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Abstract 

 
By exploiting rich retrospective data on childhood immunization, socioeconomics, and health status in China 
(the China Health and Retirement Longitudinal Study), we assess the long-term effects of childhood 
vaccination on cognitive and educational outcomes in that country. To do so, we apply various techniques 
(e.g., propensity score and coarsened exact matching and correlated random effects) to different sets of 
conditioning variables and subsamples to estimate the average treatment on the treated effect of childhood 
vaccination. Our results confirm that vaccinations before the age of 15 have long-term positive and 
economically meaningful effects on nonhealth outcomes such as education and cognitive skills. These effects 
are relatively strong, with vaccinated individuals enjoying about one more year of schooling and performing 
substantially better later in life on several cognitive tests.  
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1. Introduction 

A review of 108 studies from 51 low- and middle-income countries amply demonstrates the economic benefits 
of vaccinations (Ozawa et al. 2012), estimating the cost of such immunization benefits as disease prevention 
and herd immunity to be less than USD1,000 per averted DALY. In addition, a growing number of 
epidemiological, immunological, and clinical studies indicate positive vaccine effects well beyond the intended 
disease protection (Benn et al. 2013, Saadatian-Elahi et al. 2016), including heterologous nonspecific 
protection via immune system training or induction of cross-reactive T-cells (Andersen et al. 2018). Because 

these nonspecific effects may be relatively substantial, they are just as—or even more—important for child 

mortality than specific vaccine effects (Benn et al. 2013). Hence, in assessing the effects of childhood 
vaccination on cognitive and schooling outcomes in late adulthood, we define as indirect any that affect 
nonhealth status outcomes (i.e., education and cognitive abilities) regardless of whether induced via targeted 
disease prevention (specific effects) or immune system boosting (nonspecific effects). The primary channel 
through which childhood vaccinations influence cognition and schooling is improved child health, which can 
raise educational outcomes through increased school attendance and achievement (Nandi, Shet, et al. 2019). 
The latter, in turn, can enhance cognitive skills not only in childhood, but also in later life, as the well-
documented association between schooling and old-age cognitive outcomes suggests (e.g., memory disorders; 
Glymour et al. 2008). A more direct effect of childhood health on cognitive skills relates to the detrimental 
effects of illnesses and stress on the hippocampus, which can negatively affect episodic memory performance 
in later life (Evans and Schamberg 2009, Hassevoort et al. 2016). 

Our selected research setting of China provides a unique opportunity to assess childhood vaccination effects 
on late adulthood cognitive and educational outcomes because before Mao and the Chinese Communist Party 
assumed state power in 1949 (commonly termed the “Liberation”), immunization was extremely limited, 
infectious diseases extremely serious and difficult to control (Liang and Liu 2019a), and preventive medicine 
almost nonexistent in most of the country (Sidel and Sidel 1975). In 1950, however, the Ministry of Health 
oversaw a free smallpox vaccination campaign that achieved around 90% coverage nationwide within 3 years, 
followed in 1953 and 1954 by child vaccination directives against diphtheria toxoid and tuberculosis, 
respectively, together with accelerated research on vaccine development for all high-mortality infections. A 
key factor in the success of these campaigns was mass mobilization (World Bank 1984) driven by a Party 
policy that medicine should serve the needs of workers, peasants, and soldiers alike (Sidel and Sidel 1975), 
with preventive intervention prioritized over therapeutic. During the Cultural Revolution (1965–1975), 
however, immunization campaigns broke down because of a seriously depleted number of health technicians 
and lagging immunization oversight, resulting in poor or disrupted vaccination management (Liang and Liu 
2019b). As a result, unlike vaccination practices in Europe and the United States, childhood immunization 
among older adults in China is nowhere near universal, providing the treatment variation necessary for the 
implementation of econometric techniques. The Chinese setting is doubly interesting in that its older 
populations often lack the high levels of cognitive ability inherently necessary for sound financial (and health) 
outcomes, while also having no access to specialist advice on such topics (Lei et al. 2014). At the same time, 
the threat to eldercare provision posed by past fertility reductions and migration patterns that increasingly 
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separate parents geographically from their adult children make the promotion of cognitive health in China 
particularly important (Smith, Strauss, and Zhao 2014). 

Our analysis, which draws on the China Health and Retirement Longitudinal Study (CHARLS), is to our 
knowledge the first comprehensive examination of the long-lasting effects of childhood vaccination on 
educational and cognitive outcomes in later adulthood. To measure these effects, we exploit a rich set of 
cognitive ability and schooling completion variables together with retrospective information on individual life 
histories, including vaccinations, and socioeconomic and health status during childhood. In estimating the 
average treatment on the treated effect (ATT) of childhood vaccination, we apply various techniques 
(propensity score and coarsened exact matching and correlated random effects) to different sets of conditioning 
variables and subsamples. Our results confirm that early life vaccination has long-term positive and 
economically meaningful effects on nonhealth outcomes such as educational achievement and cognitive skills. 
These effects are relatively strong, with vaccinated individuals enjoying about one more year of schooling and 
performing substantially better in later life on cognitive tests.  

