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Abstract

Individuals with imperfect information may make suboptimal choices,
but providing more information may not effectively improve decision making
if the information is not turned into updated belief. We build a Bayesian up-
dating model to illustrate this phenomenon and use a unique Chinese survey
that provides data on information shock, belief updating, and correspond-
ing behaviors to test it. We find that when individuals receive signals about
their hypertension status, behavioral changes, such as quitting smoking and
take medication, are more likely if the new information leads to updated
belief. Furthermore, we find heterogeneous effects across subgroups of indi-
viduals: Males are more likely to quit smoking and taking medication after
belief updating; rural people are more likely to quit smoking but less likely
to take medication, possibly due to lack of affordability or accessibility to
medical services. We find no significant impacts on drinking.
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1 Introduction

Individuals with imperfect information may make suboptimal decisions about their
health, and this problem is particularly severe in developing countries and/or ru-
ral areas where resources are limited. To address this issue, a growing number
of information programs have been designed to encourage behavioral changes, in-
cluding on hypertension (Zhao et al., 2013), drinking water quality (Madajewicz
et al., 2007; Jalan and Somanathan, 2008), HIV risk (Thornton, 2008; Dupas,
2011), and infant nutrition (Fitzsimons et al., 2016), among others. However, the
effectiveness of such information programs depends critically on how uninformed
individuals are to begin with, and to what extent they incorporate the received in-
formation into decision making (Bennear et al., 2013; Brown et al., 2017). All the
above literature implicitly assumes that once receiving the information, individ-
uals can thoroughly incorporate it and definitely update their beliefs about their
health status, no matter whether they will change their behaviors accordingly or
not. But when investigating the impacts of information about diabetes, lizuka et
al. (2021) find that health outcomes improve only for high-risk individuals. They
explain that different individuals might have different belief-updating thresholds
and sometimes the information received by an individual with a low threshold
might be a false alarm and therefore have no substantial impact on them. That is,
there exists observable and unobservable heterogeneity heterogeneity between in-
dividuals, which might lead to different cognition of information and thus different
thresholds for updating their beliefs. This is the focus of our paper. In the context
of hypertension, we examine how informing individuals of their blood pressure lev-
els affects their beliefs about their hypertensive status, and how changes in their
beliefs lead to subsequent behavioral changes.

To model belief updating explicitly as the channel through which information
engenders behavioral changes, we consider a simple problem of choice under un-
certainty via Bayesian updating. In particular, we highlight the importance of
individual heterogeneity, namely differences in their prior beliefs as well as the
perceived relevance of signals, in both belief updating and subsequent optimal
choices. The key takeaway from the theoretical model is that, in empirical studies,
if such individual heterogeneity is not adequately controlled, cross-sectional anal-
yses may suffer the omitted variable problem and lead to biased estimates. We
then estimate a corresponding two-stage regression model using the China Health
and Retirement Longitudinal Study (CHARLS), with individual fixed effects to
control for unobserved heterogeneity in the belief updating process.



CHARLS is a nationally representative, longitudinal survey of middle-aged and
elderly individuals in China. It started in 2011 and had been carried out followed
every two years since then. We use the three waves from 2011, 2013, and 2015
for the current study. We are interested in data from three aspects. First, in
each wave, CHARLS provided a free physical examination, in which a sphygmo-
manometer automatically reported whether the respondent was hypertensive on
the spot. A written report of the physical examination result was mailed to all
the participants after the exam. In particular, individuals were informed of their
blood pressure level and whether it fell in the hypertensive range. This consti-
tutes a signal (information shock) in our model.ﬂ Second, prior to the physical
examination, CHARLS asked participants whether they knew if they had hyper-
tension or not. With such timing, individual awareness constitutes both the prior
belief before receiving a signal in the current wave and, more importantly, the
updated belief after receiving a signal in the previous wave. Third, in each wave,
CHARLS also asked the participants about their health-related behaviors such as
drinking, smoking, and taking hypertension medication, which are the major be-
havioral outcomes that are likely to be adjusted in response to the hypertension
belief. For the empirical analysis, we use lagged signals as an instrument for cur-
rent updated beliefs in the first-stage regression, and the predicted beliefs as the
explanatory variable for any behavioral change in the second-stage regression. A
regression discontinuity design (RDD) framework is also employed as a robustness
check, comparing those who are just above and below the cutoff points of the hy-
pertension measure. Accordingly, for each participant, three waves of survey data
yield two sets of observations for the two-stage regression model, allowing us to
use individual fixed effects to control for unobserved heterogeneity.

