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Abstract
This paper examines the antecedents of behavior modification in the context of
smoking cessation behavior. Event history analysis is used as a useful research method for
investigating a dynamic process. This method is especially useful for understanding the
process in which individuals move from one qualitative state to another and identifying the
variables which affect this process. A partially parametric model, called proportional hazard
model, is used to quantify the relationship between transition rate and a set of explanatory
variables. Theoretical and methodological implications are then drawn and discussed.

Introduction
How can one mod@ one's behavior? If so, how can one maintain the modified
behaviof? These are questions relevant to every aspect of our life. There have
been many studies that try to explain one's behavior, but relatively few studies
on changing and maintaining the changed behavior. As behavior becomes
habitual or addictive, it will be more difficult to modify. Even though one may
succeed in modifying behavior temporarily, maintaining the modified behavior will
be more dimcult. Such behavior runs a wide gamut from addictive behaviors like
alcoholism, smoking, drug abuse to minor habits like trembling legs while
talking. Though they differ in their scope and nature, there are common
characteristics. One's intention might be in one direction, while attitudes or
habits point in the opposite direction. Then there will be a conflict between
* This research was supported by the Institute of Management Research, Seoul National
University.
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intention and habit. Thus one's attitudes or intentions are not enough to explain
one's behavior. What are the factors that are associated with maintaining the
modified behavior? This study tries to address this question in the context of
quitting smoking (Yi 1996). Smoking cessation behavior has been suggested as
an example of the use of behavior modification technique in marketing (Nord and
Peter 1980).
People's smoking cessation behaviors are a phenomena which occur in time as
discrete or qualitative changes such as smoking/nonsmoking, or abstinence/
relapse. Many studies in this area have depended upon static research methods
which ignore the temporal dimensions of the problem. The most widely used
methods are the logit, probit, log-linear models for contingency tables, and linear
regressions with dummy dependent variable (e.g., Agresti 1990, Everitt 1977,
Magidson 1994, Malhotra 1984, Yi 1996). These are based on the idea that units
under study are classified by exhaustive, mutually exclusive outcomes
representing either an equilibrium state - smoke/ not smoke or an unalterable
classification of determination- abstinence/relapse. However, the assumption of
equilibrium is rarely supported substantively. Most behavior can be best
characterized by a chain of changes which occur over time. Also for many
researchers and practitioners, the interest lies as much in the process of change
as in its outcome. Thus, the usual static methods are not satisfactory, as they
provide no clue to the time path of change.
In static analysis, the actual timing of relapse events within an individual is
ignored, and the multiple spells of abstinence or relapse over time are not taken
into account. In order to extrapolate beyond a given interval, one needs more
assumptions. However, the nature of smoking cessation can be best characterized
by a chain of smoking states which can occur over time. Smoking behavior is
dynamic, and people can move relatively frequently between states, and show
progression of outcomes rather than unalterable properties. Such problems can
be overcome if one abandons the equilibrium assumption and uses methods
which explicitly incorporate time, known generally as dynamic methods (Carroll
1983, Tuma and Hannan 1984). As Raffalovich and Knoke (1983) argue cogently,
methods for analysis of historic change should faithfully mirror the processes
that generate the phenomena under investigation. Otherwise, research findings
might be confounded such that it is difficult to make meaningful substantive
interpretations of the results.
In this study, we adopt a dynamic method of analysis in order to investigate
smoking cessation behavior over time: event history analysis (Allison 1984, Tuma
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and Hannan 1984). The purpose of the study is to understand the process by
which ex-smokers move from one qualitative state to another, and to identify the
variables which affect this process. The model belongs to a broad class of
dynamic models known as finite-state, continuous-time stochastic models
(Massy, Montgomery, and Morrison 1970). The finite-state characteristic of the
model indicates that an individual can occupy only a countable number of
possible states. These states are required to be mutually exclusive and
exhaustive; that is, at every point in time a unit must occupy only one
qualitative state.
The set of a l l possible states are known as the state space and is denoted by a
state-space variable (Allison 1984). Here smoke/ not smoke are used as the state
space. It is, however, important to recognize that the state space is a
construction of the investigator, and depends upon the substantive questions of
interest (Carroll 1983). It does not arise naturally from the data, and different
investigators can often construct different state spaces. For example, data on
smoking behavior might be analyzed as two-state process of movement between
the states of smoking and nonsmoking as in this study. Yet another investigator
might analyze the data as a multi-state problem of never smoke, smoke never
quit, smoke quit, relapse after quit etc. The designation of state spaces therefore
depends on substantive motivations.
The model to be used in the study is depicted in a continuous form, as
opposed to discrete time. This means that changes between states can occur
at any point in time. Discrete-time models, in contrast, constrain the
occurrence of changes to only specified times, which are usually separated by
intervals of equal duration. In the past, it has been thought that discrete-time
models are preferable to continuous-time models because most longitudinal
social-science data are collected in panel form with waves of equal duration.
Such reasoning is based upon the measurement property of the data, and
allows the data to dictate the form of the model. The form of the model
should depend upon the substantive realism, rather than the data form
(Coleman 1981). In the current context, the continuous time model seems to
be favored substantively over concrete time. Transitions between the states,
i.e. smoking and nonsmoking, are likely to occur at any time, rather than
occur only at fixed time points.
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II . Event History Analysis
In this section, fundamental elements of event history analysis will be examined
briefly. This is motivated to facilitate the subsequent expositions in the paper. It
is assumed that the process of movement is the first order and that there is
individual difference which effect each variable. The exact meanings and
implications of these assumptions will become clear later in the section.
1. State Space