2. Literature Review  

Whereas most literature on the effects of childhood vaccination focuses on child mortality rather than other 
outcomes, some recent studies do address the effects on cognitive and schooling outcomes. For example, in 

addition to inducing a 7.4 percentage point increase in male school enrollment probability in Bangladesh—

albeit with no apparent effect for females (Driessen et al. 2015)—age-appropriate measles vaccination 

improves school grades in South Africa and enhances child anthropometry, cognition, and schooling outcomes 
in Ethiopia, India, and Vietnam relative to nonvaccinated children (Nandi, Shet, et al. 2019). Likewise, a study 
of the associations among these three outcomes and Hib vaccination in India documents significantly higher 
scores for vaccinated children on English, mathematics, reading, the Peabody Picture Vocabulary tests, and 
school grades, and higher z-scores for height-for-age (HAZ) and BMI-for-age (BMIZ; Nandi, Deolalikar, et 
al. 2019). This same pattern is observable among Filipino children given full childhood vaccination against 
measles; polio; tuberculosis (TB); and diphtheria, pertussis, and tetanus (DPT) (Bloom, Canning, and Shenoy 
(2011). Nandi et al. (2020) show that schooling attainment among young adults was improved (by about 0.25 
grades) by exposure to India’s Universal Immunization Programme (UIP), which took place between 1985 
and 1990. Similarly, Anekwe et al. (2015) show that immunization increases years of schooling of young South 
Africans (6–11 years old) by 0.20 grades. 

Not only do the aforementioned findings underscore vaccination’s potential long-term benefits for cognition 
and schooling, but a large body of economics literature documents the financial benefits of good childhood 
health (e.g., Case, Fertig, and Paxson 2005, Smith 2009). For example, Case, Fertig, and Paxson (2005) show 
that even after they control for parental socioeconomic characteristics, those who experience poor health as 
children not only have poorer health as adults but also have significantly lower educational attainment and 
lower social status. Given the strength of these predominantly beneficial vaccine effects (both specific and 
nonspecific) on child health, such benefits could be expected to last the lifetime. Yet aside from the already 
cited studies, we know of no studies that assess the longer-lasting effects of vaccines, particularly those on 
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nonhealth outcomes like cognitive ability and educational achievement. The only exception is the study of 
Nandi et al. (2020), which assesses how a specific vaccine affects adult education (adults aged between 20 and 
49 years), but it neither investigates the effects on cognitive abilities, nor does focus on elderly individuals. 
Even the studies already referenced adopt a relatively short-term perspective by focusing primarily on 
outcomes in late childhood up to early adolescence rather than assessing the potential long-term effects in late 
adulthood.  

Although this lack of empirical evidence on vaccination’s long-term effects is no doubt related to the 
methodological challenges of identifying causal relations between childhood vaccines and later life outcomes, 
the randomized trials that should ideally be used to assess such effects are often very difficult to implement, 
especially many years after the original exposure (Barnighausen et al. 2014). Even the potential alternative of 
observational studies may suffer from selection bias if vaccine recipients differ from nonrecipients in ways 
that relate to the outcome variable independent of vaccination (Fine et al. 2009), prompting several researchers 
to mitigate this problem by using quasi-experimental propensity score matching (PSM; (e.g., Nandi, Shet, et 
al. 2019, Nandi, Deolalikar, et al. 2019, Bloom, Canning, and Shenoy 2011). Another way to avoid selection 
bias is to exploit natural experiments such as the introduction of universal vaccination programs, which 
guarantee that access to vaccines is independent of such bias-inducing factors as household wealth, parental 
education, and health insurance coverage (Andersen et al. 2018). An additional challenge when assessing 
vaccination’s long-term implications is the widespread unavailability of precise childhood vaccination data for 
older adults. Our analysis thus makes a valuable contribution to the literature, not only by being one of the first 
to document the long-lasting effects of childhood vaccination on educational and cognitive outcomes, but also 
by applying a combination of techniques to limit possible biases. Our combination of several matching 
techniques with correlated random effects (CRE) regression, in particular, exploits the panel data structure to 
limit any possible skewing from time-invariant individual-level unobserved heterogeneity.  

