants who completed the 1996 

survey comprised one group, those who completed the 1999 survey comprised the second 

group, and the 2002 survey respondents comprised the third group. Three propensity 

scores for each participant (1996 compared 1999; 1999 compared to 2002; 1996 
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compared to 2002) were computed using a multivariable logistic regression analysis 

(LOGIST procedure, SAS Institute, Inc.) with year of survey as the dependent or criterion 

variable. The independent or predictor variables were the same as in the previous 

analysis and included age of respondent, ethnicity or race, gender, level of education, 

income, region of residence, health professional visits during previous 12 months, if 

health professional asked about tobacco use, employment status, size of employment, and 

marital status. After the computing the propensity scores, participants from the three 

years were matched using an optimal matching algorithm (SAS Institute, Inc. 

%MATCH% algorithm) without replacement, which matched participants across the 

years on the estimated propensity scores. Subsequently, participants who were not 

matched were excluded from additional analyses, and prevalence rates were compared for 

those who had optimal matches across the years of administration. As in the previous 

analysis, probabilities were then computed that estimate the likelihood a participant 

smokes given that others in the household smoke, the participant's significant other 

currently smokes, chews, or dips, and the partner has ever smoked, chewed, or dipped 

tobacco, and, for those identified as smokers, comparisons were performed examining 

frequency of nicotine consumption, level of addiction, and length of smoking, and failed 

cessation attempts. 

The validity of the findings reported herein depend on the propensity score to 

provide adequate adjustment for all factors that influence the sampling differences. 

Hence, a sensitivity analysis was performed to assess whether hidden bias of various 

sizes would change the results of the investigation and explore how much hidden bias 
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would need to be present to change prevalence estimates. Sensitivity analyses do not 

actually indicate whether bias is present, only whether a study is vulnerable to biases of 

different degrees. To determine how sensitive the results of the propensity score 

adjustment were to hidden bias, a sensitivity analysis was conducted. 
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RESULTS 

Respondent Characteristics, Tobacco Consumption, 
and Relative Risk Prior to Propensity Score Adjustment 

Respondent Characteristics 

Many of the respondent characteristics appeared similar across the three years, but 

there were several variables of interest such as the maximum niimber of children, adults 

per household, income, level of education, and region that varied. Table 1 provides 

summary statistics for continuous demographic variables of interest for 1996, 1999, and 

2002. 

Table 1. Continuous Respondent Demographic Variables of Interest 

Year of Survey 
Variable of 

Interest N 
1996 

M SD N 
1999 
M N 

2002 

M SD N 
Total 

M SD 

Respondent 6036 46.0 17.4 4554 46.7 17.8 5989 48.5 17.6 16579 47.1 17,6 
Age 
Household 6039 1.9 .79 4555 1.9 .78 6025 1.7 .73 16619 1.9 .77 
Adults 
Household 6039 0.3 0.7 — — — 6025 0.7 1.2 12064 0.5 0.9 
Children 

The number of adults per household ranged from one to six in 1996 and 2002, while the 

number of adults per household ranged from one to nine in 1999. The modal number of 

adults per household across the years was two adults. In 1996, 80.7% of the respondents 

indicated that no children under the age of 18 lived in the household, while 66.9% of the 

2002 respondents made this claim. The number of children under the age of 18 per 

household was not reported for 1999. Zero to eight children per household were 

reported in 1996, and the number of children per household reported by 2002 participants 

ranged from zero to eleven. 
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Table 2 outlines summary statistics for categorical demographic variables of 

interest for 1996, 1999, and 2002. As is outlined in the table, females comprised slightly 

more than half of the sample in 1996 and 1999, while females accounted for 61.7% of the 

2002 sample. 10.0% of the 1996 sample reported less than a high school education, 

while only 5.6% of the 2002 sample reported this level of education. Moreover, 33.1% 

of the 2002 sample reported a college degree or post-baccalaureate training, and only 

26.8% of the 1996 sample indicated this level of education. In addition, most of the races 

or ethnic backgrounds represented across the three years remained consistent with the 

exception of the category listed as "Other". The "Other" respondents decreased from 

13.3% of the 1999 sample to 9.5% of the 2002 sample. As is also denoted in Table 2, 

approximately half of all respondents were employed for wages across the three years. 

Additionally, 59.8% of the 1999 sample reported an aimual income of less than $75,000 

compared with 72.1% in 1996 and 83.8% in 2002. The proportion of individuals selected 

from each of the five regions changed across the years as well. In 1996 and 1999, 41.3% 

and 43.2% of the participants resided in Maricopa County (Region 1), but, in 2002, only 

26.1% of the respondents were Maricopa residents (Region 1). Furthermore, in 1996 and 

1999, 8.4% and 10.1% of the respondents resided in Region 3 (Coconino, Apache and 

Navajo Counties), while, in 2002, 19.2% of the respondents were Region 3 residents. 
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Table 2. Categorical Respondent Demographic Variables of Interest 