The state space may be defined as Y(t), an integer-valued variable which
indicates the state occupied by an individual at time t. In the present study with
two states, Y(t) can take only two values, each an arbitrarily chosen integer
assigned exclusively to a particular state. Two states, i.e. smoke/ not smoke, are
used. Since we use ex-smokers as subjects, these can be called relapse/
abstinence. Implicit is the assumption that the process is first order. The states
do not consider the past history, and the current state is used. It does not
differentiate the abstinence with prior relapse experience from the abstinence
without prior relapse. Thus possible states are two, abstinence and relapse. If the
process is higher order, we may need to adopt more than two states, e.g.
abstinence after relapse, abstinence without relapse experience, smoking without
any abstinence experience, relapse after abstinence, etc. All states are recurrent,
i.e. they may be visited repeatedly.
2. State Probability and Transition Probability

The state probability is the probability of occupying each state, or the
proportion of units occupying each state. Since we are concerned with a dynamic
process, the state probabilities are functions of time. The sum of all state
probabilities will equal unity, since state space is mutually exclusive and
exhaustive. Obviously the state probabilities will depend upon time in many
temporal processes. When a process reaches such a point where state
probabilities no longer change with increases in time, the process is said to have
reached an equilibrium.
Unlike state probabilities, which are unconditional and calculated for a single
moment in time, transition probabilities are conditional upon the state occupied
and calculated relative to two time points. That is to say, transition probabilities
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describe the probabilities of specific changes in the state-space variable across
two points in time. Obviously the transition probabilities will vary depending
upon the length and characteristics of the interval between two times. In general,
a transition probability can be defined as

nk (t, t + ~ D t=) RE(t+ At)=klY(t)= j]
if two points in time are defined as t and t + At such that At is always
positive. So it gives the probability of occupying state k at t + At, given that state
j was occupied at time t.
3. Transition Rates

The central feature of the model is the instantaneous transition rate, often
referred to simply as the rate. Rate is defined as the transition probability over a
unit of time where the unit is infinitesimal. More formally, the rate between two
state j and k is defined as
qk(t)= lirn pjk(t, t+ At)/ At.
The transition rate will be always nonnegative, although it is unbounded above.
Even where the transition rate is constant, the probability of leaving a state can
be shown to decline exponentially with time spent in this state. This is one of
the main advantages of modeling social processes in terms of transition rates
instead of probabilities of change (Tuma, Hannan, and Groenveld 1979). In this
study, two transition rates are investigated, i.e., relapse rate and return-toabstinence rate.
4. Population Heterogeneity