CHARLS is uniquely suitable for our empirical analysis for two reasons. First,
when it is costly to acquire information (including monetary and psychological
cost), individuals may choose whether to receive a signal or avoid it (Koszegi,
2003; Oster et al., 2013; Okeke et al., 2013; Ganguly and Tasoff, 2017). Such an
endogenous decision of signal acquisition would pose a challenge for identification if
individuals who deem the information important are more likely to seek the infor-
mation and act upon it. CHARLS circumvents this endogeneity problem because
the arrival of the signal is exogenous: it is the result of a free medical examina-
tion to all participants. This exogenous signal arrival is similar in spirit to the

"'We chose to focus on hypertension, a chronic disease, because of its high prevalence in the
elderly population. In China, nearly half of adults ages 35-75 years have hypertension (Lu et
al., 2017), resulting in major health and economic burdens at the community and national levels
(Bloom et al., 2018).



randomized controlled trials (RCTs) of information programs cited earlier. Fur-
thermore, randomized evaluation of information provision has been implemented in
many other contexts, such as health plans (Scanlon et al., 2002; Jin and Sorensen,
2006; Kling et al., 2012), financial decisions (Duflo and Saez, 2003), calorie post-
ing (Bollinger et al., 2011), takeup of social benefits (Bhargava and Manoli, 2015),
water use (Ferraro and Price, 2013), electricity use (Byrne et al., 2018), and others.

Second, and more importantly, whether and how a signal is incorporated into
one’s belief depends on important but unobserved individual characteristics, in-
cluding the prior belief, the perceived relevance of the signal, the individual’s cog-
nitive capacity, and so forth. While socioeconomic status (SES) such as education,
income, and wealth may be correlated with unobserved characteristics (Auld and
Sidhu, 2005; Lange, 2011; Brown et al., 2017; Galama and van Kippersluis, 2019),
such SES proxies are by no means perfect. Given our focus on belief updating as
the mechanism, cross-sectional variations alone are inadequate for identifying the
belief channel when unobserved individual heterogeneity leads to omitted variable
bias. The panel data structure of CHARLS enables us to use individual fixed ef-
fects to control for unobserved heterogeneity and estimate the two-stage regression
model without bias. Unlike most RCTs where information is found to have an
impact on behaviors but the mechanism remains a black box, our two-stage re-
sults further shed light on the channel, namely belief updating, linking information
treatment to subsequent behaviors.

What we find is interesting. For belief updating, the first-stage regression re-
sults show that while some individuals became aware of their hypertension status
after receiving the signal, a larger percentage of people continued to remain un-
aware despite receiving the hypertension reading from the physical examination.
This might suggest a phenomenon that it is not enough to give a signal or new
health information, which should be considered carefully. For behavioral changes,
we find that the respondents who received a signal were more likely to change their
behaviors, such as quitting smoking and taking medication, and such behavioral
changes were mostly driven by individuals who updated their belief compared with
those who did not.

Furthermore, we also detect heterogeneous effects of the information treatment.
We find that males and rural respondents were more likely to update their belief
after receiving a signal than their female and urban counterparts. Compared with
individuals who were unaware of their hypertension status, males tended to quit
smoking after becoming aware that they were hypertensive. The impacts on taking
medication were larger in urban areas, probably because public health amenities



are less accessible in rural areas. But the impacts on quitting smoking changed
their lifestyle, because medical care was less accessible or affordable. These results
suggest that in addition to help with physical examinations and information up-
dating, more actions are needed to help elderly people, especially women and rural
people, to control chronic diseases including hypertension.

The rest of the paper is organized as follows. Section [2| builds a simple model of
choice under uncertainty via Bayesian updating, and highlights the importance of
individual heterogeneity. Section |3|presents the corresponding two-stage regression
model and discusses our identification strategy. Section [4] describes the CHARLS
data set used for estimation. The empirical results are reported in Section [5
Section [6] draws the conclusion.

2 Bayesian Model

In medical science, hypertension is a long-term medical condition in which the
blood pressure in the arteries is persistently elevated. Consider the case when
there are two states of nature, § € © = {0, 1}, indicating whether an individual has
hypertension (f = 1) or not (# = 0). An individual’s prior belief is P(f = 1) = A,
where we leave out the individual-specific subscript ¢ to economize on notation.
Each individual receives a binary signal s € {0,1}, a one-time blood pressure
measurement, with the signal precision P(s = 0|6) = qg.E| It is possible for indi-
viduals without hypertension to have blood pressure that is occasionally above the
normal range, for example, when they feel stressed. It is also possible for individ-
uals with hypertension to have blood pressure that occasionally falls within the
normal range, for example, after fluid loss from sweating. We assume that the sig-
nal is informative of the true state, namely individuals with hypertension are more
likely to have high blood pressure measurements, and those without hypertension

are more likely to have normal blood pressure measurements.
Assumption 1. Let ¢o € (1/2,1) and ¢, € (1/2,1).

