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Abstract

The drug purchase task is a frequently used instrument for measuring the relative reinforcing
efficacy (RRE) of a substance, a central concept in psychopharmacological research. While a
purchase task instrument, such as the cigarette purchase task (CPT), provides a comprehensive and
inexpensive way to assess various aspects of a drug’s RRE, the application of conventional
statistical methods to data generated from such an instrument may not be adequate by simply
ignoring or replacing the extra zeros or missing values in the data with arbitrary small
consumption values, e.g. 0.001. We applied the left-censored mixed effects model to CPT data
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from a smoking cessation study of college students and demonstrated its superiority over the
existing methods with simulation studies. Theoretical implications of the findings, limitations of
the proposed method and future directions of research are also discussed.

Keywords

cigarette purchase task; college smoking; demand curve; left-censored mixed effects model,;
relative reinforcing efficacy

Relative reinforcing efficacy (RRE) is a central and frequently used concept in
psychopharmacological research (Katz, 1990). Originally defined as “the behavior-
maintenance potency of a dose of a drug which can be manifested under a range of different
experimental conditions” (Griffiths, Brady, & Bradford, 1979), RRE has conventionally
been used to compare the abuse liabilities of different drugs or different doses of the same
drug. Typically, RRE is assessed by using laboratory-based self-administration methods and
direct observation of these drug administration behaviors under different conditions (Bickel,
Marsch, & Carroll, 2000). However, the clinical utility of laboratory-based RRE
measurement is limited by the high administrative cost for multiple laboratory sessions and
limited sample sizes (Jacobs & Bickel, 1999). In addition, the RRE of illegal substances or
among treatment-seeking individuals may not be ethically feasible (Jacobs & Bickel, 1999).

In light of these challenges, researchers have adopted more efficient and economical ways to
access RRE by using non-laboratory approaches. Among these different approaches, a drug
purchase task self-report measure is the most widely adopted. The drug purchase task is a
questionnaire modeled after laboratory drug self-administration procedures. The
questionnaire prompts respondents to make hypothetical choices between drug and
monetary amounts analogous to the choices participants would make in a laboratory setting
(Jacobs & Bickel, 1999; Petry & Bickel, 1998). The amount one would spend to purchase a
drug can thus be used to produce a demand curve for the substance. This approach has been
employed to study the reinforcing strength of various substances — such as cigarettes (Jacobs
& Bickel, 1999; MacKillop et al., 2008; Murphy et al., 2011), heroin (Jacobs & Bickel,
1999), alcohol (Murphy & MacKillop 2006; MacKillop et al., 2009), and snack foods
(Epstein et al., 2007; Epstein et al., 2010a) — among diverse populations including out-
patients in drug use treatment settings (Jacobs & Bickel, 1999), college students (Mackillop
et al., 2008), pregnant women (Epstein et al., 2007), young adult drinkers (Murphy,
MacKillop, Skidmore, & Pederson, 2009), and adults with alcohol use disorders
(MacKillop, Miranda, Monti, Ray, Murphy, Rohsenow, McGeary, & Swift, 2010).

While a demand curve based on a purchase task instrument provides a more comprehensive
and less costly way to assess a drug’s reinforcing strength, the limitations inherent in the
statistical analysis of data generated from such an instrument have not been sufficiently
evaluated. Conventionally, researchers have adopted either an individual-specific (linear or
non-linear) regression model (e.g., MacKillop et al., 2008) or a mixed effects model (e.g.,
Epstein et al., 2007; Epstein et al., 2010b) to analyze purchase task data. Both models
disregard the particular structure of the purchase task data which is characterized by a large
number of zeros or missing observations on the right tail of the price chart. As detailed in
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the following sections, these zeros or missing data could be values too small to be observed,
and the strategies for dealing with them are crucial to the validity of the statistical analysis.

The focus of this paper is to estimate the population-averaged or mean parameters of the
purchase task demand curve. We argue that, given the particular structure of the purchase
task data, neither of the two models commonly used will produce accurate mean parameter
estimates. In this paper, we propose a left-censored mixed effects model that takes into
account any “missing” or zero values in the data while taking advantage of the efficiency of
the mixed effects model. We apply the proposed method to the analysis of cigarette purchase
task (CPT) data collected at baseline from college students enrolled a smoking cessation
study. Using Monte-Carlo simulation studies, we demonstrate the advantages of the left-
censored mixed effects model over the two conventional models. Potential limitations of the
proposed method and future directions for research are also discussed.