The model given above assumes population homogeneity; that is the rate of
transition is assumed to be the same for all members of a population. However,
it is likely that the process of smoking cessation behavior will differ from person
to person. That is, transition rates are likely to depend upon exogenous
properties of individuals, exhibiting population heterogeneity. A straightfoxward
extension specifies the transition rate as an explicit function of exogenous
variables which differ across individuals.
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The usual functional forms are linear form and log-linear forms. However, linear
forms can predict negative rates, which is not desirable. The log-linear form gives
the following equations.

5. Thne Dependence
It is assumed that rates will vary over time. This time dependence may be
based on changing exogenous factors( measured or unobserved) or on variations
in parameters associated with exogenous factors. There are four types of time,
i.e. historical time, age, experience, or duration. In the context of smoking
cessation behavior, and duration, i.e. time since entering current state, shows
relevance (Freeman, Carroll, and Hannan 1983). For example, the longer one has
been in the current state, the less likely is one to leave the state. This variation
with duration is frequently called semi-Markov model (Coleman 1981). On the
other hand, time-independent or time-stationary model does not allow rates to
vary with time.
There are several approaches to time dependence, e.g. measured changes in
X(t), periodization, nuisance function, and parametric models for r(X,t).A s well as
the measured changes in exogenous variables, a nuisance function will be
incorporated in order to capture the time dependence.
6. Data Requirements

Data requirements for event history analysis are more stringent than usual
quantitative techniques. At a minimum, information must exist for all individuals
on their initial or starting state, their fmal or destination state, and the exact
times of entry and exit from each state. These four state and time variables
define a spell, the basic unit in an event history analysis. Individuals can provide
multiple spells if they make several stage-changes during the period of
investigation. For example, if an individual goes through abstinence, relapse and
abstinence, then there are two spells for hirn/her.
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Event history analysis presumes that observations have been collected in
continuous time, that is, that the exact sequence and timing of events and
corresponding levels of exogenous variables are known. However, such
comprehensive information is hardly obtained. With less than adequate data,
much information is necessarily lost, and the analysis suffers. Ideally the data
records should contain information concerning the characteristics of each
individuals which are thought to affect the rate, denoted by X variables. These
variables are assumed to be exogenous and are measured contemporaneously
with the duration of the spell. Most frequently, the exogenous variables are
measured at the starting time of each spell.

III . Hypotheses
There are many contending theories on motives and incentives in cigarette
smoking and cessation (Clark 1977, Schachter 1978, William 1972). These are
beyond the scope and interest of the current study though. Smoking cessation
behavior has been suggested as an example of behavior modification in marketing
(Nord and Peter 1980). Several hypotheses about the smoking cessation behavior
are suggested and rationales or relevant theories will be discussed in this
section. Since our interest lies in two distinct transition rates, the hypotheses will
be made in terms of a transition rate.
1. Relapse Rate
1 . 1 Self--Efficacy

Self-efficacy theory is an integrative framework that accounts for the behavioral
and psychological changes resulting from different efforts (Bandura 1977).
Self-efficacy is proposed as a common cognitive mechanism that underlies
psychological change. With respect to smoking, self-efficacy can be defined as the
confidence in one's ability to remain abstinent in a given situation (McIntyre,
Liechtenstein, and Mermelstein 1983). People will use many techniques to quit
smoking, and they will differ in producing personal efficacy. According to the
theory, perceived efficacy will direct one's behavior. Bandura(l977) claims that
given skills and incentives, efficacy expectations are major determinant of people's
choice of activities, how much effort they will expand, and of how long they will
sustain effort in dealing with stressful situaticns. So self-efficacy is hypothesized

