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Background: Tobacco consumption is one of the world’s largest public health threats. Yet
little is known about how chronic disease diagnoses affect individuals’ smoking behavior in
China, where the world’s largest smoking population resides.

Methods: This study analyzes an unbalanced panel dataset on 2986 Chinese males aged 50
or above from the China Health and Nutrition Survey, a household survey covering nine
Chinese provinces. We adopt a zero-inflated negative binomial (ZINB) regression framework
to account for the count-data nature of the outcome variable of interest, the number of
cigarettes one smokes per day. Logit regressions are also adopted to predict one’s likelihood
of smoking cessation.

Results: First, the estimated ZINB model suggests that the number of chronic disease
diagnoses only affects whether one smokes, but conditional on one being a smoker, it does
not affect the number of cigarettes one smokes per day. Logit estimates suggest that an
additional diagnosed chronic disease is associated with a 4.8 percentage-point increase in the
likelihood of smoking cessation. Second, while the diagnoses of all four chronic conditions
examined are found to increase the likelihood of smoking cessation, the diagnosis of
myocardial infarction has the largest impact, followed by diabetes diagnosis.

Conclusion: While chronic disease diagnoses reduce smoking in China, their effects are
small. Healthcare policies and relevant measures (such as helping smoking patients switch to
a diet with more foods enriched with antioxidants) are thus needed to reduce the adverse
effects that continued smoking might impose on their health.
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Introduction
Cigarette smoking is one of the world’s largest public health threats.! It has been
widely documented that smoking can lead to a large number of chronic diseases,
including hypertension, diabetes, strokes, cardiovascular disease, and cancer,
imposing enormous health and economic burdens on the human population.”
Yet, less known is: Will one quit smoking, or at least reduce the number of
cigarettes smoked if he/she is diagnosed with one or more chronic conditions?
The answer to this question is not only of interest in its own right but also of
significant policy relevance. If chronic disease diagnoses failed to serve as a wake-
up call to urge patients to quit smoking, presumably due to smoking’s addictive
nature, special medical measures might be needed to reduce the adverse effects of

continued smoking on their worsened health. For example, medical professionals
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may need to help smoking patients adopt a diet with more
antioxidants to reduce the harmful effects of continued
smoking. Somewhat puzzlingly, while there have been
numerous studies conducted in many other countries,'* '
little has been done in China, where the number of smo-
kers has recently reached 300 million,"* and chronic dis-
eases are becoming increasingly prevalent.'®*

To help provide an answer to this question in the
context of China, we analyze a dataset spanning 11 years
(2004-2015) drawn from the China Health and Nutrition
Survey (CHNS), a household survey covering nine pro-
vinces in China. To account for the count-data nature of
the outcome variable of primary interest, the number of
cigarettes one smokes per day, as well as the fact that
many respondents never smoked, we adopt a Zero-
inflated Negative Binomial (ZINB) framework to model
a respondent’s daily smoking behavior. Given the low
proportion of female smokers (6.18%) and the low inci-
dence of chronic diseases among individuals under 50 in
China,* our analysis focuses on male respondents aged 50
or above at the time of the survey in 2004. Based on an
analytical sample of 2,986 Chinese elder males, our esti-
mation suggests that chronic disease diagnoses do affect
whether one smokes—they significantly raise the likeli-
hood of smoking cessation among Chinese elder males.
However, conditional on a respondent being a smoker,
chronic disease diagnoses fail to predict the number of
cigarettes this respondent smokes per day. Moreover,
while the diagnoses of all four chronic conditions exam-
ined (hypertension, diabetes, stroke, and myocardial
infarction) are found to increase the likelihood of smoking
cessation, the diagnosis of myocardial infarction has the
largest impact, followed by diabetes diagnosis.

Data

The China Health and Nutrition Survey
The data analyzed in this study came from the China Health
and Nutrition Survey (CHNS: https://www.cpc.unc.edu/pro

jects/china), a panel survey project jointly designed and
implemented by the Carolina Population Center at the
University of North Carolina at Chapel Hill and the
National Institute of Nutrition and Health at the Chinese
Center for Disease Control and Prevention. The first wave
of the CHNS, conducted in 1989, drew a sample of over
16,000 individuals from about 3,800 households in nine
Chinese provinces (namely,

Liaoning, Heilongjiang,

Jiangsu, Shandong, Henan, Hubei, Hunan, Guangxi, and

Guizhou) that vary substantially in geography, economic
development, public resources, and health indicators,
based on a stratified, random sampling framework. Follow-
up waves were conducted in 1991, 1993, 1997, 2000, 2004,
2006, 2009, 2011, and 2015. Three municipal cities
(namely, Beijing, Shanghai, and Chongqing) were added
to the project from 2011 (—locations of the participating
provinces and municipal cities can be seen at https:/www.
cpc.unc.edu/projects/china/about/proj desc/chinamap).

The CHNS collected rich information on survey
respondents’ socio-demographic characteristics, food con-
health
employment status, income, etc. Most important for the

sumption behavior, nutrition intakes, status,
present study, the CHNS started to collect information on
respondents’ smoking behavior in 1991 and chronic dis-
case diagnoses (beyond the diagnosis of hypertension,
which has been recorded since 1991) in 1997.

Since the present study was conducted based on the de-
identified, publicly available CHNS data, it does not consti-
tute human subjects research. Its institutional review board
review was waived because there was no interaction with any

individual, and no identifiable private information was used.

Sample Restrictions

For the purpose of our study, we applied several sample
restrictions and data-cleaning methods to form our analytical
sample: (1) We dropped data collected before 2004 to ensure
that all observations (potentially) have information on both
smoking and chronic disease diagnoses lagged for two time
periods (—the reason why we need two-period lagged
values is provided in the next section). (2) To exploit as
much longitudinal information as possible, we kept only
observations from the nine original CHNS provinces,
excluding those municipal cities that joined the project in
2011. (3) We excluded females from the analysis because
only a small proportion (6.18%) of female respondents in the
data had ever smoked. (4) We further excluded (male)
respondents under the age of 50 in 2004 because the inci-
dences of chronic diseases are very low for these
individuals.*® (5) Missing information (eg, on education or
disease diagnosis) was filled in with available information
provided in other waves. For example, if a male respondent
was diagnosed with hypertension in 2004, we can infer that
the missing hypertension diagnosis status for this respondent
in 2006 should be imputed as “had been diagnosed with
hypertension”. These procedures resulted in an unbalanced
panel of 10,202 individual-year observations for 2,986 indi-
viduals in 226 communities (ie, rural villages and urban
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residential districts) in nine Chinese provinces, appearing at
least in one wave between 2004 and 2015—the flowchart in
Figure 1 details our data compilation process.