Study Population

Procedures

The data used to test the proposed left-censored mixed effects model were collected from
participants in an NIH funded (RO1HL094183) placebo controlled, randomized trial entitled
“Enhanced Quit and Win Contests to Improve Smoking Cessation among College Students”
(henceforth abbreviated as “Enhanced Quit & Win”). As opposed to standard Quit & Win
contests in which smokers typically quit for one month in return for the opportunity to win
prizes, the Enhanced Quit & Win study is evaluating the separate and combined efficacy of
increased dose (extension of contest participation from 1 to 3 months) and enhanced content
(addition of cessation counseling/coaching) on promoting abstinence among college
smokers.

We used baseline data from the first and second waves of the study, which consisted of 659
college students enrolled from 13 college and university campuses between fall 2010 and
fall 2011. Study inclusion criteria were as follows: 1) age 18 years or older; 2) enrolled as a
full or part-time student at one of the participating campuses; 3) intending to be in school for
the entire academic year (i.e., next 2 semesters); 4) smoked cigarettes on 10 or more days
during the prior one month period; 5) no use of smokeless tobacco in the prior 30 days; 6)
able to read English; 7) access to a working telephone; 8) access to a computer with internet
access; 9) screened negative for pathological gambling; and 10) willing to provide a baseline
urine sample to verify smoking status.

Prior to participant enrollment, all aspects of the study were approved by the human subjects
committees of the participating colleges and universities. Study enrollment occurred in
person during the third week of August of each recruitment year on the participating
campuses. Students provided written informed consent and were assessed for eligibility (see
criteria above). Student ID numbers were used to prevent duplicate enrollment. Eligible
students were invited to complete an online baseline survey and provide a baseline urine
sample for cotinine analysis (to confirm smoking status). Those who completed the baseline
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survey and provided a urine sample with a positive result (i.e., a score 3 or greater based on
a NicAlert™ urine cotinine test strip test, corresponding to a urine cotinine value of
approximately 20ng/ml) were enrolled into the study, randomized into one of four study
arms, and followed for 6 months. We used only the baseline data for the analyses reported in
here.

Cigarette Purchase Task (CPT)

The CPT self-report questionnaire used in the baseline online survey of the Enhanced Quit
& Win study was based on a validated survey adopted in several previous studies to assess
the RRE of cigarette smoking (e.g., Jacobs & Bickel, 1999; MacK:illop et al., 2008; Murphy
et al., 2011). The CPT instructions were as follows:

Imagine a TYPICAL DAY during which you smoke. The following questions ask how
many cigarettes you would consume if they cost various amounts of money. Assume the
following:

« Auvailable cigarettes are your favorite brand
* You have the same income/savings that you have now

* You have NO ACCESS to any cigarettes or nicotine products other than those
offered at these prices

» You consume the cigarettes you request on that day (in other words, no stockpiling)

Participants were then asked to respond to the following set of questions: How many
cigarettes would you smoke if they were__ each? (each question stem remained the
same, but the values increased with each subsequent question: 0¢ (free), 1¢, 5¢, 13¢, 25¢,
50¢, $1, $2, $3, $4, $5, $6, $11, $35, $70, $140, $280, $560, $1,120. Subsequent questions
continued to appear in the online survey until the respondents gave a “0” answer. After this
point, no further questions were asked. It should be noted that the optimal prices for CPTs
and other purchase tasks is an active area of debate and a reliability study of Murphy et al.’s
(2009) has suggested that the highest prices had the lowest reliability even with a short retest
period. In this paper, we restricted our data analysis to prices < $11, which were relatively
close to the actual market costs of cigarettes.

The Demand Curve
We applied the exponential demand curve developed by Hursh & Silberberg (2008):

logQ=logQo+k (e~ *"~1), (1)

where Q is consumption at price P, Qg is consumption at zero price (derived intensity), k
reflects the range of consumption in logarithmic units, and a determines the rate of decline
(elasticity or E) in consumption with the increases in price (both consumption and price are
in log scale), jointly with the range parameter k. Note that the elasticity of the exponential
demand curve has an exponential form: E = - k a P e ~%P; hence, larger « values correspond
to greater price sensitivity for a fixed k. Relative to the derived intensity Qg, the empirical
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intensity is defined as the maximum amount of consumption (at prize zero) reported in the
survey. Omax is defined as the maximum expenditure on cigarettes.