Year of Survey 
Variable of 1996 1999 2002 Total 

Interest Count Percent Count Percent Count Percent Count Percen 
Gender 
Male 2651 43.9 2122 46.6 2298 38.3 7071 42.6 
Female 3388 56.1 2434 53.4 3706 61.7 9528 57.4 
Education 
Less Than HS 604 10.0 367 8.1 339 5.8 1310 7.9 
HS Grad/GED 1708 26.3 1302 28.6 1587 26.4 4597 27.7 
1-3 Years College 2046 33.9 1479 32.6 2044 34,0 5569 33.5 
College Grad or More 1620 26.8 1325 29.1 1985 33.1 4930 29.7 
Don't Know/Refused 61 1.0 83 1.8 51 0.8 195 1.2 
Race 
White 4897 81.1 3688 80.9 4954 82.2 13539 81.5 
Black/African American 122 2.0 83 1.8 108 1.8 313 1.9 
American Indian/Alaska 216 3.6 120 2.6 267 4.4 603 3.6 
Native 
Other 753 12.5 604 13.3 574 9.5 1931 11.6 
Don't Know/Refused 51 0.8 61 1.3 122 2.0 234 1.4 
Employment Status 
Employed for Wages 3022 50.1 2207 48.6 2912 48.3 8141 49.0 
Self-Employed 544 9.0 408 9.0 521 8.6 1473 8.9 
Unemployed/Do Not 2461 40.8 1919 42.2 2579 42.8 6959 41.9 
Work for Wages 
Don't Know/Refused 6 0.1 10 0.2 13 0.2 29 0.2 
Annual Income 
Less Than $10,000 482 8.0 261 5.7 129 2.1 872 5.2 
Less Than $50,000 3637 60.2 2195 48.2 1028 17.1 6860 41.3 
Less Than $75,000 4355 72.1 2726 59.8 5047 83.8 12128 73.0 
Marital Status 
Married/Living with 3619 59.9 2718 59.7 3585 59.7 9922 59.8 
Paitner 
Divorced/Separated/ 2355 38.0 1743 38.3 2346 39.1 6444 38.8 
Widowed/ Never 
Married 
Don't Know/Refused 65 1.1 95 2.1 76 1.3 236 1.4 
Region 
Region 1 (Maricopa) 2492 41.3 1968 43.2 1570 26.1 6030 36.3 
Region 2 (Pima) 1242 20.6 880 19.3 1293 21.5 3415 20.6 
Region 3 (Coconino, 505 8.4 460 10.1 1157 19.2 2122 12.8 
Navajo, Apache) 
Region 4 (Gila, La Paz, 813 13.5 624 13.7 1055 17.5 2482 15.0 
Mohave, Yavapai) 
Region 5 (Cochise, 987 16.3 624 13.7 948 15.7 2559 15.4 
Graham, Greenlee, Pinal, 
Santa Cruz, Yuma) 
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Tobacco Consumption 

Smoking prevalence varied greatly within and between regions and across the 

years. Table 3 outlines smoking prevalence in each Arizona region for 1996, 1999, and 

2002. Four of the five regions reported an increase in prevalence from 1999 to 2002, 

with Region 4 (Gila, La Paz, Mohave, and Yavapai Counties) reporting the only decrease 

in smoking prevalence during that time period. As is presented in Table 3, statewide 

smoking prevalence was 23.8% in 1996, dropped to 18.8% in 1999, and increased to 

20.1% in 2002. 

Table 3. 1996, 1999, and 2002 Smoking Prevalence by Region 

Reeion Year of Survey 

1996 1999 2002 

Region 1 (Maricopa) 24.1% 18.2% 19.2% 

Region 2 (Pima) 21.3% 15.4% 21.0% 

Region 3 (Coconino, Navajo, Apache) 17.2% 19.1% 19.4% 

Region 4 (Gila, La Paz, Mohave, Yavapai) 30.5% 27.9% 24.4% 

Region 5 (Cochise, Graham, Greenlee, Pinal, 
Santa Cruz, Yuma) 

25.3% 20.5% 21.3% 

Statewide 23.8% 18.8% 20.1% 

Unlike smoking prevalence, the average number of cigarettes smoked per day and 

number of days in which tobacco was consumed during the previous 30-day period 

remained relatively stable across the three years. Those identified as smokers smoked an 

average of 18 cigarettes per day in 1996, 19 per day in 1999, and 16 per day in 2002. 

The average number of cigarettes smoked per day during the previous 30-day period for 

each of the five regions is presented in Figure 1. 
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Figure 

In addition, respondents across the state reported smoking an average of 27 days out of 

the previous 30-day period in 1996 and 2002 and 28 days out of the previous 30-day 

period in 1999. Figure 2 depicts the average number of days during previous 30-day 

period that respondents reported consuming tobacco for each of the five Arizona 

Regions. 

Tobacco Consumption 

30 T——— 
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• 2002 

Region 1 Region 2 Region 3 Region 4 Region 5 

Arizona Regions 

A v e r a g e  N u m b e r o f C i g a r e t t e s  C o n s u m e d  P e r  
Day 

R e g i o n  1  R e g i o n 2  R e g i o n s  R e g i o n 4  R e g i o n s  

Arizona R eg io ns 

1. Average Number of Cigarettes Consumed Per Day 

Figure 2. Average Days of Tobacco Consumption During Previous 30 Day Period 
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Respondents indicated that, on average, they started smoking between 17 and 18 

years of age. Across the three years, the average length of time smoking varied between 

25.3 and 29.8 years. Table 4 reveals the average age when smoking began and length of 

time smoking regularly reported across the regions for 1996, 1999, and 2002. 

Table 4. Average Age and Length of Time Smoking in Years 

1996 
M SD 

Year of Survey 
1999 

n M SD 
2002 
M SD 

Resion 1 (Maricopa) 

Average Age Began 628 
Smoking 
Length of Time Smoking 628 

Resion 2 (Pima) 

Average Age Began 281 
Smoking 
Length of Time Smoking 281 

Resion 3 (Coconino. 
Apache. Navafo) 
Average Age Began 85 
Smoking 
Length of Time Smoking 85 

Resion 4 (Gila. LaPaz. 
Mohve. Yavapai) 
Average Age Began 211 
Smoking 
Length of Time Smoking 211 

Resion 5 (Cochise. 
Graham. Greenlee. 
Pinal. Santa Cruz. 
Yuma) 
Average Age Began 210 
Smoking 
Length of Time Smoking 210 