Method
Primary Approach: A Zero-Inflated

Negative Binomial Regression Framework
Consider the following statistical model that links a male
respondent’s smoking behavior and its determinants:

Nsmk;; = By + piNchrny + B, Zi; + €5 (1

where the outcome variable of interest, Nsmk;, is the
number of cigarettes respondent i smokes per day at time
t. The explanatory variable of primary interest, Nchrn;, is
the total number of chronic conditions which respondent
i had ever been diagnosed with by time ¢. Z;, represents
a set of other observed determinants of one’s smoking

behavior that vary at the individual, household, and com-

(1) 15 provinces;

15 provinces; 10 waves; 185,490 individual-
wave observations

10 waves

13,674 individual-wave
observations deleted

A 4

A 4

(2) 6 provinces and
municipal cities

9 provinces; 10 waves; 171,816 individual-
wave observations

joined after 2011

79,890 individual-wave
observations deleted

A 4

(3) Data before
2004 lack key
information

9 provinces; 5 waves; 91,926 individual-
wave observations

_ 69,751 individual-wave
observations deleted

A 4

(4) Low incidence
of chronic diseases
under age 50

9 provinces; 5 waves; age> 50; 22,175
individual-wave observations

A 4

11,608 female individual-wave
observations deleted

A 4

(5) Women in
China seldom
smoke (6.18%)

9 provinces; 5 years; age = 50; 10,567 male
individual-wave observations

365 missing values for smoking
deleted

A4

(6) Analytical
sample

9 provinces: Liaoning, Jiangsu, Shandong, Henan, Hubei,
Hunan, Guangxi, Guizhou, Heilongjiang;

5 waves: 2004, 2006, 2009, 2011, 2015;

age > 50; 10,202 male, individual-wave observations

Figure | Flow charts for data collection and compilation.
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munity levels (—detailed in the next paragraph). The error
term ¢;, captures the influence of unobserved factors.

The covariates in Z are chosen based on health eco-
nomic theory and empirical findings in previous studies.
First, basic economic theory predicts that individuals’
consumption behavior is affected by their income, the
price of the commodity being consumed (ie, cigarettes in
our case), and the prices of related goods (eg, alcoholic
beverages and other foods).?® Due to the lack of complete
price information in the CHNS data, we include in Z the
full set of community and survey-wave fixed effects
(dummy variables) to capture price variations. The inclu-
sion of these fixed effects also effectively absorbs the
influence of unobserved factors, such as the local disease
environment and medical conditions, that vary at the com-
munity level. Second, smoking has been modeled as a life-
course behavior in the context of China.’” We follow
Kenkel et al (2009)*” and include one’s age (in years),
age squared, years of education, and working status (a
dummy for “currently working®), as covariates in Z. We
also follow Yen et al (2010)*® and include one’s marital
status and whether one drinks alcoholic beverages as cov-
ariates. Third, to the extent that individuals’ smoking
behavior may change in response to health shocks™ and
health insurance coverage,”’ we include one’s self-
reported overall health status (a dummy variable for feel-
ing “good” or “very good”) and whether one has health
insurance coverage as covariates. Finally, we include
a dummy variable for whether other household members
smoke to capture the household environment and within-
household peer effects in Z.

Note that the outcome variable of interest, Nsmk;,, can
take only non-negative integers. The count-data nature of
this variable naturally suggests a Poisson regression
approach to estimating Equation (1).*° Yet in practice,
the equal-dispersion property dictated by Poisson distribu-
tions, ie, Var(Nsmk|Z) = E(Nsmk|Z), is often violated,
and the Negative Binomial model is usually adopted to
address the potential over-dispersion problem.*° To further
account for the fact that many respondents never smoked,
which results in a clustering of zeros in Nsmk;;, we adopt
a Zero-inflated Negative Binomial (ZINB) regression fra-
mework to estimate Equation (1)—the “zero-inflation”
part is estimated by a Logit model predicting “certain
zeros”.

Finally, since our data involve repeated observations of
a subset of respondents over time, we adjust standard

errors for intra-class clustering at the community level,
as suggested by Liang and Zeger (1986)*' and Cameron
and Trivedi (2005).* All estimations in this study were
performed in Stata SE 14.0.

Methods for Robustness Checks

There are also several problems that may result in mis-
leading estimates of model parameters, especially f,
which captures the effects of chronic disease diagnoses
on smoking. First, smoking can do serious harm to one’s
health,> *¢ 113 thereby creating potential reverse causal-
ity from Nsmk;, to Nchrn;, which in turn will bias the
estimate of f,. Yet, this may not be a major concern in our
setting because Nchrnj, ie, the number of chronic condi-
tions ever diagnosed, is likely to be recorded before Nsmk;
was observed. Still, as a robustness check, we replace
Nchrn;; with its lagged measure observed in the previous
period, Nchrn;, 1,

Nsmbki; = By + piNchrng, 1 + prZi + € (2)

in some analyses reported below. The concern over reverse
causality does apply to one’s overall health status, whether
one drinks, and whether one’s family members smoke.
Since whether a person smokes at time ¢ cannot affect
the values of these explanatory variables realized at time
t-1, we replace the current values of these variables with
their lagged values in Equation (2) in robustness checks.

The second issue concerns the potential influence of
unobserved confounding factors. To address this issue, we
include the lagged measure of the outcome variable,
Nsmk;,_;, as an additional covariate in the model as
a check (—if a balanced panel dataset were available,
a more rigorous approach is to control for individual-
level fixed effects). To the extent that many unobserved
confounders, such as genetic fitness, have persistent effects
on one’s health status and smoking behavior, the lagged
outcome measure, Nsmk;, |, can sensibly capture the
influence of these confounders. This variable also helps
to capture the addictive nature of smoking.