An immediate implication of this assumption is that ¢o + ¢; > 1, as commonly
seen in the literature.
Without loss of generality, consider the case when the signal is s = 1, that is,

the blood pressure level for an individual is above the normal range. Using the

_ Pls=16=t)P(6=t) ¢ .

Bayesian rule to for belief updating, we have P(6 = t|s = 1) Po=1)

2Although we consider a discrete signal here for tractability, similar results can be easily
obtained when the signal follows a continuous distribution.
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t =0, 1. Taking the ratio of the two equations, the Bayesian rule can be expressed
in likelihood ratios (LRs):

PO=1ls=1) Pls=10=1) PO=1) _ _a X 0
PO=0[s=1) Ps=10=0)" P@=0) 1-—¢q 1-2
poste;;wLR signa‘l?actor pri;rrLR

Under Assumption , 131(10 > 1, so a signal s = 1 increases the odds that an
individual has hypertension (the posterior LR is larger than the prior LR).

From , it is easy to see how individual heterogeneity matters in the belief
updating process. First, for any given signal factor, individuals with strong prior
belief that they have no hypertension (i.e., P(# = 1) = X close to 0) tend to
maintain strong posterior belief (i.e., P(0 = 1|s = 1) also close to 0), despite
the signal pointing otherwise (s = 1). Second, and more subtly, although our
Bayesian rule is cast in the rational individual framework, the signal factor can
nonetheless capture behavioral patterns that are typically associated with bounded
rationality, such as status quo bias or the behavior of impressionable individuals.
More specifically, in one limiting case when ¢y = ¢; = %, an individual would
view the signal as a purely random noise and hence irrelevant, and his updated
belief would remain identical to the prior belief regardless of the signal. This is an
extreme example of status quo bias. In the other limiting case when ¢y = ¢; = 1,
an individual would view the signal as purely deterministic, so his updated belief
would become perfectly aligned with the signal regardless of the prior belief. This
is an extreme example of an impressionable individual. In between, the larger an
individual perceives the signal factor to be, the more relevant he regards the signal,
and the larger is the signal’s impact on the updated belief. Overall, individual
heterogeneity in both the prior belief and the perceived signal factor will influence
the belief updating process.

With the updated belief, an individual makes a binary choice z € {0,1} on
a health-related problem. On the extensive margin, the binary choice captures
the individual’s decision on whether to quit smoking, to quit drinking, to take
medication, and so forth.ﬁ Let NB(x,60) denote the net benefit of  when the
state of nature is . When receiving a signal s € {0, 1}, an individual chooses x to
maximize the expected net benefit:

mg?XENB(x) = P(0 =0|s)NB(z,0) + P(6 = 1|s)NB(z, 1).

3 Again, although we consider a binary choice here for tractability, similar results can be easily
obtained when the choice is continuous and hence on the intensive margin.



This optimization problem would be trivial if NB(z,#) could be ordered in-
dependently of 6. More specifically, if NB(1,1) > NB(0,1) and NB(1,0) >
NB(0,0), the solution is z* = 1; similarly, if NB(1,1) < NB(0,1) and NB(1,0) <
NB(0,0), the solution is 2* = 0. Individuals with such preferences do not con-
tribute to identification because their optimal choices are invariant to their beliefs.
The more interesting case is when the ordering of N B(x,#) depends on 6.

Assumption 2. Suppose NB(1,1) > NB(0,1) and NB(1,0) < NB(0,0), that
is, x is more valuable when it matches the state 6.

When this is the case, individuals may change their behaviors as a result of
belief updating/]

Proposition 1. There ezists a cutoff level P such that if PO =1|s) > P oa*=1;
if P(0 =1|s) < P, 2* = 0; and if P(0 = 1|s) = P, the indiidual is indifferent, so
z* € [0,1].