As demonstrated in Figure 1, depending on the survey strategy, purchasing task surveys can
produce either a large number of zeros or missing outcomes on the right tail of the price
chart. The first price for which the consumption is zero is defined as the breakpoint for a
demand curve. Whether the outcome for prices beyond the breakpoint is zero or missing
depends on the survey strategy used by the researcher: some administer the survey by
continuing to ask questions until the highest price level is reached, while others stop asking
questions once the breakpoint is reached, as was done in the Enhanced Quit & Win study.
Given that it was rarely the case when a respondent would resume to non-zero consumption
at a higher price once a subject decided not to consume at a lower price, it is reasonable to
assume that all observations should be zero beyond the breakpoint, a monotonic missing
pattern. Theoretically, based on the exponential demand curve, the zero consumptions
cannot be achieved at any price within the given price range. Hence, in order to fit the
exponential demand curve to the purchase task data, it is reasonable to assume that the self-
reported zero consumptions at and beyond the breakpoint are small non-zero consumption
amounts below a certain threshold that smokers do not bother to report. This is also known
as limit of detection (LOD) or left censoring.

Statistical Methods

The CPT data are repeated measures data; each participant repeatedly answers a set of
similar questions on their cigarette consumption at different price levels. Given the structure
of the CPT data, we used a left-censored mixed effects model to appropriately account for
missing values in CPT data with repeated measures. This model takes the same form as the
conventional mixed effects model:

logQij=pij+ei;=logQui+k (e~ T —1)+e;; (2)

based on the exponential consumption equation, where Qjj is substance consumption of
subject i at price level j; log Qgj and q;j are, respectively, the random intercepts and slopes,
assumed to follow a bivariate normal distribution with means (i, |1,), variances (0}, 0,2
and covariance p-a)-d,; and the independent error terms, &j, follow a normal distribution
with zero mean and variance ¢z2. By introducing the random intercept (log Qg;) and random
slope () at the subject level, the left-censored mixed effects model takes into account the
within-subject correlation among the repeated measures. A special case of the mixed effects
model is the random intercept model (o, degenerates to 0), which is commonly used for
analyzing purchase task data (e.g., Epstein et al., 2007; Epstein, et al., 2010b). Detailed
model estimation procedure, using the random intercept model as an example, is described
in Appendix A.

We validated the parameter estimates from the left-censored mixed effects model by
investigating their associations with smoking variables: amount of smoking (cigarettes
smoked per day/CPD on smoking days) and nicotine dependence. Following Baker et al.
(2007), we chose the first item of the Fagerstrom Test for Nicotine Dependence (FTND)
questionnaire (Heatherton, Kozlowski, Frecker, & Fagerstrom, 1991) as the index for
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nicotine dependence and grouped the study participants to high (smoke first cigarette within
30 minutes) and low (30+ minutes after waking) nicotine dependence groups. Specifically,
we applied the empirical Bayes method to the proposed left-censored mixed effects model to
estimate the random effects (log Qg; and ;) for each subject, based on which the derived
demand indices such as intensity and Op,x for each subject were constructed. The empirical
indices and the derived indices based on the proposed model and the individual-specific
regression model were correlated and their associations with the above mentioned smoking
variables were examined by using t-tests or correlations.

In addition, we tested the gender effect by interacting gender with the parameters of logQq
and a in the proposed regression model to investigate whether these regression parameters
vary with gender (i.e. existence of interaction or moderation effects).

We conducted a series of simulation studies to compare the proposed left-censored mixed
effects model with the two conventional methods: the individual-specific regression model
and the conventional mixed effects model. Specifically, for the individual-specific model, a
nonlinear regression line for each subject was fit, where the true value of k used for
simulating the data was assumed to be known and common to all subjects. The mean of the
individually estimated parameters (Qgj and «;) was then calculated to estimate the
population-averaged parameters. The conventional mixed effects model shares a similar
functional form as the left-censored mixed effects model, but in the conventional model the
likelihood is based only on the observed data.