Seoul Journal of Business

to decrease the relapse rate.
Hl: Self-efficacy is negatively associated with the relapse rate.
1.2 Need for a New Behavior
Another important predictor would be a specific need for a new behavior (here
quitting). Ex-smokers will differ in their need for quitting smoking. For example,
some people may have a greater need for quitting smoking than others. Most
human behavior is motivated to satisfjr the various needs. It is likely that a
person who feels a high need for quitting will be more resistant to the temptation
to smoke after he/she quits smoking than one with a low need. The need for
quitting smoking can be instantiated by the number of reasons to quit smoking
given by each individual. Also the need for quitting will determine the effort level
exerted by each individual during the abstinence spell, this would then
subsequently affect the relapse rate. Thus, a need for quitting smoking is
hypothesized to be negatively related to relapse rate.
H2: The need for quitting is negatively associated with the relapse rate.
1.3 Past Behavior: Intensity vs Length
In the habitual behavior like smoking, the effect of past behavior is expected to
be important ('Riandis 1977). Triandis argues that habit is one of the most
important factors in explaining one's behavior. Habit can be captured by the
intensity of past smoking behavior, which can be instantiated by the average
nicotine intake per day for each individual. Nevertheless, there is an alternative
representation of the habit. That is the length of the past smoking behavior, i.e.
how long one has been smoking. The longer one has kept a habit, the less likely
is one to abandon the habit. Past smoking history is thus expected to be related
to the relapse rate, but two aspects of past smoking behavior can affect the
relapse rate, i.e. intensity and length. These are to be investigated by testing the
following hypotheses.
H3: The intensity of the past smoking behavior is positively related to the
relapse rate.
H4: The length of the past smoking behavior is positively related to the relapse
rate
1.4 Stress Management: Absolute and Relative Level
I t is often argued that smoking is used as a means of stress management by
people. People use smoking when they feel stress, and they come to believe that
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smoking helps them manage their stress according to this theory. By the
associative learning process, people will feel like smoking when they feel stress or
tension according to this view. If an ex-smoker experiences the stress during the
abstinence spell, he might feel the temptation to smoke, leading to relapse. Or
the change in stress might be more relevant, rather than the absolute level of
stress. It has been found that people are sensitive to change rather than the
absolute level. In the context of the current study, an increase in stress might
even be attributed to quitting smoking by some individuals. Then they might
choose to relapse in order to reduce the stress which they perceive to have been
increased by quitting.
H5: The frequency of hassle is positively related to the relapse rate.
H6: The change in hassle frequency is positively related to the relapse rate.
1.5 Withdrawal Symptom: Craving
Quitting smoking is abstaining from doing a behavior, i.e. smoking. It can be
conceptualized as a behavior in that it changes the status. Maintaining smoking
is to keep the current state, and status quo. On the other hand, quitting is
changing the status from smoking to nonsmoking, and affects the status. Thus it
is consistent with a concept of an action. So it can be construed as a positive
action, rather than a negative one of not doing something. There are several
symptoms reported after quitting smoking. It is likely that people with more
symptoms regard quitting as passive actions, and that they are more prone to
relapse. One important symptom is the craving for smoking d u ~ gthe
abstinence period. It is hypothesized that the degree of craving, a withdrawal
symptom, is positively associated with relapse.
H7: The craving for smoking during abstinence is positively related to the
relapse rate.
2. Retum-to-abstinence Rate