It is worth pointing out that here we invoke the
assumption that conditional on Z;, the lagged outcome
measure Nsmk;,_; is uncorrelated with e, the disturbance
at time ¢. This assumption will fail if there exist unob-
served time-invariant confounders at the individual level
that create a correlation between Nsmk;,—, and e;. This
correlation will bias not only the estimated coefficient of
Nsmk;,—; but also other coefficients through the correla-

tions among explanatory variables.>* If a balanced panel
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dataset with more waves were available, one possible
solution is to apply the system-GMM (Generalized
Method of Moments) method developed by Anderson
and Hsiao (1981)*® and Arellano and Bond (1991),*
which transforms all variables in Equation (2) into their
first-differenced form and then uses 3-period lagged and
earlier values of these variables as instrumental variables
for (the first-differenced of) Nsmk,;kI.32
Unfortunately, our unbalanced panel (with relatively few

form

waves) does not permit us to apply this method. As an
alternative, we assess how the potential correlation
between Nsmk;,—; and e; may affect our estimate of f;
by replacing Nsmk;, with Nsmk;,_,. The rationale is that
compared with Nsmk;,_, Nsmk;,_, is equally likely to be
correlated with ¢;, through unobserved time-invariant con-
founders but less likely to be correlated with other expla-
natory variables (since it is lagged for more periods).
Thus, the results obtained using Nsmk;, , as a predictor
for one’s current smoking behavior are less likely to be
biased. This prediction allows us to assess whether our
estimate of 3, is seriously biased by comparing the results
obtained with Nsmk;,_; and those obtained with Nsmk;; .

A final check for robustness is to see whether the
estimated effects of chronic disease diagnoses vary sig-
nificantly across subsamples defined by the values of indi-
viduals’ socio-economic characteristics and those of
statistically significant predictors in the model. This het-
erogeneity analysis allows us to assess whether our results
are driven by particular subgroups or reflect a general
pattern.

Results

Descriptive Findings
Table 1 depicts the profile of male respondents aged 50 or
above in our sample. About two-thirds of the respondents
were rural residents. Roughly 88% have a spouse. The
average respondent has nearly seven years of education.
Despite the average age of 65, 42% of these respondents
were still working at the time of the survey, with the
average respondent earning an annual income slightly
higher than 30,000 yuan (approximately 4,594 USD
under the 2020 price). Presumably due to the rapid expan-
sion of China’s health insurance sector since the early
2000s,%>* 37 nearly 81% of the respondents were covered
by health insurance.

Regarding respondents’ smoking behavior, 48% were
smoking at the time of the survey. On average, smokers

(—defined as those who were smoking at the time of the
survey) consumed nearly 16 cigarettes per day, yielding an
average of 7.6 cigarettes smoked per day in the sample.
The average number of chronic diseases diagnosed (—
hypertension, diabetes, myocardial infarction, and stroke
combined) of respondents was 0.46, with a minimum of
zero and a maximum of four. Among these four chronic
conditions, hypertension has the highest prevalence, 32%,
followed by diabetes (8%), stroke (7%), and myocardial
infarction (4%).

Quick comparisons between smokers (N = 1,780) and
non-smokers (N = 2,063) reveal that the incidences of
chronic diseases are in general higher among non-
smokers. Yet, it bears mentioning that these comparisons
were made without netting out the influence of other con-
founding factors. For example, chronic diseases might have
urged some former smokers to quit smoking—the lagged
values of cigarette consumption also suggest possible
smoking cessation among current non-smokers. Table 1
also shows non-trivial differences in socio-economic char-
acteristics, such as education, working status, and income,
between smokers and non-smokers. A rigorous regression
framework is therefore adopted to control for the influence
of potential confounding factors.

Main Estimation Results

To assess more rigorously how chronic disease diagnoses
affect the number of cigarettes Chinese males smoke per day
while accounting for the fact that many of them never
smoked, we estimated Equation (1) using a Zero-inflated
Negative Binomial (ZINB) regression model—Vuong's
(1989) likelihood ratio tests®® suggest that the ZINB model
outperformed all alternative models, including the Zero-
inflated Poisson model, the standard Poisson, and the stan-
dard Negative Binomial model. Table 2, columns (1)-(2),
presents the coefficient estimates of the ZINB model. The
results suggest that the number of chronic diseases ever
diagnosed by medical doctors (Nchrn;) has a statistically
significant predictive power for whether aChinese male
respondent smokes (column 1: the “zero-inflation” part).
Since the Logit model for the “zero-inflation” part predicts
whether a male respondent’s cigarette consumption is
a “certain zero”, the positive coefficient of Nchrn;, implies
that chronic disease diagnoses reduce the incidence of smok-
ing. However, once conditional on a respondent being
a smoker, the number of chronic conditions diagnosed has
virtually no explanatory power for the number of cigarettes
smoked per day (column 2: the Negative Binomial model).
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Table | Summary Statistics of All Individual-Wave Observations from 2004 to 2015