For the two conventional models we treated the missing data with three different strategies:
1) ignoring all zeros or missing observations at and beyond the breakpoint (abbreviated as
the “ignore-all-zeros method” hereinafter); 2) imputing the consumption outcome at the
breakpoint with the true value @, but ignoring all further zeros or missing observations
beyond the breakpoint (“impute-first-zero method”); and 3) imputing all zeros or missing
observations at and beyond the breakpoint using the true value o (“impute-all-zeros
method”). Note that the above imputation approaches are different from the proposed left-
censored model in terms of how the threshold value is utilized in the statistical estimation
procedure. The former treats the imputed value as observed and uses the observed data
likelihood in estimation, whereas the latter honors the fact that these values are not observed
and uses the threshold in the censored data likelihood (see Appendix A). While the true
threshold was used in imputations for the two conventional models, for the proposed left-
censored mixed effects model, we used both the true threshold and a series of misspecified
thresholds to test whether the model estimation was sensitive to any threshold
misspecification.

We simulated 1000 data sets with 100 subjects in each data set based on the exponential
demand equation and the random intercept model with the parameters being set at values
close to those from the Enhanced Quit & Win data. Each subject could have up to 13
repeated measures with price values corresponding to those in the CPT questionnaire. We
assumed that if the number of cigarettes (measured as a continuous number) a smoker was
willing to buy was smaller than a known threshold @ (@ = 0.5), a zero or missing
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consumption would be reported. In this setting, about 10% of consumption values were
censored/ not observed. For all simulation studies, the mean parameter estimates from the
1000 simulated data sets were calculated to determine the mean relative bias (i.e. mean
difference between the true parameter and the estimated values divided by the true
parameter) for each parameter and each method; the coverage rate of the 95% confidence
intervals (Cl) over the true parameter was also reported.

SAS version 9.2 (SAS Institute Inc., Cary, NC) was used for all analyses. Specifically, we
used the NLMIXED procedure for the left-censored mixed effects model (see Appendix B
for some SAS syntax examples), and used the NLIN and NLMIXED procedures for the
individual-specific non-linear regression model, and the conventional mixed effects model
without censoring, respectively.

Enhanced Quit & Win Study Participants

Of the 659 participants in the sample, 8 were excluded from our analyses; among them, 7
reported a cigarette consumption trend with fluctuations (i.e., greater consumption at a
higher price level) and one reported a zero consumption at price 0. The 651 participants
remaining in the analysis were enrolled across all participating campuses, with the majority
(N=460) from 4-year colleges and the remainder (N=191) from 2-year colleges. As detailed
in Table 1, participants were predominantly white (86.2%). Most (87.6%) were degree-
seeking undergraduate students, and a majority (84.6%) were not working full-time. The
average number of days participants had smoked in the past 30 days was 28.5, and the
average number of cigarettes they smoked per day (on days they smoked) was 11.7.
Approximately half (49.8%) of the respondents were classified as high nicotine dependence
(smoking first cigarette within half an hour after waking).

Analysis of the Enhanced Quit & Win Data

Figure 2A depicts a random sample of 20 demand curves from the 651 studied participants.
We fit the proposed left-censored mixed effects model (shown as Model 1 in Table 2) with
the assumed threshold 0.5, which was less than 1 and greater than 0, as the smallest nonzero
consumption in the data set was 1 cigarette. The estimate of the derived intensity of cigarette
consumption (Qp) was 12.9 (= €256, 95% CI: 12.3-13.6), which was close to the median of
the empirical intensity (15.0). The estimated k was 7.3 (95% CI: 6.3-8.6) and the price
sensitivity parameter « was 0.21 (95% CI: 0.17-0.25). All parameters were statistically
significant (p<0.0001). As none of the existing CPT studies adopted an analytical tool
similar to ours, it was difficult to compare our results to previously reported findings.
Nevertheless, it appeared that the college smokers in our study tended to have lower
intensity and greater elasticity than an adolescent smokers sample previously reported by
Murphy et al. (2011).

The analysis for gender effects (shown as Model 2 in Table 2) suggested that female and
male smokers had a similar intensity (log intensity for females vs. males: 2.59 vs. 2.52,
p=0.15). However, interestingly, we found that female smokers were significantly less
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sensitive to price increase than males (mean ¢; for females vs. males: 0.19 vs. 0.23, p=0.02).
Figure 2B illustrates the mean demand curves for females (solid line) and males (dashed
line) based on the interaction model.