In a dynamic analysis like this study, an individual can go through multiple
states during the given period. Thus, one may have relapsed, but can return to
abstinence again. Since these transitions are not symmetric, several hypotheses
are proposed regarding the retum-to-abstinence rate. Of course, the relevant
variables will not be necessarily the same for both rates.
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2.1 Need for a New Behavior
Although one may have relapsed to smoking, the need for quitting will still
exist in one's mind. To the extent that the need is felt by each individual, he or
she will feel pressure toward returning to abstinence. Also this might make one
feel uncomfortable at smoking, resulting in quitting smoking again. Thus, a need
for quitting is hypothesized to be positively associated with the return to
abstinence.
H8: The need for quitting is positively related to the return-to-abstinence rate.
2.2 Relapse Symptom: Body Mass Index and Lung Health
One might be sensitive to the health status during the relapse period or spell.
The relevant ones in the context of smoking are related to the body mass index
and the lung status. Since relapsers had tried to quit smoking befire but
returned to smoking, they will be paying attention to changes in their health
status, and will consider them as relapse symptoms. In this sense, they will be
affected by the change in health status during relapse spell, rather than by the
absolute level of the health status. Thus changes in health status are
hypothesized to be positively related to return-to-abstinence.
H9: Change in body mass index is positively associated with the return-toabstinence rate.
H10: Change in lung health is negatively associated with the return-to- abstinence
rate.

IV . Data
Subjects were recruited from a number of formal smoking-cessation programs
in the San Francisco Bay and Sacramento Delta regions of California. The
recruitment process involves two steps. First, the participants were given
"agreements to be contracted" forms, and interested candidates were free to mail
their forms in. After 3 months had passed, each candidate was called to
determine her current smoking status. Those stating they maintained abstinence
were invited to join Northern California Smoking Relapse Study(NCRCS). In order
to corroborate the self-reported smoking status, saliva thiocayante(SCN) was used.
For the current study, all female ex-smokers were used. A further detailed
description can be found elsewhere (Swan et al. 1985, Yi 1996).
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1. Measures
The dependent variable in this study is the rate of transition into two states:
abstinence and relapse. Abstinence is defined as no reported smoking and SCN
corroboration. And, relapse is defined as reported smoking in any amount at any
time before an examination or an SCN value greater than or equal to 120 ug/rnl.
UNEMPLOY measures the employment status at the intake. QUITREAS is the
number of reasons for quitting. Subjects were asked to indicate any or all of 12
commonly cited reasons for wanting to quit prior to their most recent attempt at
cessation. The number of reasons checked was then computed for each
participant.
Self-efficacy is measured by asking the subjects to self-rate the likelihood of
returning to smoking in 19 situations commonly encountered in daily life.
SITULIKE is the sum of likelihoods of relapse in these situations. Since relapse is
highly likely, SITULIKE is the reverse measure of self-efficacy. Average nicotine
intake per day is also measured by DOSE. The years of smoking history is
indicated by YRSMOKR. CRAVING is the withdrawal symptom assessed in the
study.
Hassles, lung health, and body mass index are measured at six and twelve
months after intake. Since each of the two spells ended with either the six or 12
month assessment, the values corresponding to the spell were used instead of
intake value. Change for frequency in hassles was computed as the difference in
value from beginning to the end of the spell. CHFREQ is the variable
corresponding to this. Change in body mass index(BM1) and lung health was
computed as relative change, i.e. the difference from beginning to the end of the
spell divided by the value at the beginning of the spell. These are indicated by
CHBMI and CHLUNG. Table 1 provides the brief description of the variables used
in this study. Table 2 and 3 provides some descriptive statistics for the variables.

There are 192 spells for abstinence, and 59 spells for relapse.
Construction of event histories for the NCRCS was complicated by two factors:
(a) the independent verification of subjects' self-reported smoking status via SCN
test ; and (b) the systematic updating of data on possible causative factors in the
process. Each interview begins a new spell(except the final twelve-month
interview, for which no follow-up information is available). The interview
procedure immediately verifies the starting state via the SCN test, and provide
new measurement on coincident variables. Coding starting time as interview data
rather than time of entry into state eliminates problems of length-bias and

Seoul Journal of Business

76

Table 1. Description of Variables in the Analysis

Variables
UNEMPLOY
QUITREAS
SITULIKE
DOSE
YRSMOKR
CRAVING
FREQUEN
CHFREQ
BMI
CHBMI
ABLUNG
CHLUNG

Brief Description
0= employed, 1= unemployed

number of reasons to quit
sum likelihoods for situations
daily nicotine intake
years of smoking history
craving for smoking
frequency of hassles
change in hassle frequency
body mass index
change in body mass index
lung health status
change in lung health

"Dummy variables are 1 if the definition of the variable is satisfied.
Table 2. Descriptive Statistics for Abstinence Spells

Variable

h4ini.m~

Maximum

Mean

s.d.