Variables Full Sample Smokers Non-Smokers
Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.
(Proportion of (Proportion of (Proportion of
I for Dummy | for Dummy | for Dummy
Variables) Variables) Variables)
Whether smoking 0.48 0.50 1.00 0.00 0.00 0.00
Number of cigarettes smoked per day (current period) 7.65 10.32 15.93 9.48 0.00 0.00
Number of cigarettes smoked per day (|-period lagged) 8.0l 10.39 14.29 10.48 2.58 6.53
Number of cigarettes smoked per day (2-period lagged) 8.92 10.54 14.25 10.40 4.13 8.07
Chronic disease diagnosed
Hypertension (current period) 0.32 0.47 0.26 0.44 0.37 0.48
Diabetes (current period) 0.07 0.26 0.05 0.22 0.10 0.30
Stroke (current period) 0.07 0.26 0.05 0.21 0.09 0.28
Myocardial infarction (current period) 0.04 0.19 0.02 0.14 0.05 0.22
Hypertension diagnosed (I-period lagged) 0.24 0.43 0.19 0.39 0.30 0.46
Diabetes diagnosed (I-period lagged) 0.05 0.22 0.03 0.18 0.07 0.25
Stroke diagnosed (I-period lagged) 0.05 0.21 0.03 0.18 0.06 0.23
Myocardial infarction (I-period lagged) 0.02 0.15 0.01 0.11 0.03 0.18
Number of chronic diseases diagnosed (current period) 0.46 0.71 0.34 0.60 0.57 0.79
Number of chronic diseases diagnosed (I-period 0.36 0.64 0.26 0.53 0.45 0.71
lagged)
Self-reported health status (current) (=1, if “good” or 0.91 0.29 0.92 0.27 0.90 0.30
“very good”)
Self-reported health status (I-period lagged) 0.92 0.28 0.93 0.26 0.91 0.29
Drinking (=1 if currently drinking) 0.50 0.50 0.63 0.48 0.38 0.49
Drinking (I-period lagged) 0.54 0.50 0.64 0.48 0.45 0.50
Others smoke in the household (=1 if yes) 033 047 0.38 0.48 0.28 0.45
Others smoke in the household (I-period lagged) 0.35 0.48 0.39 0.49 0.31 0.46
Age (years) 65.27 8.86 63.61 824 66.81 9.14
Age? (years)/100 43.39 11.99 41.14 10.91 45.47 12.56
Education (years) 6.82 4.14 6.52 3.88 7.09 435
Annual income (yuan) 31,138 44,800 29,368 47,636 32,777 41,924
Has spouse (=1, if having a spouse) 0.88 0.32 0.89 0.31 0.87 0.34
Health insurance (=1, if having medical insurance 0.8l 0.39 0.78 0.42 0.84 0.37
coverage)
Working (=1, if currently working in the labor market) 0.42 0.49 0.50 0.50 0.34 0.47
Rural (=1, if a respondent resides in a rural area) 0.66 0.48 0.70 0.42 0.62 0.49
Number of individuals 2,986 1,780 2,063
Number of wave-individual observations 10,202 4,902 5,300

Notes: Data from 2004, 2006, 2009, 201 |, and 2015 waves of the CHNS are used in the table; Information on “cancer diagnosis” is not used in the analysis below because it
was not available until 201 I; Smokers are defined as individuals who reported “currently smoking” at the time of the survey; non-smokers are defined as individuals who

reported “currently not smoking” at the time of the survey.

https:
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In other words, the ZINB model reduces to a Logit
model: we can fit the relationship of interest (Equation 1)
reasonably well by a Logit model predicting the likelihood
of smoking cessation (—accordingly, we coded the out-
come variable to be = 1 if a respondent is “currently not
smoking” and = 0 otherwise). Thus, column (3) of Table 2
reports Logit estimates of model parameters, ignoring the
distribution within the range of positive numbers of cigar-
ettes smoked. The estimates are indeed very close to the
“zero-inflation” part of the ZINB model (Table 2, col-
umn 1). Since coefficient estimates in Logit models are
in general not equal to the marginal effects of changing
one unit of the corresponding explanatory variables,* for
ease of interpretation, column (4) of Table 2 reports the
corresponding marginal effects (evaluated at sample
means of the explanatory variables). The estimates suggest
that an additional chronic disease diagnosed is associated
with a 4.8 percentage-point increase in the likelihood of
smoking cessation, an effect statistically significant at the
1% level. Further excluding explanatory variables that are
not statistically significant at the 10% level, columns (5)
and (6) of Table 2 show estimated effects of chronic
disease diagnoses that are similar to their counterparts
reported in columns (3) and (4).

To further explore the diagnosis of which chronic dis-
ease has the largest effect, Table 3, columns (1)-(8), exam-
ines the role of the diagnosis of each of the four chronic
diseases of interest (ie, hypertension, diabetes, stroke, and
myocardial infarction), also based on a ZINB model.
While the diagnoses of all four chronic conditions are
found to raise the likelihood of smoking cessation, they
(—except the case of stroke diagnosis—) have no signifi-
cant impact on the number of cigarettes smoked, condi-
tional on a male respondent being a smoker. The diagnosis
of myocardial infarction has the largest on smoking cessa-
tion (column 7), followed by diabetes (column 3), stroke
(column 5), and hypertension diagnosis (column 1).
Columns (9) and (10) of Table 3 further include all four
chronic diseases in the same model; the estimates reveal
a similar ordering pattern discussed above. Finally, Logit
estimates of marginal effects (column 12) suggest that the
diagnosis of myocardial infarction, diabetes, stroke, and
hypertension raises the likelihood of smoking cessation,
respectively, by 10.5, 7.4, 3.6, and 3.4 percentage points.
These estimates suggest that while chronic disease diag-
noses do serve to reduce cigarette consumption in China,
their effects are relatively small.

The estimated coefficients on other explanatory vari-
ables are also informative. For example, column (4) of
Table 2 shows that the age profile of smoking has an
inverted-U shape, suggesting that Chinese males tend to
reduce their cigarette consumption after reaching a certain
age. Consistent with previous findings,?’ income is posi-
tively associated with smoking cessation. Also, consistent
with
a respondent is

intuition, if other household members smoke,

less likely to quit smoking. If

a respondent drinks, he is also less likely to quit smoking.

Robustness Checks

The above findings suggest that chronic disease diagnoses
help urge Chinese males to quit smoking, although with
relatively small effects. But as discussed in Method, there
are still threats that might invalidate these findings. This
section, thus, performs a series of robustness checks to
strengthen our findings. First, we assess the possibility that
our findings are driven by reverse causality from respon-
dents’ smoking behavior to their health. More specifically,
we replace the “current” values of a set of explanatory
variables, including the number of chronic diseases diag-
nosed, the diagnosis of each specific chronic condition,
self-reported overall health status, whether one drinks, and
whether one’s other household members smoke, with their
one-period lagged values. The new estimates, reported in
columns (1)-(4) of Tables 4 and 5, are comparable to their
counterparts reported in Tables 2 and 3, lending support to
our original estimates.