The top panel of Table 3 shows the correlations among the empirical intensity and Opax,
their corresponding derived indices based on the popular individual-specific regression
model (adopting the impute-first-zero method) and the proposed left-censored mixed effects
model, and amount of smoking. The bottom panel of Table 3 shows the t-test results of
comparing the two nicotine dependence groups (high vs. low) in terms of the above
mentioned variables. All empirical and derived demand indices were significantly correlated
with each other and with the two smoking variables. However, the derived indices based on
the proposed model showed consistently stronger associations with their empirical
counterparts and with the smoking variables (shown as bold numbers in Table 3) than the
individual-specific regression model.

Simulation Results

The top panel of Table 4 shows the simulation results from the individual-specific regression
models with different strategies in dealing with the zeros/missing values. We found that the
intensity parameter estimate was satisfactory for all three missing data strategies while the
mean « estimate and the variance estimate of the log intensities were all deviated from the
true values. The unsatisfactory results from the impute-first-zero method and the impute-all-
zeros method may be due to the fact that arbitrary imputations did not recover the true
information of the unobserved data. The reason for the inaccurate estimates in the ignore-all-
zeros method warrants some discussion as this approach did not involve any imputations of
missing data. One possible reason could be the non-estimability of parameters for subjects
with fewer than three observations. In other words, people might provide fewer observations
than parameters of the demand curve (e.g., report they would smoke cigarettes only if they
were free or 1¢ each), rendering the parameters non-estimable. Since these people shared
similar shape of the demand curve, the absence of their contribution to the mean parameter
estimators could cause inaccurate mean estimates. This affected the elasticity parameters (a
and k) more than it impacted the intensity (log intensity) parameter, as demonstrated by the
results in Table 4.

For the conventional mixed effects models (Table 4, middle panel), based on our simulation
results, all three data analysis strategies gave approximately unbiased estimates (mean
relative bias within £1%) and close to 0.95 coverage rate for the intensity parameter (Qg).
However, the estimates of the elasticity parameters (a and k) had greater amounts of bias
and improper coverage rates.

The lower panel of Table 4 shows the simulation results for the proposed left-censored
mixed effects model. It is shown that when we fit the model with the correctly identified
threshold (w = 0.5), the results (shown as bold numbers in Table 4) were all approximately
unbiased: the mean relative biases of all parameter estimates were within +1% and the
coverage rates of the 95% Cls were all close to 0.95. This finding confirms that a left-
censored mixed effects model with a correctly specified threshold is more suitable for data
produced by purchasing tasks than the two conventional models. Our sensitivity analysis
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with different levels of threshold misspecification showed that as the misspecified thresholds
moved away from the true threshold, the magnitude of bias in the parameter estimates
increased correspondingly, with greater impact on the elasticity parameters than the intensity
parameter. Our simulation results also showed that the proposed model with a misspecified
but reasonably close threshold (@ = 0.3) performed better than the individual-specific
regression model regardless of the missing data strategies used,; it also performed better than
the conventional mixed effects model when zeros were ignored in all parameter estimations.

Discussion

Most previous studies that analyzed purchase task data have used either an individual-
specific regression model (e.g., MacKillop et al., 2008) or the conventional mixed effects
model (e.g., Epstein et al., 2007; Epstein et al., 2010b). We found that the issue of zeros or
missing values at or after the breakpoint has not been adequately addressed in previous
studies. They were either ambivalent about the strategy of treating these observations or
simply replaced them with arbitrary non-zero values such as 0.001 for the purpose of
obtaining a finite log-scaled value (e.g., MacKillop et al., 2008; Epstein et al., 2010a). In this
paper, we proposed to use a left-censored mixed effects model to analyze cigarette purchase
task data. Our rationale was that such a model should better account for two distinct features
of the CPT data: the correlation of the repeated measures of cigarette consumption at
different price levels, and the zeros or missing values caused by the non-random missing
mechanism. Our simulation results showed that naively ignoring the zero or missing values
or treating them as a fixed small non-zero value was not always adequate. This result is
consistent with the finding from Jacgmin-Gadda et al. (2000) that simply imputing the
censored responses as the value of the threshold/limit of detection would result in badly
biased parameter estimates with the mixed effects model, even for modest levels of
censoring in the data. As compared to the conventional methods, our proposed method treats
the zeros as values less than a certain detection limit and adopts the censored regression
strategy (also known as survival analysis) to analyze the CPT data. Our simulation results
showed that the proposed left-censored mixed effect model gave more accurate population-
averaged or mean parameter estimates and more proper Cls than the two conventional
methods, even when the assumed threshold was slightly deviated from the true value.