UNEMPLOY
QUITREAS
SITULIKE
DOSE
YRSMOKR
CRAVING
FREQUEN
CHFREQ

Table 3. Descriptive Statistics for Relapse Spells

Variable

QUITREAS
BMI
CHBMI
ABLUNG
CHLUNG

Minimum

Maximum

Mean

s.d.

1.OO
19.77

12.00

6.56

2.50

42.20

24.67

4.06

-0.29

0.36

-0.01

0.10

0.00

1.OO

0.63

0.49

-1.00

1.00

-0.03

0.45
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attribution of measured characteristics to earlier time points. It can be noted that
each subject can be represented by at most two spells since there are two
follow-up interviews.

V

. Method

A partially parametric model, called proportional hazard model, is used to
analyze the data. The goal of our analysis is to quant@ the relationship between

transition rate and a set of explanatory variables. These variables, often called
covariates or prognostic factors, usually represent either measurements of
inherent differences among subjects or constitute a set of indicator variables
representing different treatment groups. The model is formulated in terms of the
effects of covariates on rates. No parametric assumptions are made about the
shape of survival curve. The form of the model is as follows:

where b ( t ) is assumed to be the same for all units at any specific point in
time t, but otherwise may be of any form. This is called a 'nuisance function'.
The model is called proportional hazards model, since rate is not known exactly
(because b ( t ) is unobserved) but for any two cases at the same time, rate are
proportional to each other.

This leads to a simpler estimation based on such ratios, which cause b ( t ) to
cancel out. The model implicitly contain two assumptions. The first assumption
is the multiplicative relationship between the nuisance function and function of
covariates(proportionality).Thus the ratio of rates for two units with different sets
of covariates does not depend upon time. The second assumption is the log-linear
form for the relationship between the rate and covariates. It can be noted that
there is no intercept term in the first term involving covariates in the model.
There is no way of distinguishing the intercept, since it cancels out as b(t).
Nevertheless, we can regard L(t) as the changing intercept, which will be helpful
for interpretation.
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Estimation of the parameters is done in the following way. First sort cases by
time of events t(i), and assume all events occur at distinct times(no ties). Then at
the time of i-th event, among all cases, the probability for this case to fail is this
one:

,where R(t) is the set of all cases at risk of event at time t, called risk set. This
is called "partial likelihood by Cox (1972). Assuming that cases are independent,
we can solve partial likelihood(PL) as maximum likelihood(ML). Maximization of
the partial likelihood function yields estimates of b which are consistent and
efficient.
BMDP2L is used to estimate the proportional hazards model. The model is a
run for each transition rate, i.e. for relapse rate and return-to-abstinence rate. As
mentioned above, only female ex-smokers were used in this study, based upon
prior research that shows the substantial difference across sex. The starting
status is abstinence for a model of relapse rate, which is indicated by the
variable SS. On the other hand, the starting status for a model of return-toabstinence is relapse, and the response is abstinence. Time is measured by the
duration, i.e. the time between starting time and finishing time of the spell.

VI . Results
The results by BMDP2L provide the logarithm of the maximized partial
likelihood function and the global chi-square statistic(and its p-value). The global
chi-square statistic tests the hypothesis that all coefficients are identically zero.
This statistic is defined as follows

where U(0) is the vector of first derivatives of the partial likelihood function
evaluated at

P=O, and I(0) denotes the

observed information matrix (the negative

of the matrix of second order partial derivatives) evaluated at P=O. The global
chi-square has asymptotic chi-square distribution with degrees of freedom equal
to the number of covariates in the model.
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Table 4. Results for the Relapse Rate (N=192)
Variable
--

Coeff.