17.6 4.9 533 17.5 4.6 268 18.1 6.4 

25.6 15.7 533 27.9 16.5 266 24.1 15.2 

16.9 4.2 259 17.7 4.4 225 18.2 5.9 

27.4 15.8 259 30.9 17.3 225 23.9 15.5 

18.6 6.2 130 17.9 4.1 190 18.6 5.9 

29.0 15. 130 29.2 15.1 189 23.3 16.1 

17.8 5.1 240 17.2 5.4 219 18.6 5.8 

30.5 15.5 240 32.2 17.6 218 29.6 15.1 

17.3 4.9 191 16.5 4.2 182 17.5 4.7 

30.3 16.1 191 31.2 16.4 181 25.9 16.5 
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Relative Risk Ratios 

In 1996 and 1999, respondents who lived in households with at least one adult 

smoker were 1.6 and 2.4 times more likely to be smokers than those who lived in 

households with no adult smokers. Similarly, 2002 respondents who lived in households 

with adult smokers were 1.1 times more likely to smoke cigarettes. Furthermore, 

respondents who indicated having partners who currently smoked were 1.4 times more 

likely to be classified as smokers in 1996. In 1999, the respondents were 1.7 times more 

likely to be classified as smokers if they reported partners who currently smoked. In 

2002, respondents were 2.1 times more likely to identify as smokers if their partners also 

currently smoked. In addition, respondents were 1.5 times more likely in 1996, 1.8 times 

more likely in 1999, and 1.1 times more likely in 2002 to be classified as smokers if they 

reported partners who had previously smoked. 

Propensity Score Analysis I, Stratification, and Secondary Analyses 

Respondent Characteristics After Stratification 

After the logistic regression was performed with version of the ATS as the 

criterion variable, propensity scores were estimated and stratified into five quintiles. 

Subsequently, the distributions were examined. Table 5 illustrates the number of 

respondents represented in each of the five quintiles for 1996, 1999, and 2002. The 

distribution of 1996 and 1999 respondents across the five strata was consistent, but 

approximately 45% of the 2002 respondents were stratified into the fifth quintile (81®' 

percentile and above). However, at least 200 cases were distributed in each of the four 

remaining strata, which was adequate for remaining comparisons. 
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Table 5. Propensity Score Stratification 

Year of Survey 
Strata 1996 1999 2002 Total 

n Percent n Percent n Percent N Percent 
Quintile 
1 
Quintile 
9 

1563 26.2 1273 28.3 284 6.4 3120 20.9 Quintile 
1 
Quintile 
9 

1421 23.8 1092 24.2 296 6.6 2809 18.8 

Quintile 
3 
Quintile 
A 

1353 22.6 1042 23.1 601 13.5 2996 20.1 Quintile 
3 
Quintile 
A 

1046 17.5 707 15.7 1281 28.7 3034 20.3 

Quintile 
5 

593 9.9 390 8.7 2000 44.8 2983 20.0 

Summary statistics for continuous respondent variables for each quintile are 

presented in Table 6. After stratification, the ages within the strata were consistent for 

the three years. For example, the average respondent age in Quintile 1 ranged from 35.6 

to 37.1, with a stratum average of 36.3 years, and the average respondent age in Quintile 

2 ranged from 43.5 to 45.5, with a stratum average of 43.9 years. The average 

respondent age in Quintile 3 ranged from 51.6 to 53.7, with a stratum average of 52.9 

years, while the average respondent age in Quintile 4 ranged from 54.7 to 55.6, with a 

stratum average of 55.4 years. Similarly, the average respondent age in Quintile 5 ranged 

from 48.5 to 49.1, with a stratum average of 48.7 years. As presented in Table 6, the 

average number of adults per household was consistent across the quintiles after 

stratification with the propensity scores. Across all strata, the average number of children 

per household ranged from 0.2 to 0.4 in 1996 and 0.5 to 0.9 in 2002. The numbers of 
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children per household were not included in the 1999 database, and, as a result, were 

excluded as a covariate in the estimation of the propensity scores. 

Table 6. Continuous Respondent Characteristics After Propensity Score Stratification 

Variable 
of 

Interest n 

1996 

M SD 

Year of Survey 
1999 

N M SD N 

2002 

M SD N 

Total 

M SD 

Resvondent 
Age 

Quintile 1 1563 35.6 13.1 1273 37.1 14.4 284 36.7 15.2 3120 36. 14.2 

Quintile 2 1421 43.5 14.7 1092 44.2 14.9 296 45.5 16.5 2809 
J 

43. 
Q 

15.0 

Quintile 3 1353 51.6 16.7 1042 53.7 17.2 601 53.9 17.5 2996 52. 
Q 

17.0 

Quintile 4 1046 55.6 17.4 707 56.5 17.9 1281 54.7 17.1 3034 

y 

55. 17.4 

Quintile 5 593 49.1 18.7 390 48.8 19.2 2000 48.5 17.5 2983 
4 

48. 18.1 

Household 
Adults 

Quintile 1 1563 2.5 0.9 1273 2.5 0.9 284 2.3 1.0 3120 

/ 

2.5 .0.9 

Quintile 2 1421 1.9 0.6 1092 1.8 0.6 296 1.9 0.6 2809 1.9 0.6 

Quintile 3 1353 1.6 0.5 1042 1.7 0.6 601 1.6 0.6 2996 1.6 0.6 

Quintile 4 1046 1.6 0.6 707 1.6 0.6 1281 1.6 0.6 3034 1.6 0.6 

Quintile 5 593 1.8 0.8 390 1.8 0.8 2000 1.7 0.7 2983 1.7 0.7 

Household 
Children 

Quintile 1 1563 0.4 0.9 284 0.9 1.3 1847 0.5 0.9 

Quintile 2 1421 0.4 0.7 - - - - - 296 0.8 1.2 1717 0.5 0.7 

Quintile 3 1353 0.2 0.6 - - - - 601 0.5 1.0 1954 0.3 0.7 

Quintile 4 1046 0.2 0.6 - - - - - 1281 0.5 1.0 2327 0.4 0.7 

Quintile 5 593 0.2 0.6 ~ - - 2000 0.8 1.2 2593 0.7 1.0 

The percent of males and females represented for all strata across the three years 

are presented in Figure 3. As depicted in the figure, the percentage of males and females 

were consistent within strata across the three years. There were considerably more 
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females than males represented in quintile 5 for all three years. The percentage of 

females represented in this stratum ranged from 79.7% to 81.7%. 