Although drawing inferences on the demand indices for each individual subject from our
proposed model was not the main focus of this study, in order to validate our method in a
real-world setting, we did derive them and correlate them with smoking variables for the
Enhanced Quit & Win data. The results showed that subject-specific demand index
estimates derived from our proposed model correlated well with smoking variables, with a
similar but a slightly stronger association than the popular individual-specific regression
model.

We note that the individual-specific regression method has its advantage in applications
since it fits a regression line for each subject without assuming any correlation structure
among the repeated measures from the same subject and allows the regression parameters to
vary from subject to subject. However, the goal of most behavioral studies on RRE is not to
describe individual demand curves but to find the impact of other factors on the shape of the
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curve (e.g., the impact of body mass index on food intake habits; Epstein et al., 2010a) or to
infer information about a population-averaged curve by using the individual estimates (e.g.,
Jacobs & Bickel, 1999). By using the parameter estimates obtained for each individual as
“observed” values in further statistical analysis, the individual-specific regression method
could be inefficient, because the variance of the estimated parameters contains both the
variation of the true parameters and the error in the estimation process. Other individual-
based statistical methods would suffer from the same disadvantage.

As we know, when missing data are present, the conventional mixed effects method is only
valid when the missing values are at random (MAR) (i.e., the missing mechanism should not
be dependent on the values of the unobserved outcomes given the observed data; Diggle et
al., 2002). This is not the case for CPT data; a zero or missing value may contain
information on its outcome — it should be a value smaller than the threshold value below
which the respondent would not bother to buy even one portion of substance. In other words,
the magnitude of an unobserved value is related to the missing status of this value in the
CPT data. Hence, the missing mechanism is not random (i.e., non-ignorable missing; Diggle
et al., 2002). As a consequence, naively ignoring or imputing the zeros in the CPT data
would lead to unsatisfactory estimation results.

Our simulation studies confirm that a left-censored mixed effects model with a correctly
specified threshold is more suitable for data produced by purchasing tasks than the two
conventional models. However, there are a number of issues on the proposed model worthy
of discussion. First, in real data analysis, it is crucial for researchers to be informed of the
reasonable range of the threshold. Without definitive information on the true threshold, it
would be advisable to do a sensitivity analysis with different threshold specifications to
examine changes in the fitted curve. Note that, though the proposed left-censored model
shares the same problem as the conventional models in its arbitrariness in picking the
threshold, we found that the parameter estimates from the former were satisfactory when the
threshold was correctly identified or close to the true value whereas the latter couldn’t result
in accurate parameter estimates even when the threshold was correctly specified. Second, we
realized that the threshold of cigarette consumption might not be universal across all people.
Thus, we conducted additional analysis by assuming that the threshold was random and
normally distributed among studied subjects. We found that when the variance of the normal
distribution was small, a fixed threshold specification close to the population mean of the
normal distribution would produce virtually unbiased parameter effects and correct 95%
coverage rates. However, as the variance of the threshold increased, the results became less
accurate. Therefore, as emphasized earlier, when applying the left-censored mixed effects
model, it is crucial to be aware of the possible value and the range of the threshold. This
finding also suggests that the left-censored mixed effects model is more applicable to data
with relatively homogeneous thresholds such as data that are missing due to technological
limits (e.g., data of viral load in patients’ blood, which is subject to left censoring by the
LOD; e.g., Chu et al., 2010).

A number of directions for future research are worthy of discussion. First, our proposed left-
censored mixed effects model is based on the assumption that the self-reported zero
consumptions are small non-zero consumptions below a certain threshold (LOD). This
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assumption is necessary for the exponential demand curve because the zero consumptions
cannot be reached at any price within the given price range. However, as suggested by a
referee, it is expected that a smoker would eventually consume zero units (complete
cessation of smoking) at certain prices. This is different from the situation when a smoker
would still smoke a small amount if it were available but otherwise would not bother to
purchase or report such a small amount. In the presence both types of zeros in the data, it
will be interesting for future research to exploit a joint modeling approach with a logistic
regression component for the status of cessation, on the top of the proposed left-censored
mixed effects model (Chu et al., 2010).