Proof. Let k = % > (0, and P= 1%,{3 € (0,1). It is straightforward to
verify that when P(f = 1|s) > P, ENB(1) = (1 — P(6 = 1|s))NB(1,0) + P( =
1|s)NB(1,1) > (1 - P(8 = 1|s))NB(0,0) + P(# = 1|s)NB(0,1) = ENB(0), z* =
1; when P(f = 1|s) < P, ENB(1) < ENB(0), z* = 0; and when P(f = 1|s) = P,
ENB(1) = ENB(0), z* € [0, 1. O

Proposition (1| establishes the comparative static result linking behaviors to
beliefs. Together with equation (I)), it highlights belief updating as the channel
through which information shock engenders behavioral changes. In particular,
whether the posterior belief exceeds the cutoff level or not depends on not only
the signal, but also individual heterogeneity. Even with the same signal s = 1,
two individuals can maintain different posterior beliefs and hence exhibit different
behaviors, if they hold different prior beliefs and/or different perceptions of the

signal factor.

3 Regression Model

Given our focus on belief updating as the mechanism to link information to be-
haviors, we first consider a two-stage regression model with individual fixed effects
that can be directly tied to the theoretical model.

4In the other case where the two inequalities are reversed, this assumption will be satisfied
when z is replaced with 1 — z, i.e., a simple relabeling exercise.



The first-stage regression links an individual’s updated belief to both the signal
he has received previously and an individual-specific component meant to capture

differences in prior beliefs and/or signal factor perceptions:
Beliefy; = o + B} +~'Signal; ;1 + €, (2)

where Belief; is the updated belief for individual ¢ in period ¢, and Signal;;—
is the signal individual 7 received in period t — 1. The superscript 1 denotes the
first-stage regression, with individual fixed effects o, time fixed effects 3}, and the
error term €.

The second-stage regression links an individual’s behavior to his updated belief,

using the predicted value from the first-stage regression on the right-hand side:
Yit = 0%2 + 53 + 72Beli€fz‘t + E?ta (3)

where superscript 2 denotes the second-stage regression, with individual fixed ef-
fects a?, time fixed effects 82, and the error term €%. The individual fixed effects

in the behavior regression need not be the same as those in the belief updating
2

regression, as «; is meant to capture differences in NB(x,#) across individuals,
that is, their underlying preferences.

In the two-stage regression model, essentially Signal;;—, is used as an instru-
ment for Belief; to estimate belief updating as the channel through which infor-
mation affects behaviors. However, we could also pursue the more straightforward
approach and estimate a reduced-form regression by regressing Y;; on Signal;;_1
directly, as is commonly done in the RCT literature. But this approach remains
silent on the mechanism behind such an effect; thus, we need the above two-stage
least squares (2SLS) estimations.

The use of the instrumental variable method here implies that we hope to es-
timate the local rather than global effects of the provided information. In other
words, our 2SLS estimator consistently estimates the average impact of the infor-
mation on the behaviors of individuals who are affected in their behavioral choices
by the updated beliefs.

In the two-stage regression model, although the key variable of interest, Belie f;;,
is a dummy variable, we use the linear probability model (LPM) for estimation
instead of the logit or probit model. Despite the obvious caveat that the predicted
probability B/eli\efit may fall outside the interval [0, 1], the LPM offers a notable
advantage over the nonlinear models. More specifically, individual fixed effects can

be easily handled in the LPM but would pose a significant estimation challenge in



the nonlinear models. This is critical to control for unobserved individual hetero-
geneity in the belief updating process, as highlighted in the theoretical model.

4 Data and Variables

CHARLS is a nationally representative longitudinal survey of people over age 45
along with their spouses, and collects comprehensive information including demo-
graphics, SES, health status, health behaviors, and so forth. We are interested in
hypertension, which is the most prevalent chronic disease among middle-aged and
elderly people in China. CHARLS not only records respondents’ beliefs about their
hypertension status (self-reported), but also gives all respondents a free physical
examination and informs them of their blood pressure results and hypertension
implications. The panel structure of CHARLS allows us to link previous signals to
current beliefs and behaviors, thus identifying the causal effect of exogenously given
signals on behavioral changes via belief updating. For example, the respondents
who were hypertensive but did not realize the fact before the physical examina-
tion would be diagnosed and informed of their status. In the follow-up survey we
can trace whether the respondents updated their belief or, in other words, became
aware of their hypertension status and changed their behaviors correspondingly.

The baseline survey was conducted by face-to-face, computer-aided personal
interviews in 2011 and followed up in 2013 and 2015. To construct the panel data,
we first restricted the sample to respondents ages 45 or older with valid information
on their beliefs about their hypertension status and their behaviors. Second, we
kept respondents who participated in all three waves over 2011-2015 and physical
examinations in 2011 and 2013, to construct the information shock. Finally, we
dropped the respondents who were aware that they were hypertensive throughout
the three surveys. And we dropped the limited number of respondents who were
unreasonable defiers, that is, those who updated their beliefs if they were informed
of a negative signal. With these restrictions, there are 5,926 respondents in our
sample.