3. Materials and Methods 

3.1 Data 

Our data are drawn from CHARLS, a longitudinal survey representative of the Chinese population over age 
45, which in addition to basic demographics collects information on the socioeconomic determinants of aging, 
including physical and physiological health. Our analysis uses both the three standard CHARLS waves (2011, 
2013, and 2015) and a 2014 retrospective wave that provides family information; work history; and data on 
childhood education, health, and wealth status. In the main analysis of this study we retain only the 
observations for those aged less than or equal to 80 years old, but we report the results using the full sample in 
the Appendix. Excluding the so-called “super healthy” individuals from the sample is common in studies on 
elderly populations (c.f. Abeliansky and Strulik 2018), and it is done to limit selective mortality-related biases. 
In fact, especially for the case of China individuals older than 90 years old in our sample surpassed their life 
expectancy at birth. 
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Dependent variables. To estimate the long-term effects of childhood vaccination on cognitive abilities and 
education, we exploit episodic memory, mental status, and years of schooling as reflected by the cognitive 
ability measures in the three regular waves of the CHARLS panel data (see Table A.1 for the corresponding 
survey items). Specialized personnel collect these cognition measures, which match those used in 
internationally comparable surveys of older adults (e.g., Survey of Health and Retirement in Europe, also 
known as SHARE), with individual daily life reasoning abilities captured by episodic memory in the form of 
immediate and delayed recall. For these two variables, an enumerator reads a list of 10 Chinese nouns and then 
counts how many words on the list an individual can recall immediately and then four minutes later, 
respectively. For the purposes of our study, we transform these measures from count to quasi-normally 
distributed variables by computing the share of correctly recalled nouns out of the total listed (with the 
corresponding ATTs interpreted as the probability of correctly recalling all 10). 

The second set of CHARLS cognitive ability measures, which comprises items from the Telephone Interview 
of Cognitive Status (TICS) study, proxies mental status by the ability to (i) name the day’s date (year, month, 
day, and day of the week), (ii) redraw a picture, and (iii) count down from 100 by sevens up to five times 
(serial 7 subtraction, as a proxy for numeracy). Our econometric models employ this set of mental status 
variables (except for serial 7) in their original dichotomous form with a value of one indicating individual 
success on a specific task (zero otherwise). We then aggregate the episodic memory and mental status variables 
into two indicators representing the number of successfully accomplished tasks over the entire cognitive ability 
test (cf. McArdle, Smith, and Willis 2009). Lastly, because CHARLS specifies only a categorical variable for 
highest educational level achieved rather than exact years of formal education, we compute years of schooling 
by converting this level into actual years (cf. Molina 2016). According to Table 1, which reports the descriptive 
statistics for all the outcome variables measured, the treated respondents are always better off in terms of years 
of schooling, numeracy, episodic memory, and general mental status.  

[Table 1 about here] 

Main independent variable. The treatment in our models is childhood vaccination (i.e., before age 15), 
determined based on a corresponding item in the 2014 CHARLS retrospective wave, coded as one for 
vaccinated individuals (before age 15) and zero for unvaccinated, of which the latter comprise 36% of our 
sample (see Table 2). Unfortunately, because CHARLS provides no information on vaccination type and exact 
timing, we cannot construct variables that proxy vaccine-specific exposure, which would have allowed us to 
disentangle the biological mechanisms underlying our results. Nonetheless, knowing the timeline of vaccine 
introduction in China and exploiting the representativeness of our sample for older adults, we are able to 
narrow the pool of vaccines responsible for any positive effects on education and cognitive abilities. That is, 
given China’s vaccine licensure timeline (Zheng et al. 2018) and our youngest respondent’s 1970 birth year, 
the treatment group primarily received the antitubercular bacillus Calmette-Guérin (BCG, 1937); vaccines 
against plague (1946), yellow fever (1954), poliovirus (OPV, 1961), and measles (ML-L, 1965); and possibly 
the combined DTP immunization (1973).  

[Table 2 about here] 
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Conditioning variables for PSM. For our PSM conditioning variables, we select a set of predictors of childhood 
vaccination probability whose vector includes demographic and childhood socioeconomic measures and 
parental characteristics (see Table A.2 for the corresponding CHARLS life history questions). These variables, 
together with their descriptive statistics and exogeneity with respect to the treatment variable, are detailed in 
the following Methods subsection.  

Time-variant controls. To estimate the CRE models, we employ individual income and household food 
expenditure (per capita) as time-variant controls (in addition to age), derived from the CHARLS personal 
income and wealth and household expenditure modules, respectively, of which the latter include both 
purchased and self-produced food consumption. We correct both variables for inflation levels using the 
consumer price index (base year = 2010). 