Odds Ratio

chi-square

-

LJNECMPLOY
QUITREAS
SITULIKE
DOSE
YRSMOKR
CRAVING
FREQUEN
CHFREQ
global chi-square -29.23, d.f.=8, p-value=.000
* si@icant at the .10 level
** ~ i ~ c a atn the
t .05 level
*** siwicant at the .O1 level
The results for a relapse rate are surnm-d
in Table 4. The global chi-square
is 29.23 with 8 d.f. The p-value is .000, indicating that the vector of coefficients
is different from zero. The number of cases is 192 for this estimation. For each
covariate, the computed parameter estimates, their asymptotic standard errors
and the coeff./s.e. ratio are given by BMDP2L. The regression coefficient indicates
the relationship between the rate and covariate. A positive coefficient increases
the rate of relapse, and therefore indicates negative relationship with survival. A
negative coefficient has the reverse interpretation.
PL estimates are efficient and consistent, but they are not necessarily
asymptotically normal. Thus, the coefficient / standard error ratio is only
approximately normal. The simulation results reported in Tuma and Hannan
(1984) shows that a normal test may even be conservative, and that a normal
test loses exactness as percentage of censored cases increases. It also found that
a n o d approximation is reasonably good for an average sample size. In this
study a PL joint test is adopted instead of the single normal test.
While partial likelihood from PL estimation is not strictly a likelihood in the
usual sense, joint or log likelihood(LR) tests are possible. If we have two partial
likelihoods for nested models 1 and 2, say PL1 and PL2, then the LR chi-square
is as follows;
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X2 LR

=

-2 ln (PL1 / PL2)

This will be approximately chi-squared with d.f. equal to difference in the

xL

number of parameters. This is the same as
LR for MLE, and recommended
over the t- ratio test based on s.e. In order to test the hypotheses, we need to
assess each coefficient. Thus the X2 LR is calculated for each parameter
estimate. This is done by comparing the model with that covariate and the model
without the covariate. Then xL LR is calculated by minus twice log likelihood
ratio. This will be chi-square with d.f. 1.
Column 4 in Table 4 provides this chi-square statistic to be used for evaluating
the si@icance of each estimate. The si@icance of each coefficient is indicated
by three levels, i.e.. .lo, .05, and .01. We will interpret them as weak support,
support, and strong support respectively for significance when they are in the
hypothesized sign.
Table 5 provides the results for return-to-abstinence rate. The number of valid
spells is 59. The global chi-square statistic is 6.07 with d.f. 5. The p-value is
.299, indicating the overall insigmflcance of the model. This is in contrast with
the p-value of .000 for relapse rate model. Thus we can not reject that all
coefficients are identically zero according to this statistic. The individual x2 LR
for each covariate is , however, reported in column 4 as in Table 4. This test
shows that one coefficient, i.e. that for CHBMI, is si@icant at .O1 level.
Table 5. Results for the Return-to-abstinence Rate (N=59)

Variable

Coeff.

QUITREAS
BMI

CHBMI

ABLUNG
CHLUNG
global chi-square -6.07, d.f.=5, p-value= ,299
***si@icant at the .O1 level

Odds Ratio

chi-square
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W. Discussion
B

in the model has usual regression interpretation on log of rate. In other

words,

e B is a multiplicative or relative effect, same as odds ratio in logit

model. If we add one unit to Xp, rate is multiplied by exp( Bp). Algebraically ratio
of rates for two cases is