Males and Females After Stratification 

9> 50 

M F M F M F M F M F 

1 2 3 4 5 

B1996 

• 1999 

• 2002 

Quintile 

Figure 3. Males and Females After Stratification 

After stratification, the levels of education reported for respondents were 

consistent across the years for those who were high school graduates or had continued on 

to post-secondary education. However, the percent of those who reported less than a high 

school education varied within the strata and across years. The percent of respondents in 

Quintile 1 who reported less than a high school education ranged from 13.9% in 1996 to 

5.6% in 2002. A similar pattern was observed in Quintile 5 in which the percent of 

respondents who reported less than a high school education ranged from 10.1% in 1996 

to 4.6% in 2002. 

Similarly, employment status was consistent across survey years. However, there 

were some slight variations within strata as is outlined in Table 7. Across all strata, 40.8 
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% of the 1996 respondents, 42.2% of the 1999 respondents, and 46.2 of the 2002 

respondents were unemployed or did not work for wages. 

Table 7. Employment Status After Stratification 

Year of Survey 
EmDlovment Status 1996 1999 2002 

Count Percent Count Percent Count Percent 
Emoloved For Wases 

Quintile 1 872 55.8 691 54.3 148 52.1 
Quintile 2 771 54.3 566 51.8 140 47.3 
Quintile 3 619 45.8 441 42.3 243 40.4 
Quintile 4 456 43.6 300 42.4 511 39.9 
Quintile 5 278 46.9 192 49.2 1016 50.8 

Self-Emploved 

Quintile 1 161 10.3 128 10.1 18 6.3 
Quintile 2 138 9.7 115 10.5 26 8.8 
Quintile 3 129 9.5 91 8.7 46 7.7 
Quintile 4 74 7.1 38 5.4 46 7.7 
Quintile 5 36 6.1 32 8.2 154 7.7 

Unemvloved/Do Not Work For Waees 

Quintile 1 525 33.6 446 35.0 118 41.5 
Quintile 2 512 36.0 411 37.6 130 43.9 
Quintile 3 605 44.7 508 48.8 312 51.9 
Quintile 4 515 49.2 369 52.2 675 52.7 
Quintile 5 279 47.0 166 42.6 826 41.3 

In addition, the proportion of respondents selected from each of the five regions 

varied both within strata and across the years. Table 8 illustrates the proportional 

vaiiation within strata and years for Arizona regions. Across the three years, the 

proportions of Maricopa (Region 1) residents in Quintile 1 ranged from 39.4% to 56.6%. 

The proportions of Pima County (Region 2) residents were consistent within strata across 

the three years, as shown in Table 8. Quintiles within Region 3 varied across the three 

years, but strata within Regions 4 and 5 were consistent in 1996, 1999, and 2002. 
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Table 8. Regions After Stratification 

Year of Survey 
Region 1996 1999 2002 

Count Percent Count Percent Count Percent 
Reeion KMaricova) 

Quintile 1 825 52.8 720 56.6 112 39.4 
Quintile 2 637 44.8 503 46.1 111 37.5 
Quintile 3 499 36.9 381 36.6 200 33.3 
Quintile 4 371 35.5 243 34.4 404 31.5 
Quintile 5 135 22.8 102 26.2 354 17.7 

Reeion 2 (Pima) 

Quintile 1 351 22.5 235 18.5 68 23.9 
Quintile 2 305 21.5 242 22.2 69 23.3 
Quintile 3 261 19.3 203 19.5 142 23.6 
Quintile 4 210 20.1 134 19.0 314 24.5 
Quintile 5 101 17.0 53 13.6 369 18.5 

Resion 3 (Coconino. Navaio. Aoache) 

Quintile 1 114 7.3 102 8.0 45 15.8 
Quintile 2 116 8.2 116 10.6 61 20.6 
Quintile 3 127 9.4 115 11.0 94 15.6 
Quintile 4 94 9.0 77 10.9 213 16.6 
Quintile 5 53 8.9 45 11.5 402 20.1 

Resion 4 (Gila. La Paz. Mohave. Yavapai} 

Quintile 1 108 6.9 108 8.5 25 8.8 
Quintile 2 170 12.0 119 10.9 25 8.4 
Quintile 3 232 17.1 183 17.6 96 16.0 
Quintile 4 155 14.8 113 16.0 211 16.5 
Quintile 5 136 22.9 95 24.4 448 22.4 

Reeion 5 (Cochise. Graham. Greenlee. Pinal. 
Santa Cruz. Yuma] 

Quintile 1 165 10.6 108 8.5 34 12.0 

Quintile 2 193 13.6 112 10.3 30 10.1 
Quintile 3 234 17.3 160 15.4 69 11.5 
Quintile 4 216 20.7 140 19.8 139 10.9 
Quintile 5 168 28.3 95 24.4 427 21.4 

Tobacco Consumption After Stratification 

Smoking Prevalence varied within quintiles and regions across the three years, 

although a decrease was evident for the statewide estimates. Table 9 outlines smoking 

prevalence in each Arizona region for 1996, 1999, and 2002. Decreases in smoking 

prevalence were reported within many regions and strata across the three years. 
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Table 9. Smoking Prevalence After Stratification 