Finally, we note that the current paper focuses on statistical models assuming that the
demand of a studied substance follows Hursh & Silberberg’s (2008) exponential demand
curve. However, the proposed statistical method is not restricted to a specific functional
form of the demand equation and hence is applicable to any demand curves that are
downward sloping in price-consumption space, such as the linear-elasticity demand curve
studied by Hursh et al. (1988). Investigation of the proposed statistical method for other
demand curve models is certainly warranted.
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Appendix

Appendix A: Estimation Procedure for Left-Censored Mixed Effects Model

Considering the fact that the zeros or missing observations in the CPT data could be values
below a certain known threshold, @ (0< @ <1), we define the missing/censoring indicator dj;
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as: djj = 1if Qjj = w; &j = 0 if otherwise. For the latter case, Qjj is actually not observable
(i.e., missing or zero in the data). Let n; denote the number of observations before
(including) the breakpoint for subject i, i.e., Qj1 = , ..., Qj ni—1 = ®, and Q; nj < @. Using the
random intercept model as an example, the likelihood function for the left-censored mixed
effects model is:

HZJH?Q{‘D [(ogw—puiz) foe}' =79 {0 0 [ (108Qij—puiz) o]} p(21)dzi,

where @ (.) and ¢ (.) are, respectively, the cumulative density function (c.d.f.) and
probability density function (p.d.f.) of the standard normal distribution; zj = (log Qgj - W)/
is the standardized random intercept; and N is the total number of subjects. Note that, as
indicated in the likelihood function, we only kept the first observation below the threshold
by marking it as censored and storing it as @ in the data, meaning that the true demand is
some value less than or equal to @. The likelihood function for the left-censored mixed
effects model has the same form as the likelihood for a correlated survival data with type-I
left censoring and log-normal survival times (Klein & Moeschberger, 2003). The maximum
likelihood estimators (MLE) for the regression parameters, k and @, the mean of the random
intercepts, ;, and the variance parameters, o2 and .2 can be obtained by maximizing the
logarithm of the likelihood function. As a comparison, the likelihood for the conventional
mixed effects model is:

HLIH;};N?@O [(logQij—pij) /o] ¢(zi)dzi.

Appendix B: SAS Program Examples for Analyzing the Enhanced Quit &

Win Data

* Left-censored m xed effects nodel with threshol d=0.5;
PROC NLM XED DATA=cl eandat a QPO NTS=50;
PARMS mu_I =2. 5 nu_al pha=0.5 | ogk=1 | ogsi gna_e=0 | ogsi gna_I| =0
| ogsi gma_a=0 r ho=0;
BOUNDS - 1<r ho<1;
mu_i j =(mu_| +random i nt er cept ) +exp(| ogk) * (exp( O-
(mu_al pha+random sl ope) *price)-1);
| ogL=(1-del ta)*Il og(probnorm (log(0.5)-mu_ij)/exp(logsigma_e))) +
delta*(-0.5*((logQ.ij-mu_ij)/exp(logsigma_e))**2-
| og(exp(l ogsi gma_e) *sqrt(8*atan(1))));
MODEL | 0gQ_i j ~general (1 oglL);
var 1=exp(2*1 ogsi gma_lI ) ;
var 2=exp( 2*1 ogsi gma_a) ;
covl2=sqrt (varl*var2)*rho;
RANDOM r andom i nt ercept random sl ope~nornal ([0, 0], [varl, covl2,var2])
SUBJECT=st udyi d;
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RUN,;
* Interaction nodel for gender (fenale);
PROC NLM XED DATA=cl eandat a QPO NTS=50 MAXI TER=2000;
PARMS nu_| =2.5 mu_al pha=0.5 | ogk=1 | ogsi gma_e=0 | ogsi grma_| =0
| ogsigma_a=0 rho=0 mu_| _diff=0.1 nu_al pha_diff=-0.1,
BOUNDS - 1<r ho<1,;
mu_i j =(mu_l +mu_| _di ff*f emal e+random_ i nt er cept ) +exp(| ogk) * (exp( O-
(mu_al pha+nu_al pha_di f f *f emal e+r andom sl ope) *price)-1);
I ogL=(1-del ta)*Il og(probnorm (log(0.5)-nmu_ij)/exp(logsigma_e))) +
delta*(-0.5*((logQ.ij-mu_ij)/exp(logsigma_e))**2-
| og(exp(l ogsi gma_e) *sqrt(8*atan(1))));
MODEL | 0gQ_i j ~general (I oglL);
var 1=exp(2*| ogsi gma_l ) ;
var 2=exp( 2*| ogsi gne_a) ;
covl2=sqrt(varl*var2)*rho;
RANDOM r andom_ i nt er cept random sl ope~normal ([0, 0], [varl, covl2, var2])
SUBJECT=st udyi d;
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Figure 1.