This is especially useful when Xp is a dummy. It gives the ratio of rates for Xp
=1 vs Xp =O. For example in Table 4, the odds ratio is 2.407 for UNEMPLOY, a
dummy variable for employment status. So the relapse rate for the unemployed
is 2.407 times the relapse rate for the employed. Column 4 in Table 4 and 5
provides these results.
Let us turn to the interpretation of the results in terms of the hypotheses. The
si@icance of each parameter estimate is tested by the likelihood chi-square
rather than by t-ratio. H1 on self-efficacy is weakly supported with the X2 of
2.71, a s can be confinned in Table 4. As mentioned above, we will use .01,
.05, .10 level significance as strong support, support, weak support
respectively. Of course, the sign needs to be in the expected direction in
order to be used a s supportive evidence. As SITULIKE variable is the reverse
of self-efficacy, the positive sign of SITULIKE implies the negative relationship
between rate of transition and self-efficacy. So a person with a higher
self-efficacy is less likely to relapse, although the evidence is a little weak.
H2 on need for quitting gets a weak support with coefficient -.105. So a
person who has a higher need for quitting tends to have a lower relapse rate
than a person with a lower need for quitting. In maintaining abstinence, one
will have to exert effort to overcome the temptation to smoke. The cognitive
reasons for quitting will be of help to the abstiners in justifying the effort
exerted.
H3 and H4 are to investigate two alternative explanations of past smoking
history effects on relapse. The past habit can be represented either by the
intensity or the length. If we look at the covariates DOSE and YRSMOKR, we can
see that YRSMOKR is not sigflicant with X 2 of .08. On the other hand, DOSE
has X2 of 3.97, which is significant at .05 level. So intensity of the past smoking
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behavior seems to be related to the relapse rate, giving support for H3. The
person who used to have a higher nicotine intake per day seems to relapse to
smoking more than the person with a low daily nicotine consumption in the
past.
The effect of stress on relapsing is hypothesized by H5 and H6. They
hypothesized the effect of stress either by an absolute level or by relative
change, respectively. But neither effect was supported by the data. Both
FREQUEN and CHFREQ are not significant even at .10 level. So the argument
that smoking is used as a means of stress management is not supported by
this analysis.
An effect of a withdrawal symptom, i.e. craving, is found. In H7, we had
hypothesized that craving for smoking during abstinence is positively related to
the relapse rate. This is strongly supported by X2 of 6.79 for CRAVING. To
s u m m a the findings for a relapse rate, employment status, intensity of past
smoking behavior, craving for smoking, need for quitting, and self-efficacy are
found to be sigdicant covariates.
Looking at the rate of return-to-abstinence, only the change in body
mass index is found to be a si@icant

covariate with X 2 of 7.63. H8 on the

effect of the need for quitting, and H10 on the change in the lung's health level
are not supported. H9 on the effect of change in the body mass index is strongly
supported. As the subjects are composed of all females, the effect of the body
mass index change seems to be understandable. The subjects are likely to be
sensitive to weight, which is related to the body mass index. To sum up the
fndings for a return-to-abstinence rate, change in body mass index is found to
be another si$Ilficant covariate.
This study used the transition rate analysis to model the dynamic process of
a smoking cessation behavior. The model of a return to abstinence after
relapse indicates the possible presence of an asymmetric process. The
empirical data reveals a lack of symmetry with respect to significant
covariates for each transition rate. The transition rate analysis has the
advantage of modeling a relatively neglected aspect of the dynamic process.
Also the use of biological corroboration will provide more reliable data than
self-reports are able to.
A limitation on the study involves the measurement of the timing of events. The
NCRCS ascertained the date of the event to the nearest month. Strictly speaking,
the study adopting a n event history analysis should specify the date of transition
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as accurately as possible. However, there is a trade-off between the practicality of
collecting data and the faithfulness to the underlying process. It can also be
noted that the number of events for a model of return-to-abstinence is quite
small (N=59).As NCRCS excluded individuals who relapsed within 3 months after
cessation, the study is deficient in the number of individuals of whom returned
to abstinence. Thus, results from the model of the return-to-abstinence rate
should be interpreted with caution and should avoid making general accusations
to prevent misinterpretations be made.
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