Reeion Year of Survey 

1996 1999 2002 
Region KMaricooa) 22.6 17.7 16.3 

Quintile 1 20.5 12.9 11.7 

Quintile 2 19.3 11,1 4.5 

Quintile 3 18.0 16.3 13.5 

Quintile 4 31.8 34.6 21.0 

Quintile 5 42.5 49,0 17.6 

Resion 2 (Pima) 20.0 15.9 18.6 

Quintile 1 20.5 11,1 10.3 

Quintile 2 15.1 11,6 14.5 

Quintile 3 17.6 8.9 14.9 

Quintile 4 20.5 29,1 21.1 

Quintile 5 38.6 50,0 20.1 

Reeion 3 (Coconino. Navaio. Apache) 15.1 17.1 15.4 

Quintile 1 12.3 20.8 8.9 

Quintile 2 15.5 6,9 16.9 

Quintile 3 10.2 11,3 10.8 

Quintile 4 14.9 26,0 16.7 

Quintile 5 32.1 34,1 16.3 

Reeion 4 (Gila. La Paz. Mohave. Yavavai) 27.7 27.3 18.8 

Quintile 1 23.1 19.4 12.5 

Quintile 2 25.3 25,2 16.0 

Quintile 3 19.8 21,3 12.5 

Quintile 4 25.2 26,5 16.1 

Quintile 5 47.8 51,6 21.9 

Reeion 5 (Cochise. Graham. Greenlee. Pinal. 21.7 21.6 19.0 
Santa Cruz. Yuma) 

Quintile 1 18.8 13,9 5.9 
Quintile 2 18.1 18,8 20.0 
Quintile 3 18.4 15,0 8.7 

Quintile 4 18.1 22.9 20.1 

Quintile 5 37.7 40.0 21.3 

Statewide 21.7 19.0 17.6 

Interestingly, the average number of cigarettes smoked per day during the previous 30-

day period remained consistent with the pattern evident before stratification. The average 

number of cigarettes per day reported by respondents remained consistent in 1996 and 

1999 and decreased slightly in 2002. In addition, respondents across the state reported 
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smoking an average of 25-30 days out of the pervious 30-day period. The average days 

of tobacco consumption remained consistent with estimates obtained prior to 

stratification. 

Relative Risk Ratios After Stratification 

Relative risk ratios were calculated for each stratum across the three survey years. 

Table 10 outlines the relative risk ratios for individuals who resided in households in 

which others smoked cigarettes. The risk ratios presented in the table ranged from 1.1 for 

2002 respondents to 6.2 for 1999 respondents whose propensity score ranked between the 

1®^ to 20^^^ percentile. A relative risk ratio of 6.2 indicated that individuals who lived in a 

residence with at least one other adult smoker were 6.2 times more likely to be smokers 

than individuals who did not reside with other adult smokers. 

Table 10. Relative Risk of Smoking When Reside with Others Who Smoke 

Year Quintile 1 Quintile 2 
Ouintiles 

Quintile 3 Quintile 4 Quintile 5 
1996 2.1 1.5 1.3 1.4 1.5 
1999 6.2 2.5 1.8 1.9 2.7 
2002 1.2 1.1 1.1 1.1 1.2 

Moreover, the relative risk ratios estimating the likelihood that respondents were 

smokers if their partners currently smoked is illustrated in Table 11. As is shown in this 

table, the risk ratios ranged from 1.3 for 1996 respondents whose propensity score ranked 

between the 81®' to 100*^^ percentile to 2.2 for 2002 respondents whose propensity score 

ranked between the 81®' and lOO''' percentile. A relative risk ratio of 2.2 indicated that 

study respondents were 2.2 times more likely to be smokers if their partners currently 
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smoked than individuals who were involved in relationships in which their significant 

others did not smoke cigarettes. 

Table 11. Relative Risk of Smoking When Partner Currently Smokes 

Ouintiles 
Year Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5 

1996 1.6 1.5 1.4 1.5 1.3 
1999 1.9 1.6 1.8 1.5 1.8 
2002 1.7 1.9 1.6 1.9 2.2 

Finally, relative risk ratios were calculated to determine the likelihood that 

respondents were smokers if their partners or significant others had smoked previously. 

The risk ratios ranged from 0.8 to 2.0, and are provided in Table 12. 1999 ATS 

respondents whose propensity score ranked between the 1®' and 20'*^ percentile were 2.0 

times more likely to be smokers when their partners smoked previously than those 

involved in relationships in which the partners were never smokers. Interestingly, 

estimated ratios for respondents in two of the strata were less than one. A risk ratio of 

this magnitude indicated that the respondents were less likely to be smokers if their 

partners had previously smoked than respondents whose partners were never smokers. 

Table 12. Relative Risk of Smoking When Partner Smoked Previously 

Ouintiles 
Year Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5 

1996 1.5 1.5 1.4 1.4 1.4 
1999 2.0 1.6 1.8 1.4 2.0 
2002 1.0 0.8 1.5 0.9 1.2 
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Propensity Score Analysis II, Matching, and Secondary Analyses 

After the logistic regression was performed with year of the ATS as the criterion 

variable and propensity scores were estimated, optimal matching was performed to match 

respondents across the three years. The matching procedure reduced the sample from 

16,601 respondents to 10,572 (3,524 respondents for each of the three survey years). 

Summary statistics for continuous respondent demographic variables of interest after 

optimal matching are presented below in Table 13. 

Table 13. Continuous Respondent Demographic Variables of Interest After Matching 

Year of Survey 
Variable of 1996 1999 2002 Total 

Interest n MSDn MSDn MSDN MSD 

"Respondent 3^24 4^9 173 3524 462 VL5 3524 49^5 Tsl 10572 472 17.7 
Age 
Household 3524 1.9 0.8 3524 1.9 0.8 3524 1.7 0.8 10572 1.8 0.8 
Adults 
Household 3524 0.3 0.7 - - - 3524 0.6 1.2 7048 0.5 0.8 
Children 

The number of adults per household ranged from one to six in 1999 and 2002, 

while the number of adults per household ranged from one to nine in 1996. The modal 

number of adults per household across the years was two. In 1996, 80.5% of the 

respondents indicated that no children under the age of 18 lived in the household, while 

69.2% of the 2002 respondents made this claim. The number of children under the age of 

18 per household was not reported for 1999. Zero to five children per household were 

reported in 1996, and zero to eleven children per household were reported by 2002 

participants. 
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Summary statistics of categorical demographic variables of interest after the 

matching procedure are presented below in Table 14. As illustrated in the table, females 

comprised at least 55% of the sample each of the three survey years. 