Another threat, also discussed in Method, is the poten-
tial existence of unobserved confounding factors such as
genetic fitness, which has been shown to affect one’s
health behavior and health outcomes significantly.®” !
As a check, we include Nsmk;; |, the 1-period lagged
value of the outcome variable of interest in the model to
capture the influence of unobserved factors. As revealed in
column (5) of Tables 4 and 5, the inclusion of Nsmk;,_
hardly alters our original findings reported in Tables 2 and
3. Yet as discussed in Method, the inclusion of Nsmk;,_
may induce a correlation between Nsmk;,—; and g
(through unobserved time-invariant confounders), thereby
biasing the estimated effects of chronic disease diagnoses.
We thus assess how the potential correlation between
Nsmk;,—; and &; may affect our estimate of §; by repla-
cing Nsmk;;— with Nsmk;, ,. As discussed in Method,
compared with Nsmk;,_1, Nsmk;,_, is equally likely to be

correlated with the unobserved time-invariant confounders
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Table 2 Zero-Inflated Negative Binomial and Logit Estimates of Associations Between the Number of Chronic Diseases Diagnosed

and Daily Cigarette Consumption (Chinese Males Aged 50 or Above), Main Results

0) @ ®) @ ©) ®)
Outcome Variables Number of Cigarettes Smoked per Smoking Cessation Smoking Cessation
Day
Models Zero-Inflated Negative Binomial Logit Logit Logit Logit
Inflation Model Negative
(Logit) Binomial Part
Reported Estimates Coefficients Coefficients Coefficients Marginal Coefficients Marginal
Effects Effects
Number of chronic diseases diagnosed (current) 0.2427%* 0.002 0.243%%* 0.048%** 0.266%** 0.053***
(0.055) (0.022) (0.054) 0.011) (0.054) (0.011)
Self-reported health status (current) -0.139 0.054 —-0.127 —0.025
(0.099) (0.040) (0.098) (0.019)
Drinking (dummy, = | if yes) —0.928*** 0.028 —0.942%+* —0.188** —0.964*+* —0.193%**
(0.066) (0.022) (0.066) (0.012) (0.065) (0.012)
Other smokers in the household (dummy, = | if yes) —0.328%** 0.029 —0.327%%* —0.065%+* —0.319%#* —0.064%+*
(0.086) (0.026) (0.085) (0.017) (0.084) (0.017)
Age (years) -0.072 0.027 —0.063 -0.013 —0.053 —-0.010
(0.055) (0.021) (0.055) 0.011) (0.053) (0.011)
Age (years) squared/100 0.080* —0.032** 0.072* 0.014* 0.066* 0.013*
(0.041) (0.01¢) (0.041) (0.008) (0.039) (0.008)
Years of education (years) 0.016 —0.004 0.015 0.003
(0.012) (0.004) (0.012) (0.002)
Log annual income (yuan) 0.062* 0.021* 0.062* 0.012%* 0.059* 0.012*
(0.032) 0.011) (0.032) (0.006) 0.031) (0.006)
Has spouse (dummy, = | if yes) —0.113 —0.005 —0.123 —0.025
(0.128) (0.046) (0.127) (0.025)
Has insurance coverage (dummy, = | if yes) 0.006 0.06 1% 0.037 0.007
(0.083) (0.031) (0.081) (0.016)
Working (dummy, = | if yes) —0.081 0.052%* —0.090 -0.018
(0.075) (0.024) (0.075) (0.015)
Survey-wave fixed effects yes yes yes yes yes yes
Community fixed effects yes yes yes yes yes yes
Constant 1.216 2.025%#* 0.976 0.484
(1.907) 0.713) (1.907) (1.790)
Number of individual-wave observations 9,108 9,108 9,288
Log pseudolikelihood —20,200.59 —5301.40 —5416.478

Notes: Data from 2004, 2006, 2009, 201 I, and 2015 waves of the CHNS are used in the analysis. In the “zero-inflation” part of the Zero-inflated Negative Binomial model, the
dependent variable is defined as = | if “zero-inflated” and = 0 if otherwise. In the Logit models predicting “smoking cessation”, the dependent variable is defined as = | if
arespondent is “not smoking” and = 0 if otherwise; Standard errors are reported in parentheses, adjusted for clustering at the community level; ¥p < 0.1, **p < 0.05, ***p < 0.01.
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| if “zero-inflated” and

Notes: Data from 2004, 2006, 2009, 2011, and 2015 waves of the CHNS are used in the analysis; In the “zero-inflation” part of the Zero-inflated Negative Binomial model, the dependent variable is defined as

0 if otherwise; In the Logit models predicting “smoking cessation”, the dependent variable is defined as = | if a respondent is “not smoking” and

0 if otherwise; The number of individual-wave observations varies somewhat across

columns due to missing values in the different explanatory variables included; Standard errors are reported in parentheses, adjusted for clustering at the community level; *p < 0.1, **p < 0.05, ***p < 0.0l

in g; but less likely to be correlated with other explanatory
variables. Thus, the effects of chronic disease diagnoses
estimated using Nsmk;;_, as a predictor for one’s current
smoking behavior are less likely to be biased. Yet as
shown in column (6) of Tables 4 and 5, the estimated
effects of chronic disease diagnoses remain comparable
regardless of whether Nsmk;,_i or Nsmk;,_, is included.
Such a similarity in estimates lends further support to our
original estimates reported in Table 2 and 3.

Heterogeneity

To further see if our main findings are driven by some
particular subgroups of individuals, we repeated our esti-
mation of the preferred models (columns 3 and 4 of
Table 2) for various subsamples defined by the values of
a set of important covariates. Two sets of covariates are
considered. The first includes respondents’ socio-economic
characteristics, ie, residing locations (“rural areas” versus
“urban areas”), years of schooling (“above median” versus
“below median”), working status (“working” versus “not
working”), and income (above median versus below med-
ian), which may affect individuals’ consumption habit.
The second set includes statistically significant predictors
of smoking decisions (Table 2, columns 3-4), ie, age
(“above median” versus “below median”), whether one
drinks (“yes” versus “no”), and whether other household
members smoke (“yes” versus “no”). Table 6 reports the
results. Each panel of the table reports the estimated Logit
coefficient on the number of chronic diseases diagnosed
(left column) and the corresponding marginal effect eval-
uated at the sample means of explanatory variables (right
column) for a particular subgroup of interest. The subsam-
ple estimates are quite comparable to those full-sample
estimates reported above, suggesting that our main find-
ings of the effects of chronic disease diagnoses are not
driven by some particular subset of individuals. Rather,
they reflect a general pattern.