4.1 Belief and Signal

An individual’s belief is given by their answers to two questions: “Have you been
diagnosed with hypertension by a doctor?” and “Do you know if you have hy-
pertension?” The respondent’s beliefs about their hypertension status, denoted
Belief;, equals 1 if the respondent answered yes to either of the above two ques-



tions. This awareness of hypertension status forms the respondent’s belief, which
is a relatively longer and persistent understanding of their health status. The
CHARLS follow-up questionnaire asked the respondents again the same two ques-
tions. These follow-up records help verify whether the respondents updated their
beliefs, that is, whether they became aware of their hypertension status after re-
ceiving the information shock provided by the CHARLS physical examination in
the previous wave.

The CHARLS physical examination was conducted by a professional nurse and
measured the respondents’ systolic and diastolic blood pressures three times, with
a time span between each measurement being at least 1 minute. We use the average
of the second and third blood pressure readings to avoid using the first reading,
which may be high due to anxiety or the “white coat” effect. Then the signal
received by the respondent, denoted Signal;;—1, equals 1 if the average systolic
pressure of the last two measurements is 140 mmHg or greater, or the average
diastolic pressure is 90 mmHg or greater. This definition is consistent with that of
Lei et al. (2012).

The CHARLS physical examination is conducted after asking the respondents
for their self-reported health status and related behaviors, so the information shock
is exogenous and enables us to identify the causal relationship between belief up-
dating and behavioral changes by an instrumental variable approach. Meanwhile,
there may be a concern that the respondents did not receive the health report due
to some unknown delivery problems and thus they did not receive the informa-
tion shock. We argue that the respondents received the signal not only by the
mailed health report, but also the sphygmomanometer, which automatically re-
ports whether the respondents were hypertensive during the physical examination.

Panel A in Table [I] shows that the proportion of respondents who received a
positive signal about their hypertension was 22.7%. However, only 7.7% of the
respondents updated their belief that they were truly hypertensive. This unfolds
the fact that only a small percentage of respondents who received a positive signal
had updated their beliefs. As a result, if we regress behaviors on Signal;;_1, the
estimate is the impact of the “intention to update” rather than the impact of those
who updated their beliefs. Thus, the true impact of the provided information in
the CHARLS physical examination may be biased toward zero. To identify the
local average treatment effect on those who truly received and valued the signal,

we can use Signal; ;1 as the instrument for Belief;;.



4.2 Behaviors

Supposing that the exogenous health information is valuable for the respondent,
then they would be more likely to update their beliefs and change their behaviors
accordingly. In this paper, the principal outcome variables include smoking, drink-
ing, and taking anti-hypertension medication. The variable for smoking equals 1 if
the respondent reported to be smoking.ﬂ The variable for drinking equals 1 if the
respondent had any alcohol more than once a month. The variable for medication
equals 1 if the respondent was taking anti-hypertension medication. Panel B in
Table [1f shows that 5.1% of the respondents were taking medication, 29.9% were
smoking, and 26.1% were drinking.

Table 1: Summary Statistics

VARIABLES Mean SD Min Max
Panel A: Key Variables

Signal; 1 0.227 0419 0 1
Belief 0.077 0.266 0 1

Panel B: Health Behaviors

Medication 0.051 0.221 0
Smoking 0.299 0458 0 1
Drinking 0.261 0.439 0 1
Panel C: Demographics

Age 61.40 9.371 45 102
Male 0471 0499 0 1
High School+ 0.101  0.302 0 1
Rural Hukou 0.841 0.365 0 1
# of Individuals 5,926

# of Observations 11,852

5In the 2013 follow-up survey, information about smoking was missing for over 20% of the
respondents, so the CHARLS recollected the information in the 2015 follow-up survey by asking
the respondents about their smoking status in the previous wave. We combined information from
the two waves and obtained the full information for the 2013 wave.
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5 Results

5.1 Belief Updating

The Bayesian model indicates that the respondents update their beliefs after re-
ceiving the new information. Thus, we begin by examining the impact of provid-
ing information on the respondents’ beliefs and estimate Equation . Table
presents the coefficient estimates of Signal;;—; for the ordinary least square (OLS)
model and the fixed effects model, which both control for body mass index (BMI)
and year fixed effects to absorb the effects of physical health and unobserved time
effects.

Column (1) reports the estimates of the OLS model, which controlled for some
individual demographics including age, gender, education, and hukou type. The
positive coefficient of Signal;;—; is on average 28.3 percentage points and signifi-
cant at the 1% level. It depicts that after controlling some individual demographics,
the respondents who initially were unaware of their hypertension status are 28.3
percentage points more likely to become aware after receiving the signal, that is,
the CHARLS physical examination diagnosis of hypertension.