Table 14. Categorical Respondent Demographic Variables of Interest After Matching 

Year of Survey 
Variable of 1996 1999 2002 Total 

Interest Count Percent Count Percent Count Percent Count Perce 
nt 

Gender 

Male 1547 43.9 1586 45.0 1424 40.4 4557 43.1 
Female 1977 56.1 1938 55.0 2100 59.6 6015 56.9 
Education 

Less Than HS 342 9.7 288 8.2 197 5.6 827 7.8 
HS Grad/GED 1015 28.8 986 28.0 930 26.4 2931 27.7 
1-3 Years College 1156 32.8 1156 32.8 1202 34.1 3514 33.2 
College Grad or More 962 27.3 1045 29.7 1170 33.2 3177 30.1 
Don't Know/Refused 49 1.4 49 1.4 25 0.7 123 1.1 
Race 
White 2876 81.6 2882 81.8 2943 83.5 8702 82.3 
Black/African American 67 1.9 63 1.8 67 1.9 197 1.8 
American Indian/Alaska Native 130 3.7 87 2.5 148 4.2 365 3.5 
Other 416 11.8 450 12.8 317 9.0 1183 11.2 
Don't Know/Refused 35 1.0 42 1.2 49 1.4 126 1.2 
Emvlovment Status 
Employed for Wages 1755 49.8 1751 49.7 1646 46.7 5151 48.7 
Self-Employed 324 9.2 331 9.4 271 7.7 926 8.7 
Unemployed/Do Not Work for 1441 40.9 1434 40.7 1603 45.5 4478 42.4 
Wages 
Don't Know/Refused 4 0.1 8 0.2 4 0.1 16 0.1 

Annual Income 
Less Than $10,000 282 8.0 208 5.9 70 2.0 560 5.3 
Less Than $50,000 2132 60.5 1702 48.3 599 17.0 4433 41.8 
Less Than $75,000 2537 72.0 2139 60.7 2970 84.3 7646 72.3 

Marital Status 

Married/Living with Partner 2104 59.7 2129 60.4 2058 58.4 6291 59.5 
Divorced/Separated/Widowed/ 1371 38.9 1325 37.6 1427 40.5 4123 39.0 
Never Married 
Don't Know/Refused 49 1.4 70 2.0 39 0.4 158 1.5 
Region 
Region 1 (Maricopa) 1441 40.9 1502 42.6 948 26.9 3891 36.7 
Region 2 (Pima) 718 20.4 670 19.0 800 22.7 2188 20.7 
Region 3 (Coconino, Navajo, 310 00

 
bo

 

353 10.0 677 19.2 1340 12.7 
Apache) 
Region 4 (Gila, La Paz, 485 13.8 494 14.0 609 17.3 1588 15.1 
Mohave, Yavapai) 
Region 5 (Cochise, Graham, 570 16.2 504 14.3 490 13.9 1564 14.8 
Greenlee, Pinal, 
Santa Cruz, Yuma) 
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After matching on the propensity score, 9.7% in 1996, 8.2% in 1999, and 5.6% in 2002 

reported less than a high school education. Moreover, 27.3% of the 1996, 29.1% of the 

1999, and 33.2% of the 2002 respondents reported a college degree or post-baccalaureate 

training. In addition, the matching procedure resulted in a sample in which race or ethnic 

backgrounds represented were consistent across the three years. Also outlined in Table 

14, approximately half of all respondents across the three years were employed for 

wages. Additionally, respondents who reported being married or living with a partner or 

significant other ranged from 58.4% in 2002 to 60.4% in 1999. After matching, the 

proportion of respondents selected from each of the five regions was consistent across the 

years for all regions except Region 1 (Maricopa). 40.9% of the 1996 respondents, 42.6% 

of the 1999 respondents, and 26.9% of the 2002 respondents resided in Region 1. 

Tobacco Consumption 

After respondents were matched across the three years, smoking prevalence 

decreased from 1996 to 2002 in three of the five regions in Arizona. Region 2 (Pima 

County) showed a decrease from 18.9%) in 1996 to 15.9%) in 1999, but then increased to 

18.9%) again in 2002. Region 3 (Coconino, Navajo, and Apache Counties) increase 4% 

from 1996 to 1999, but remained stable from 1999 to 2002. Table 15 outlines smoking 

prevalence in each Arizona region for 1996, 1999, and 2002 after respondents were 

matched on the propensity score. 

Presented in Table 15, statewide smoking prevalence was 21.7%) in 1996, dropped to 

19.0%) in 1999, and decreased slightly again in 2002 to 18.4%. 
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Table 15. 1996, 1999, and 2002 Smoking Prevalence by Region After Matching 

Region Year of Survey 
1996 1999 2002 

Region 1 (Maricopa) 22.5% 18.0% 17.4% 
Region 2 (Pima) 18.9% 15.9% 18.9% 
Region 3 (Coconino, Navajo, Apache) 12.8% 16.1% 16.4% 

Region 4 (Gila, La Paz, Mohave, Yavapai) 27.9% 26.7% 21.3% 

Region 5 (Cochise, Graham, Greenlee, Pinal, 22.6% 20.9% 18.6% 
Santa Cruz, Yuma) 

Statewide 21.7% 19.0% 18.4% 

Although smoking prevalence showed a decline in most of the Arizona regions, 

the average number of cigarettes smoked per day and the number of days respondents 

reported smoking cigarettes during previous 30-day period remained relatively stable 

across the three years. Those identified as smokers consumed an average of 16 cigarettes 

per day in 1996, 19 per day in 1999, and 16 in 2002. The average number of cigarettes 

smoked per day during the previous 30-day period for each of the five regions is 

presented in Figure 4. 