A typical cigarette demand curve for a smoker, derived from cigarette purchase task survey
data (log-log coordinate used)
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Figure 2.
Cigarette demand using a cigarette purchase task in smokers from the Enhanced Quit &Win

study. Panel A depicts the observed demand curves of 20 randomly selected subjects from
the study. Panel B depicts the fitted demand curves for females (solid line) and males
(dashed line) separately based on the left-censored mixed effects model with gender
interactions. The x-axis is price in dollars and the y-axis is self-reported consumption in
cigarettes. Log-log coordinates are used.
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Baseline Demographic and Tobacco-Related Variables for Participants in the Enhanced Quit & Win Study

Variable Total

N 651
Age (mean £ SD) 26.1+8.0
Sex (n, % female) 376 (57.8%)

Ethnicity (n, % white)
2- or 4-year school (n, %)
2-year school
4-year school
Year in school
Non-degree seeking
Year 1
Year 2
Year 3
Year 4+
Graduate/professional degree program
Working status (n, % full time)
Days smoked last 30 days (mean + SD)
CPD on smoking day (mean + SD)
210 cigarettes per day
< 10 cigarettes per day

How soon after waking smoke first cigarette (n, %)

0-5 minutes
6-15 minutes
16-30 minutes
31-60 minutes

61+ minutes

CPT empirical demand indices (mean + SD, median [range])

Intensity
Breakpoint
Omax

561 (86.2%)

191 (29.3%)
460 (70.7%)

13 (2.0%)
130 (20.0%)
146 (22.4%)
161 (24.7%)
134 (20.6%)
67 (10.3%)
100 (15.4%)

285+38

11.7+84
374 (57.5%)
277 (42.5%)

73 (11.2%)
109 (16.7%)
142 (21.8%)
158 (24.3%)
169 (26.0%)

15.0 + 9.4, 15.0 [1-80]
4.0+3.0, 3.0 [0.05-11]
12.3 +29.1, 5.0 [0.01-440]

Note. SD: standard deviation; CPD: cigarettes per day on smoking days.
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Model Parameter Mean Relative Bias  Coverage Rate
Mean of logQg; 0.001 0.945
Ignore-all-zeros method a 0.201 0.459
Variance of logQy; 0.187 NA
Mean of logQy; 0.001 0.951
Individual-Specific Regression Model  Impute-first-zero method a 0.190 0.353
Variance of logQq; 0.156 NA
Mean of logQy; -0.003 0.948
Impute-all-zeros method a 0.170 0.427
Variance of logQq; 0.115 NA
Mean of logQg; -0.001 0.942
a 0.069 0.835
Ignore-all-zeros method
k -0.057 0.143
Variance of 1ogQy; -0.117 0.840
Mean of logQy; -0.001 0.949
a 0.024 0.942
Conventional Mixed Effects Model Impute-first-zero method
k -0.021 0.764
Variance of logQy; -0.065 0.893
Mean of logQy; -0.002 0.951
a -0.006 0.942
Impute-all-zeros method
k -0.006 0.909
Variance of logQq; -0.096 0.870
Mean of logQg; -0.001 0.957
o -0.002 0.952
Correct threshold specification (0.5)
0.001 0.955
Variance of logQo; -0.009 0.953
Mean of logQ g; -0.001 0.965
-0.033 0.897
Left-Censored Mixed Effects Model Wrong threshold specification (0.3)
0.030 0.697
Variance of 1ogQy; 0.053 0.971
Mean of logQy; -0.000 0.977
-0.094 0.611
Wrong threshold specification (0.1)
0.100 0.017
Variance of 1ogQy; 0.205 0.910
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Note. Mean relative bias is the mean difference between the true parameter and the estimated values divided by the true parameter; coverage rate is
the percent of the 95% confidence intervals covering the true parameter, based on 1000 Monte-Carlo simulations. The true parameters used for
simulations are: p| = 0.56, ug = 0.54, k = 2.72, 0] = 0.6, 04 =0, and e = 0.55.
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