However, as our Bayesian model shows, the time invariant individual hetero-
geneity plays a role in the belief updating process. Thus, we further control the
individual fixed effects in our regression model and the results are shown in col-
umn (2). The coefficient of Signal;;—1, 9.9 percentage points, is still significant
and the magnitude becomes much smaller relative to column (1). This means that
although we can control for some observable demographics, there are still some
unobservable heterogeneities that matter when people are updating their beliefs.
In summary, the first-stage result proves that the respondents do update their be-
liefs according to the Bayesian rule as is shown in Section [2 But the magnitude
is relatively low and indicates that only a small share of the individuals updated
their beliefs after receiving the information.

11



Table 2: Belief Updating: First Stage

(1) (2)

D.V. : Belief OLS FE
Signal;_{ 0.283*** 0.099***

(0.010) (0.009)
Age 0.000

(0.000)
Male -0.005

(0.006)
High School+ 0.000

(0.008)
Rural Hukou 0.015%*

(0.007)
Individual FE N Y
Year FE Y Y
# of Individuals 5,926 5,926
# of Observations 11,852 11,852

All regressions include BMI.
Standard errors in parentheses are clustered at the community level.
* p<0.1, ** p<0.05, *** p<0.01

5.2 Behavioral Changes

Based on the belief updating process, we further investigate whether behaviors
respond to the signal and Table |3| presents the 2SLS estimates. Bear in mind
that the first-stage regression results shown in Table [2 suggest that Signal; ;4
and Belief;; are positively highly correlated and we do not need to worry about
the weak instrument problem. In Table [3, we find that the respondents who
became aware that they were hypertensive were 51.8 percentage points more likely
to take medication and 13.1 percentage points more likely to quit smoking. We
find a consistently negative impact on drinking, although the coefficient is not
statistically significant. Table [3| shows that after receiving the signal and updating
their belief, the respondents are more likely to adopt a healthier lifestyle: taking
medication and quitting smoking.

12



Table 3: Beliefs and Behaviors : Second Stage

(1) (2) (3)

D.V. Medication Smoking Drinking

FE:

Belief 0.518%** -0.131°%* -0.085
(0.069) (0.063) (0.108)

OLS:

Belief 0.658%#* 0.014 0.025
(0.018) (0.022) (0.018)

# of Individuals 5926 5926 5926

# of Observations 11852 11852 11852

All regressions include BMI and year fixed effects.

The FE model includes individual fixed effect additionally.
Standard errors in parentheses are clustered at community level.
* p<0.1, ** p<0.05, *** p<0.01

5.3 Robustness Check

5.3.1 Hypertension Rank

The above analyses all use the signal, a dummy variable to indicate whether the

individual is hypertensive, as the instrument. Actually we know the exact blood

pressure measures of each respondent and can specify the severeness of their hyper-

tension. According to The Guidelines for the Treatment of Hypertension in China,

we divide hypertension severeness into four ranks: 0-3, which correspond to no hy-

pertension, minor hypertension, medium hypertension, and severe hypertension.
The exact definitions are presented in Table

Table 4: Hypertension Ranks

Hypertension Rank Definition (mmHg)
0 SBP<140 and DBP<90
1 140<SBP<160 or 90<DBP<100
2 160<SBP<180 or 100<DBP<110
3 SBP>180 or DBP>110

The basic idea is that severer hypertension may imply stronger signals. Indi-

viduals who are informed that they have severer hypertension may be more likely

13



to update their beliefs and become aware of their hypertension status. In a new
first-stage regression, we test this hypothesis with a similar specification to that
in Table [3| and use three dummy variables that indicate whether the respondent
has minor, medium, or severe hypertension. The results are presented in Table
bl For the first-stage regression, all the coefficients of the hypertension ranks are
significantly positive and the magnitudes increase with hypertension rank. This
indicates that individuals who are informed about their severer hypertension status
are more likely to update their beliefs and become aware that they are hyperten-
sive. The second-stage regression results show that those with updated beliefs are
more likely to take medication and quit smoking. Although the impact on drinking
is insignificant, the sign of the coefficient of Belief;; is negative. All the results
are consistent with those in Table |3 Thus, we can robustly conclude that those
receiving the signal and updating their beliefs are more likely to take medication
and quit smoking.