Average Number of Cigarettes Consumed Per Day 

@1996 

• 1999 

• 2002 

Region 1 Region 2 Region 3 Region 4 Region 5 

Arizona Regions 

Figure 4. Average Number of Cigarettes Consumed Per Day After Matching 
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In addition, respondents across the state reported smoking an average of 26 days out of 

the previous 30-day period in 1996 and 27 days out of the previous 30-day period in 1999 

and 2002. Figure 5 illustrates the average number of days out of the previous 30-day 

period that respondents reported consuming tobacco for each of the five Arizona 

Regions. 

Tobacco Consumption 

Region Region Region Region Region 

1 2 3 4 5 

Arizona Regions 

Figure 5. Average Days of Tobacco Consumption During Previous 30-Day Period 
(After Matching) 

Respondents indicated that, on average, they began smoking cigarettes between 

16 and 18 years of age. On average, respondents had been smoking cigarettes for over 20 

years. Across the three survey years, the average length of time smoking cigarettes 

varied between 23.7 and 31.4 years. The average age at which respondents began to 

smoke and the length of time smoking cigarettes are presented in Table 16. 
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Table 16. Average Age and Length of Time Smoking in Years After Matching 

Year of Survev 
Regions 1996 1999 2002 

n M SD N M SD n M SD 

Resion 1 (Maricopa) 
Average Age Began Smoking 363 17.5 5.1 407 17.3 4.0 163 17.9 6.7 

Length of Time Smoking 363 24.9 15.3 407 27.3 15.8 163 24.0 15.5 

Region 2 (Pima) 

Average Age Began Smoking 158 16.8 4.1 204 17.7 4.3 149 17.8 5.1 

Length of Time Smoking 158 28.5 16.4 204 31.1 17.1 149 23.9 15.9 

Resion 3 (Coconino. Apache. 
Navajo) 
Average Age Began Smoking 43 18.6 5.9 99 17.8 4.1 108 18.6 6.3 

Length of Time Smoking 43 28.7 14.8 99 29.7 15.3 108 23.7 16.9 

Region 4 (Gila. LaPaz. 
Mohve. Yavapai) 
Average Age Began Smoking 122 17.9 5.3 193 17.3 5.6 129 18.9 6.3 

Length of Time Smoking 122 30.7 15.7 193 31.4 17.5 129 28.1 15.8 

Region 5 (Cochise. Graham. 
Greenlee. Pinal. Santa Cruz. 
Yuma) 
Average Age Began Smoking 124 17.3 4.8 162 16.5 3.9 91 17.3 4.2 

Length of Time Smoking 124 30.7 14.6 162 30.8 16.1 91 24.6 16.5 

Relative Risk Ratios 

After the matching procedure, 1996 respondents who lived in households with at 

least one adult smoker were 1.6 times more like to be smokers than those who lived in 

households with no adult smokers. In addition, 1999 and 2002 respondents were 2.5 and 

1.2 times more likely to identify as smokers if they lived in households with at least one 

adult smoker. Furthermore, respondents who indicated having a partner who currently 

smoked were 1.4 times more likely to identify as smokers in 1996. In 1999, respondents 

were 1.7 times more likely to identify as smokers if they reported a partner who currently 

smoked. In 2002, respondents were 2.1 times more likely to be smokers if their partners 
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also smoked. The risk ratios were similar for individuals who reported partners who had 

previously smoked. Respondents were 1.4 times more likely in 1996, 1.7 times more 

likely in 1999, and 1.1 times more likely in 2002 to be classified as smokers if they 

reported partners who had previously smoked. 

Sensitivity Analysis 

A sensitivity analysis designed to estimate the effect of a possible missing (or 

unknown) variable on adjustment with the propensity score was performed, and a 

Mantel-Haenzel (1959) common odds ratio of 12.12 was obtained. Sensitivity analyses 

are commonly used to explore how much hidden bias would have to be present to change 

study outcomes. The effect of the hidden bias is expressed in terms of how much bias 

would be necessary to change the outcomes from a significant observed difference 

between groups to a finding of no difference. A common odds ratio of this magnitude 

indicates that the study was not very sensitive to hidden bias or omitted variables, and 

any covariates missing from the propensity score calculation would have to increase the 

risk of smoking prevalence substantially to be misrepresented in this analysis. 
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DISCUSSION 

Conclusions 

The goals of the current study were to determine if the propensity score procedure 

could be extended to control for the sampling biases that may be present in the Arizona 

Adult Tobacco Survey database. It was anticipated that stratification and matching with 

the propensity score would result in smoking prevalence estimates that remain steady or 

represent a discemable trend such as smoking prevalence decreasing slightly over time. 

The 1996, 1999, and 2002 smoking prevalence estimates obtained with 

stratification and optimal matching were similar suggesting that both procedures were 

adequate for reducing biases. The estimates of smoking prevalence obtained from the 

ATS before propensity score adjustment were 23.8% in 1996, 18.8% in 1999, and 20.1% 

in 2002. These results suggest that smoking decreased sharply between 1996 and 1999, 

but increased between 1999 and 2002. The estimates calculated before propensity score 

adjustment indicated an increase in four of the five Arizona regions. The propensity 

score that was estimated using the version of the survey (1996 & 1999 vs. 2002) as the 

criterion variable resulted in propensity score estimates that, while overlap was present, 

were distributed differently. The statewide smoking prevalence estimates calculated 

from the stratified sample were 21.7%) in 1996, 19.0%) in 1999, and 17.6%o in 2002. The 

propensity score that was estimated using the year of the survey as the criterion variable 

(1996 vs. 1999 vs. 2002) resulted in estimates similar to those obtained with 

stratification. The statewide prevalence rates calculated after matching were 21.7% in 

1996, 19.0 in 1999, and 18.4%) in 2002. Interestingly, although the propensity scores 
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were calculated with different criterion variables, the stratification and matching on the 

propensity scores resulted in the same estimates for two of the three survey years. In 

addition, many of the regional prevalence estimates were approximately equivalent 

between the stratified and matched samples. 