Discussion

Our analysis above suggests that chronic disease diagnoses
help reduce smoking incidence in China. But the effects
are small, depicting a picture somewhat different than
those found in non-Chinese cohorts. For example,
Keenan (2009)'° found that American adults diagnosed
with chronic diseases were 3.2 times more likely to quit
smoking than individuals without new diagnoses. Kim and
Sambou (2019)'® found in South Korea that the odds of
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Table 4 Zero-Inflated Negative Binomial and Logit Estimates of Associations Between the Number of Chronic Diseases Diagnosed

and Daily Cigarette Consumption (Chinese Males Aged 50 or Above), Robustness Checks

0) @) ®) “) ) )
Outcome Variable Number of Cigarettes Smoked per Smoking Cessation Smoking Cessation
Day
Model Zero-Inflated Negative Binomial Logit Logit Logit Logit
Inflation Model Negative
(Logit) Binomial Part
Reported Estimates Coefficient Coefficient Coefficient Marginal Marginal Marginal
Effects Effects Effects
Number of chronic diseases diagnosed 0.26 | ##* —0.009 0.260%++* 0.053##* 0.033##* 0.039%#*
(I-period lagged) (0.063) (0.029) (0.063) (0.013) (0.009) (0.011)
Daily number of cigarettes smoked —0.022+%*
(I-period lagged) (0.001)
Daily number of cigarettes smoked —0.018*¥*
(2-period lagged) 0.001)
Self-reported health status (I-period —0.141 0.014 —0.124 —0.025 -0.012 —0.049**
lagged) (0.097) (0.043) (0.098) (0.020) (0.017) (0.020)
Drinking (I-period lagged) —0.64 | #¥* 0.046* —0.639%%* —0.130%** —0.043*++* —0.086*+*
(0.069) (0.025) (0.069) (0.014) 0.011) (0.012)
Others smoke in the household —0.26 1%+ 0.027 —0.258*** —0.053*** —0.020* —0.026*
(I-period lagged) (0.089) (0.026) (0.088) (0.018) (0.012) (0.015)
Age —0.021 0.013 —-0.010 —0.002 —0.000 —0.000
(0.052) (0.022) (0.052) 0.011) (0.008) (0.010)
Age squared/ 100 0.042 —0.022 0.033 0.007 0.002 0.002
(0.038) 0.017) (0.038) (0.008) (0.006) (0.007)
Years of education 0.020 —0.005 0.019 0.004 0.001 0.003
(0.013) (0.004) (0.013) (0.003) (0.002) (0.002)
Log annual income 0.041 0.017 0.038 0.008 0.003 0.006
(0.032) o.011) (0.031) (0.006) (0.005) (0.006)
Has spouse —0.088 —0.030 —0.092 -0.019 —0.006 —0.014
(0.140) (0.050) (0.138) (0.028) (0.019) (0.023)
Has insurance coverage 0.033 0.07 I ** 0.062 0.013 0.010 0.026
(0.088) (0.033) (0.085) (0.017) (0.014) (0.017)
Working =0.117 0.043* —0.116 —0.024 —0.028%* —0.023
(0.076) (0.024) (0.077) (0.016) (0.013) (0.015)
Survey-wave fixed effects Yes Yes Yes Yes Yes Yes
(Continued)
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Table 4 (Continued).
0) @ ®) “ ©) )
Outcome Variable Number of Cigarettes Smoked per Smoking Cessation Smoking Cessation
Model Zero-Inflated Negative Binomial Logit Logit Logit Logit
Inflation Model Negative
(Logit) Binomial Part
Reported Estimates Coefficient Coefficient Coefficient Marginal Marginal Marginal
Effects Effects Effects
Community fixed effects yes yes yes yes yes yes
Constant —0.657 2.535%%* —0.991
(1.799) (0.764) (1.803)
Number of individual-wave observations 8,175 8,175 8,013 6,869
Log pseudolikelihood —18,293.08 —4844.24 —3732.57 —3501.87

Notes: Data from 2004, 2006, 2009, 2011, and 2015 waves of the CHNS are used in the analysis; In the Zero-inflation part of the Zero-inflated Negative Binomial model,
the dependent variable is defined as =1 if zero-inflated and =0 if otherwise; In the Logit models predicting “smoking cessation”, the dependent variable is defined as = | if
a respondent is “not smoking” and = 0 if otherwise; The number of individual-wave observations varies somewhat across columns due to missing values in the different
explanatory variables included; Standard errors are reported in parentheses, adjusted for clustering at the community level; *p < 0.1, **p < 0.05, ***p < 0.01.

quitting smoking increased by 111.8% when individuals
were diagnosed with a chronic disease. They also found
that, as the number of chronic diseases diagnosed
increased by one, the odds of quitting smoking increased
by 50.6%, and the number of cigarettes smoked per day
decreased by 12.9%.

There are several reasons for these differences
between previous and our findings. First, perhaps due to
their relatively lower income level, Chinese individuals
may not pay as much attention to their health as their
wealthier American and Korean counterparts do. Put
differently, under the assumption that health is a normal
good (the consumption of which increases as income
grows), Chinese individuals may have a lower demand
for it given their low income. Thus, chronic disease
diagnoses do not serve as an effective walk-up call for
them. Second, China has a very large smoking population
(exceeding 300 million), which may have generated sub-
stantial peer effects even for smokers diagnosed with
chronic diseases. Smokers diagnosed with chronic con-
ditions may underestimate the harmful effects of smoking
when seeing so many smokers (with or without chronic
conditions) around them.

The small effects of chronic disease diagnoses we
found imply that many Chinese elders continue to smoke
even after being aware of their chronic conditions. This is

concerning, as continued smoking is very likely to exacer-
bate their chronic conditions. Thus, effective measures
should be taken to urge chronic disease patients to quit
smoking or reduce the adverse effects of continued smok-
ing on their health. For example, the government might
need to tax cigarette production more heavily to help curb
cigarette consumption. Medical professionals may also
need to help smoking patients change their diet to include
more foods enriched with antioxidants to reduce the harm-
ful effects of smoking.