Table 5: Hypertension Rank as IV

(1) (2) (3)

D.V. Medication Smoking Drinking
Belief 0.525%+* -0.124%* -0.085
(0.072) (0.060) (0.103)
First Stage D.V.: Belief
Hypertension Rank 1 0.094%** 0.094%** 0.094%**
(0.009) (0.009) (0.009)
Hypertension Rank 2 0.116%** 0.116%** 0.116%**
(0.021) (0.021) (0.021)
Hypertension Rank 3 0.149%+* 0.149%+* 0.149%+*
(0.041) (0.041) (0.041)
# of Individuals 5,926 5,926 5,926
# of Observations 11,852 11,852 11,852

All regressions include BMI, individual fixed effects, and year fixed effects.
Standard errors in parentheses are clustered at the community level.
* p<0.1, ** p<0.05, *** p<0.01

5.3.2 Regression Discontinuity Design

A major concern is that those who receive a positive hypertension diagnosis, that
is, actual hypertension equals 1, are incomparable with those who have normal
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blood pressure. In our definition of hypertension in Table [d, we can naturally ex-
ploit a regression discontinuity design (RDD) and compare the outcomes of people
with blood pressure just above and below the critical value to investigate the pos-
sible causality. However, unlike the ordinary RDD, there are two forcing variables
here, systolic and diastolic blood pressures, to define whether the respondent is
hypertensive, and their critical values are 140 mmHg and 90 mmHg, respectively.
For the study sample, only 1.5% of individuals are diagnosed as hypertensive only
by diastolic blood pressure. This means that the majority of the hypertensive
individuals are diagnosed just because their systolic blood pressures is above the
threshold of 140 mmHg. Thus, for simplicity, we exclude the hypertensive patients
who are diagnosed only by diastolic blood pressure and the the only threshold of
140 mmHg can be used as the cutoff point for the RDD design.

Furthermore, we construct a measure of relative blood pressure (RBP) by cen-
tering the systolic blood pressure relative to the critical values. With this construc-
tion, the respondent is actually hypertensive if RBP > 0; otherwise, the respondent
is normal. As stated in Sections [2] and [} there are some respondents who ignore
the information and do not update their beliefs, so here we use fuzzy RDD to
investigate the causality, which is similar to the instrumental variable approach by
using the sample around the threshold from an econometric perspective. Figure
1(a)| shows the first-stage result with RBP in [—20, 20]. It shows a positive upward
jump for the change of belief around the threshold RBP=0. This means that for
individuals whose RBP is close to the threshold, those who receive a positive signal
are more likely to update their beliefs and become aware that they are actually
hypertensive.

We further draw the second-stage results with RBP in [—-20,20] and Figure
through Figure show the impacts on medication, smoking, and drinking,
respectively. Figure shows a significant positive impact of belief updating on
taking medication and Figures and present a downward jump for smoking
and drinking, which means that individuals with updated beliefs are more likely
to quit smoking and drinking, although here the impacts are not significant.

We can similarly run the 2SLS regressions within different bandwidths and the
results are presented in Table [f] For taking medication, the impacts are signifi-
cantly positive across different bandwidths, [—10, 10], [—20, 20], and [—40, 40]. For
smoking, the impact is negative and significant across bandwidth [—10, 10], which
means that respondents who received positive signals are 30.5 percentage points
less likely to smoke compared with respondents who did not receive signals when
their reported SBP was in [130, 150]. As the bandwidth becomes larger, the coef-
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ficient of Belief; is still negative but no longer significant, and we do not find any
significant impact on drinking. In summary, the RDD results imply that people
tend to take medication and quit smoking after they receive the signal and update
their beliefs.

Table 6: RDD Results
(1) (2) (3)

[-10,10] [-20,20] [-40,40]
D.V. : Medication
Belief 0.481***  (0.599*** 0.473%**
(0.185) (0.146) (0.118)
D.V. : Smoking
Belief -0.305**  -0.226 -0.099
(0.149) (0.149) (0.135)
D.V. : Drinking
Belief 0.245 -0.006 -0.286
(0.261) (0.233) (0.213)
First Stage D.V.: Belief
RBP 0.008***  (0.003*** 0.001%**
(0.002) (0.001) (0.000)
# of Individuals 2,090 3,706 5,549
# of Observations 2,591 5,516 10,498

All regressions include BMI, individual fixed effects, and year fixed effects.
Standard errors in parentheses are clustered at the community level.
* p<0.1, ** p<0.05, *** p<0.01

5.3.3 Spousal Effect?

There may be a worry that the respondents’ beliefs may be affected not only by
their own signals but also by their spouses’. We investigate this possibility in this
subsection. We first keep respondents who have a spouse living with them. Then
we run the respondents’ beliefs on their spouses’ signals, with and without own
signal included. The results are presented in Table[7] Column 1 shows that respon-
dents’ spouses’ signals have no significant impact on their own belief updating. By
adding their own signal, column 2 shows that the coefficient of the spouses’ signals

17



remains insignificant and the number slumps to near zero, but the coefficient of the
respondents’ own signals is economically and statistically significant. Therefore,
we can conclude that it is the respondents’ own signals, not their spouses’, that

play a significant role in their belief updating.