Based on insights gained from this investigation, it is the author's conclusion that 

the propensity score does reduce sampling biases in large survey databases, and the 

reduction seems reasonable in light of assumptions underlying the procedure and the 

nature of the results obtained. This conclusion is also supported by research conducted 

by Nakamura and colleagues (1999) in which propensity scores were employed to match 

participants from two large survey databases to determine the effect of long-term nitrate 

use in heart disease. Nakamura, et al. concluded that the propensity score procedure had 

adequately controlled for the sampling biases present within and between the two 

databases and enabled comparisons of two groups that were previously nonequivalent. 

Based upon results obtained from Nakamura and the current investigation, the propensity 

score procedure may prove useful to control for sampling biases in any large survey 

database (i.e., medical surveys, large epidemiological studies, etc.) in which there are 

numerous survey formats, differences in exclusion and inclusion criteria, or changes in 

research protocol. 

Furthermore, the relative risk ratios provided insights into factors associated with 

tobacco consumption. Across all ATS years, respondents were more likely to smoke 

cigarettes if other individuals who resided in the household currently smoked. In 

addition, respondents whose partners or significant others currently smoked were also 
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more likely to identify as smokers. A somewhat more tenuous connection was observed 

between respondents' tobacco consumption and their partners previously smoking 

cigarettes. The relationships observed suggest that environment and household smoking 

exposure are related to an individual's decision to smoke cigarettes. 

Limitations 

A limitation of the propensity score is that estimates are not adequate to reduce 

bias when important confounding covariates are omitted from its calculation. Ostensibly, 

the propensity score procedure produces unbiased estimates of treatment effects if all the 

characteristics related to treatment status that are also related to treatment outcomes are 

observed (Rosenbaum & Rubin, 1983). However, if the unobserved covariates have an 

impact on treatment outcomes, the propensity score is not adequate for removing biases 

and can lead to inaccurate treatment impact estimates (Agodini & Dynarski, 2001). One 

unobserved covariate omitted from the ATS database that may prove to be important is 

the number of children under the age of 18 living in household. It is possible that the 

number of children under the age of 18 could have an impact on the smoking prevalence. 

Individuals who reside in households with young children may be less likely to smoke. 

An omission of this potentially important covariate could have an impact on the 

propensity score estimations. This omission could be one reason for the slight 

discrepancy between the 2002 statewide smoking prevalence estimates obtained with 

stratification and matching. 
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In addition, it is important to note that researchers must exercise caution when 

interpreting these results so that true population change is not mistaken for sampling bias. 

Recommendations for Future Research 

More research on the propensity score is needed to examine the utility of the 

propensity score and determine the situations in which the propensity score would be 

useful and those in which it would not. An investigation performed by Shadish (2003) 

examined the results obtained with the propensity score procedure and compared them to 

results obtained with a randomized experiment. The investigation involved randomly 

assigning undergraduate psychology students to one of two conditions: the random 

condition in which students were randomly assigned to reading- or math-skills training or 

self-select condition in which students were able to self-select into the reading- or math-

skills training. After matching and stratifying with the propensity score, the results were 

compared to those obtained to the randomized portion of the experiment. Shadish 

concluded that stratification and matching with the propensity score provided results that 

approximate those found with randomization. Shadish also determined that an analysis 

of covariance (ANCOVA), which included all covariates used in the propensity score 

estimation, provided results similar to those obtained with the propensity score. The 

results obtained with the ANCOVA had not yet been formally compared to the 

propensity score procedure results to determine if the conclusions reached with the 

propensity score are similar to those obtained utilizing analysis of covariance. Clearly, 

more research is needed in this area to determine the conditions under which the 

propensity score procedure is optimal. 
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In addition, the results obtained from this investigation warrant that further 

research be performed to examine the utihty of the propensity score to assist researchers 

in the comparison of nonequivalent groups in large survey databases. Currently, there are 

no smoking prevalence estimates to which these can be compared to determine if the 

estimates obtained from the propensity score analyses are accurate estimates. 
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APPENDIX 
HUMAN SUBJECTS APPROVAL FORM 
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ARIZONA. 
THEllNIVERSnYOF 

Human Subjects Protection Program 
Kttp;//www.irb.atlzona.edu 

Tucson Arizona 
1350 N. Vine Avenue 
P.O. Box 245137 
Tucson, AZ 83724-5137 
(520) 626-6721 

31July2003 

Rebecca Hill, Doctoral Candidate 
Advisor: Lee Sechrest, Ph.D. 
Department of Psychology 
Psychology Bviilding, Room 312 
PO BOX 210068 

RE: THE UTtt-ITY OF THE PROPENSITY SCORE TO REDUCE SAMPLING BIAS 
AND PERMIT THE EXAMINATION OF SMOIONG PREVALENCE IN ARIZONA 

Dear Ms. Hill: 

We received documents concerning your above cited proj ect. As stated, this project has abeady been 
performed and involved secondary analysis of existing data (data from the Arizona Adult Tobacco 
Survey were provided without identifiers). If this project had been submitted fro review prior to 
initiation, you would have been informed that regulations published by the U.S. Department of 
Health and Human Services [45 CFR Part 46.101(b) (4)] exempt this type of research from review 
by our Institutional Review Board. 

Note: Institutional guidelines require all research involving human subjects to be submitted 
for review and proper classification. Failure to submit future projects prior to initiation may 
result in loss of data. 

If you have any questions concerning the above, please contact this office. 

Sincerely, 

Rebecca Dahl, R.N., Ph.D. 
Director 
Human Subjects Protection Program 

RD/js 
cc; Departmental/College Review Committee 
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