With the above-discussed analyses and findings, our
study contributes to the literature in two ways. First, to
the best of our knowledge, this study is among the very
few that have examined how chronic disease diagnoses
affect individuals’ smoking behavior in China. Thus, it
provides new information that may help inform China’s
healthcare policy. Second, it complements previous studies
of the effects of chronic-disease diagnoses on individuals’
food-consumption behavior*? and labor-market outcomes
in China,* thereby helping to depict a fuller picture of the
behavioral impacts of chronic disease diagnoses in China.

Whereas our findings are informative and policy-
relevant, we note a number of limitations in this study.
First, due to data limitations, we do not include the diag-
nosis of cancer in our study. The finding of a relatively
small effect of chronic disease diagnoses on smoking
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Table 5 Zero-Inflated Negative Binomial and Logit Estimates of Associations Between the Diagnosis of Specific Chronic Disease and
Daily Number of Cigarettes Smoked (Chinese Males Aged 50 or Above), Robustness Checks

0) @) ®) ) ©) )
Outcome Variable Number of Cigarettes Smoked per Smoking Cessation Smoking Cessation
Day
Model Zero-Inflated Negative Binomial Logit Logit Logit Logit
Inflation Model Negative
(Logit) Binomial Model
Reported Estimates Coefficient Coefficient Coefficient Marginal Marginal Marginal
Effects Effects Effects
Hypertension diagnosed (|-period 0.250%** 0.001 0.241** 0.049++* 0.028%* 0.034**
lagged)
(0.095) (0.034) (0.094) (0.019) (0.013) (0.016)
Diabetes diagnosed (I-period lagged) 0.325%* —-0.118 0.344%* 0.070%* 0.046%* 0.032
(0.156) (0.107) (0.154) (0.031) (0.023) (0.028)
Stroke diagnosed (1-period lagged) 0.144 0.107 0.124 0.025 0.026 0.040
(0.228) (0.077) (0.227) (0.046) (0.032) (0.039)
Myocardial infarction diagnosed 0.429* —0.154 0.475% 0.097* 0.058 0.078
(I-period lagged)
(0.258) (0.130) (0.260) (0.053) (0.044) (0.050)
Number of cigarettes smoked per day —0.022%%*
|-period lagged
(-p geed) (0.001)
Number of cigarettes smoked per day —0.018%**
2-period lagged
@ geed) (0.001)
Self-reported health status (I-period —0.147 0.022 —0.131 —0.027 —0.012 —0.049%*
lagged)
(0.097) (0.043) (0.097) (0.020) (0.017) (0.020)
Drinking (I-period lagged) —0.64 |#¥* 0.045* —0.637+%* —0.130%#* —0.043+%* —0.086***
(0.069) (0.025) (0.070) (0.014) o.011) (0.012)
Other smokers in the household —0.258*** 0.026 —0.256+%* —0.052%* —0.020* —0.026*
(I-period lagged)
(0.089) (0.026) (0.088) (0.018) (0.012) (0.015)
Age —0.021 0.013 —-0.010 —0.002 —0.000 0.000
(0.052) (0.022) (0.052) 0.011) (0.008) (0.010)
Age squared/100 0.042 —0.022 0.033 0.007 0.002 0.002
(0.038) 0.017) (0.038) (0.008) (0.006) (0.007)
Years of education 0.020 —0.005 0.019 0.004 0.001 0.003
0.013) (0.004) (0.013) (0.003) (0.002) (0.002)
Log annual income (yuan) 0.041 0.016 0.038 0.008 0.003 0.006
(0.032) (0.011) (0.031) (0.006) (0.005) (0.006)
(Continued)
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Table 5 (Continued).
0) @) ®) “) ®) 0)
Outcome Variable Number of Cigarettes Smoked per Smoking Cessation Smoking Cessation
Day
Model Zero-Inflated Negative Binomial Logit Logit Logit Logit
Inflation Model Negative
(Logit) Binomial Model
Reported Estimates Coefficient Coefficient Coefficient | Marginal Marginal Marginal
Effects Effects Effects
Has spouse —0.089 —0.028 —0.094 —0.019 —0.006 —0.014
(0.139) (0.050) (0.138) (0.028) (0.019) (0.023)
Has insurance coverage 0.034 0.067%* 0.063 0.013 0.010 0.026
(0.088) (0.033) (0.086) (0.017) (0.014) (0.018)
Working —-0.116 0.042* —0.115 —0.023 —0.027%* —0.023
(0.077) (0.024) (0.077) (0.016) (0.013) (0.015)
Survey-wave fixed effects yes yes yes yes yes yes
Community fixed effects yes yes yes yes yes yes
Constant —0.662 2.55 | -1.000
(1.805) (0.762) (1.808)
Number of individual-wave 8,175 8,175 8,013 6,869
observations
Log pseudolikelihood —18,286.97 —4842.87 —3732.01 —3501.25

Notes: Data from 2004, 2006, 2009, 201 |, and 2015 waves of the CHNS are used in the analysis; In the Zero-inflation part of the Zero-inflated Negative Binomial model, the
dependent variable is defined as = | if “zero-inflated” and =0 if otherwise. In the Logit models predicting “smoking cessation”, the dependent variable is defined as = | if
arespondent is “not smoking” and = 0 if otherwise; Standard errors are reported in parentheses, adjusted for clustering at the community level; *p < 0.1, **p < 0.05, ***p < 0.01.

cessation may be partly due to our inability to incorporate
cancer diagnosis in the analysis. Yet, given the lower
incidence of cancer relative to other chronic diseases we
examined, we believe that the inclusion of cancer diagno-
sis in the analysis will not overturn our main findings. Of
course, future studies with more information on cancer
diagnosis are certainly desirable.