Table 7: Spousal Effect

(1) (2)
D.V. : Belief FE FE
Signal;_{ 0.112%*%*
(0.015)
Spouse’s Signal;_;  0.015 0.001
(0.011) (0.010)
Individual FE Y Y
Year FE Y Y
# of Individuals 2,754 2,754
# of Observations 5,508 5,008

All regressions include BMI.
Standard errors in parentheses are clustered at the community level.
* p<0.1, ** p<0.05, *** p<0.01

5.4 Heterogeneous Effect

We notice the facts that males account for a majority of smokers and drinkers, and
that people in rural China have fewer economic resources and less access to health-
related infrastructure compared with people in urban China. These differences may
lead to different types of behavioral responses across different groups. To identify
the source of the behavioral changes, we employ the same 2SLS method and carry
out heterogeneity analysis by gender and residence type. The estimates are shown
in Table [, where columns (1) and (2) are divided by gender, columns (3) and
(4) are by residence type. For gender, both males and females are significantly
more likely to take medication and the difference between them is slight. The
main impact on quitting smoking comes solely from the males, probably because
smokers are mainly males (89.9%). In addition, rural people are more likely to quit
smoking but less likely to take medication compared with urban people. This is
probably due to gaps in health care accessibility and economic resources between
rural and urban areas. In rural areas, public health amenities are less accessible

than those in urban areas, and people living in rural areas are on average poorer
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than those in urban areas. Thus, after receiving a positive signal and updating
their beliefs about their hypertension status, rural people have greater difficulties
buying anti-hypertension medicine compared with urban people, so rural people
tend to turn to the more economical response of smoking less. For drinking, again,
we do not see any significant difference in the effect across different groups.

Table 8: Heterogenous Effects

(1) (2) (3) (4)
Male Female Rural Urban

D.V. : Medication
Belief 0.531%*F*  (0.521*%*F*  (.502*** 0.543***
(0.088) (0.104) (0.088) (0.112)

D.V. : Smoking
Belief -0.203* -0.000 -0.132* -0.125
(0.115) (0.037) (0.080) (0.102)

D.V. : Drinking
Belief -0.116 -0.044 -0.009 -0.218
(0.183) (0.119) (0.138) (0.173)

First Stage D.V.: Belief
Signal; 0.102%**  (0.096***  0.094***  (.110%**
(0.012) (0.013) (0.011) (0.016)

# of Individuals 2,802 3,149 4,055 1,871
# of Observations 5,579 6,273 8,110 3,742

All regressions include BMI, individual fixed effects, and year fixed effects.
Standard errors in parentheses are clustered at the community level.
* p<0.1, ** p<0.05, *** p<0.01

6 Conclusion

There is growing concern about the effects of information on health behaviors in the
developing world, where the increasing proportion of people with chronic diseases
and less access to public health facilities is colliding with high levels of harmful
behaviors and lifestyles. However, the effectiveness of information on behaviors

not only depends on provision of information to the individuals, but also whether
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the information can be successfully turned into their updated beliefs. This article
sheds light on the importance of health information in the efforts to curtail risky
behaviors, highlighting the importance of belief updating in the process.

We built a Bayesian updating model to illustrate how people update their be-
liefs based on a Bayesian rule and accordingly change their behaviors. Then we
used a nationally representative longitudinal survey in China to investigate empir-
ically the predictions from the model. Consistent with the model predictions, we
found that only a part of the respondents updated their beliefs after receiving a sig-
nal. Statistically significant effects of information on quitting smoking and taking
medication were observed for people who actually updated their beliefs, that is, be-
come aware of their hypertension status. Moreover, heterogeneity analysis showed
that the impact on quitting smoking came from males and rural people, while the
impact on taking medication was larger for males and urban people. Nevertheless,
we did not find any significant evidence on drinking. Our findings illustrate that
eliminating information asymmetry through a prior physical examination greatly
helps people to reduce risky behaviors and live a healthier lifestyle. Policy makers
should focus not only on health information provision, but also respondents’ belief

updating. Heterogeneity across regions should also be carefully considered.
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