Second, also due to data limitations, we have no infor-
mation on CHNS respondents’ smoking behavior or their
chronic conditions before 1997. Thus, we are unable to
trace out their entire smoking history. Some non-smokers
with chronic conditions may have stopped smoking before
the 1997 survey, which may be part of the reason for the
relatively small impact of chronic disease diagnoses on
smoking cessation. As the CHNS continues to follow

younger cohorts, interested researchers would be able to

observe more respondents’ entire smoking history and thus
extend our analysis in meaningful ways.

Third, because very few females in China smoke and
very few young individuals in China suffer from chronic
conditions, we do not include these two groups of
respondents in the analysis. Thus, our study is not gen-
eralizable to female and younger individuals in other
countries. Future studies targeting these subgroups in
understudied countries and regions are expected to be
fruitful.

Finally, our method to control for unobserved confound-
ing factors using the lagged outcome measure Nsmk; ;| may
lead to bias in our estimates, because Nsmk; ;_; and the error
term &; might be correlated through time-invariant unobser-
vable factors. Unfortunately, our unbalanced panel dataset
(with relatively few waves) does not permit us to apply the
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Table 6 Heterogeneity in the Estimated Impacts of the Number of Chronic Diseases Diagnosed

Outcome Variables () 2) 3) 4)
Smoking Cessation Smoking Cessation
Model Logit Logit Logit Logit
Reported Estimates Coefficient Marginal Effects Coefficient Marginal Effects
A. Rural areas B. Urban areas
No. chronic diseases diagnosed 0.237%%* 0.048%** 0.249%+* 0.047+%*
(current)
(0.068) (0.014) (0.089) (0.016)
Control variables included? Yes Yes Yes Yes
No. wave-individual observations 5,908 5,908 3,198 3,198
Log pseudolikelihood —3493.551 —3493.551 —1776.697 —1776.697
C. Education < Median D. Education = Median
No. chronic diseases diagnosed 0.213%* 0.041** 0.297+** 0.058***
(current)
(0.094) (0.018) (0.070) (0.013)
Control variables included? Yes Yes Yes Yes
Number of wave-individual 3,172 3,172 5,787 5,787

observations

Log pseudolikelihood —1778.249 —1778.249 —3315.027 —3315.027
E. Household income < Median F. Household income = Median
Number of chronic diseases 0.245%#+* 0.049%+* 0.243%%* 0.046%*+*

diagnosed (current)

(0.082) (0.016) (0.071) (0.013)
Control variables included? Yes Yes Yes Yes
Number of wave-individual 4,293 4,293 4,738 4,738
observations
Log pseudolikelihood —2493.648 —2493.648 —2641.521 —2641.521

G. Age < Median H. Age = Median

Number of chronic diseases 0.228** 0.045%* 0.302%** 0.056%**
diagnosed (current)

(0.098) (0.019) (0.067) 0.012)
Control variables included? Yes Yes Yes Yes
Number of wave-individual 4,455 4,455 4,506 4,506
observations
Log pseudolikelihood —2568.866 —2568.866 —2489.208 —2489.208

(Continued)
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Table 6 (Continued).

Outcome Variables n (2) 3) (©))
Smoking Cessation Smoking Cessation
Model Logit Logit Logit Logit
Reported Estimates Coefficient Marginal Effects Coefficient Marginal Effects
I. Not drinking J. Drinking

Number of chronic diseases 0.257%%* 0.0497** 0.25 | 0.049%**
diagnosed (current)

(0.082) (0.015) (0.087) 0.017)
Control variables included? Yes Yes Yes Yes
Number of wave-individual 4,408 4,408 4,560 4,560
observations
Log pseudolikelihood —2478.716 —2478.716 —2618.317 —2618.317

K. Not working L. Working

Number of chronic diseases 0.2 Ok 0.040% 0.320%#* 0.064%+*
diagnosed (current)

(0.063) (0.012) (0.109) (0.022)
Control variables included? Yes Yes Yes Yes
Number of wave-individual 5,227 5,227 3,760 3,760
observations
Log pseudolikelihood —2925.402 —2925.402 —2185.604 —2185.604

M. No other smokers in the household

N. Other smokers in the household

Number of chronic diseases 0.240%*+* 0.046%+* 0.32 |k 0.06 |+
diagnosed (current)

(0.067) (0.013) (0.096) (0.018)
Control variables included? Yes Yes Yes Yes
Number of wave-individual 6,200 6,200 2,737 2,737
observations
Log pseudolikelihood —3485.350 —3485.350 —1538.012 —3485.350

Notes: Each panel of the table reports the estimated Logit coefficient on the number of chronic diseases diagnosed (left column) and the corresponding marginal effect
evaluated at the sample means of explanatory variables (right column) for a particular subgroup of interest. “Control variables” include all the variables reported in column
(I) of Table 2; In the Logit models predicting “smoking cessation”, the dependent variable is defined as = | if a respondent is “not smoking” and = 0 if otherwise; Standard

errors are reported in parentheses, adjusted for clustering at the community level; ***p<0.01, **p<0.05.

system-GMM method developed by Anderson and Hsiao™
and Arellano and Bond.** Alternatively, we assess how the
potential correlation between Nsmk;,—; and &; may affect
our estimate of f, by replacing Nsmk;,_, (the 1-period
lagged outcome measure) with Nsmk;,_, (the 2-period

lagged outcome measure) and found similar estimates of
chronic disease diagnoses. However, there is no guarantee
that this approach completely addresses the problem; thus,
future studies with balanced panel data that can facilitate the
system-GMM method are highly desirable.
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Despite these limitations, we believe that our analysis
has provided important findings to inform healthcare pol-
icy in China.

Conclusion

The present study, analyzing an unbalanced panel dataset
on 2,986 Chinese males over the age of 50, discovered that
while chronic disease diagnoses helped reduce the number
of cigarettes one smokes per day, their effects are quite
small. In other words, many Chinese males continued to
smoke even after knowing about their chronic conditions.
Relevant policies and measures are thus needed to urge
chronic disease patients in China to quit smoking or
reduce the adverse effects that continued smoking might
impose on their health. For example, the government
might need to tax cigarette production more heavily to
help curb cigarette consumption. Medical professionals
may also need to encourage smoking patients to switch
to a diet that includes more foods enriched with antiox-
idants to reduce the harmful effects of smoking.
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