3.2 Methods 

The challenge in disentangling childhood vaccinations’ long-term nonspecific effects on later life outcomes is 
that the parental attributes, of which childhood vaccination status is a function, might also determine better 
human and health capital in adulthood. Specifically, because the treatment (i.e., vaccination) is not randomly 
assigned, a naïve OLS model would produce upwardly biased estimates of the vaccination effect on the 
outcome variables studied. To avoid this bias, we employ a PSM technique that ensures the potential outcome’s 
conditional independence by minimizing prevaccination background differences between the treatment and 
control groups to enable estimation of a causal ATT of childhood vaccination on human capital and later-life 
cognition. Although most Chinese in our sample were probably vaccinated in one of the nationwide 
immunization campaigns, two methodological considerations prevent us from exploiting these events as quasi-
natural experiments. First, because household socioeconomics and parental beliefs determine vaccination 
probability even when access is universally provided and incentivized, an empirical model unable to rely on 
random treatment assignment will produce biased estimates. Second, if the survey provides no precise 
information on immunization campaign enrollment, the timing of these events alone will not allow precise 
identification of the treated units (e.g., by exploiting birth year) because inoculation is not mandatory and 
applies to different age groups depending on the specific vaccine type and related campaign design.  

Our PSM strategy thus first estimates vaccination probability on a set of regressors that proxy treatment 
probability while being exogenous to the treatment (e.g., household demographics and socioeconomic status 
in childhood). Then, retaining only those individuals who share a common support region, we estimate the 
ATT by alternatively applying k-nearest neighbor (k-NN), kernel, and Mahalanobis distance algorithms or by 
running OLS regressions that correct for potential bias via inverse probability of treatment weighting. In 
addition to PSM, we also estimate the childhood vaccination effect on educational and cognitive outcomes 
using an exact matching technique and exploit CHARLS’s longitudinal structure by applying a correlated 
random effects model. Lastly, we test the robustness of our matching strategies through a series of placebo 
tests using outcome variables that are impervious to the treatment but strongly related to parental investment 
in children and adult attitudes toward health risk behaviors.  
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3.3 Matching Strategy 

For a matching technique to produce unbiased ATT estimates, three assumptions must hold: First, to meet the 
balancing property (eq. 1), the groups of treated (D=1) and control (D=0) observations with the same 
propensity score e(x) must be similar in their distribution of observable covariates x (Rosenbaum and Rubin 
1983): 

Pr{$|& = 1, *($)} = Pr{$|& = 0, *($)} (1) 

Second, the matching must satisfy the conditional independence assumption (CIA) that given a set of 
explanatory variables x that the treatment does not affect, the potential outcomes Y(0) and Y(1) are independent 
of treatment assignment D=0,1 (Caliendo and Kopeinig 2008): 

/(0), /(1) ⫫ &|$ = /(0), /(1) ⫫ &|*($)  (2) 

In the case of one continuous or multiple conditioning variable(s), the CIA (eq. 2, left side) is equally satisfied 
when the potential outcomes are independent of the treatment conditional on the propensity score (eq. 2, right 
side) (Rosenbaum and Rubin 1983). Lastly, for each treated observation a control observation with a similar x 

or e(x) must exist (Heckman, Ichimura, and Todd 1998), and if the analysis includes individuals outside the 
common support, the difference between the observed outcomes of the treatment and control groups are likely 
to be biased.  

0 < Pr(& = 1|$) < 1 

Because the aforementioned constraints imply that the choice of propensity score conditioning variables is 
crucial to producing unbiased ATT estimates, we carefully select a set of explanatory variables that are 
impervious to the vaccination treatment while simultaneously determining the probability of immunization. 
This choice relies on a combination of the extant applied literature on vaccination determinants (e.g., Bloom, 
Canning, and Shenoy 2011) and the variables that best describe the Chinese context. We then estimate the 
propensity score by first running a set of probit regressions and then limiting any potential selection issue 
related to missing values by performing an independent PSM procedure for each outcome variable.  

The explanatory variables selected are parental characteristics (both mother and father being illiterate and alive 
at the time of the most recent interview), demographic characteristics (gender, age, member of an ethnic 
minority group, and fixed effects for birth year), and health care access and socioeconomic status during 
childhood, as reflected by perceived socioeconomic status, experience of hunger, and no education before age 
15 (see Tables 2 and A.2 for variable descriptions). Although the original data characterize parental education 
by the highest formal schooling completed, more than 90% of the parents sampled have zero education or 
completed no primary schooling at all, prompting us to instead construct a dummy variable for literacy. We 
also construct a probit model that includes all possible interactions between the aforementioned regressors, 
except for birth year dummies. Because no probit conditioning variables (except age and mother and father 
being alive) vary in time, using the pooled panel sample for the propensity score computations has no 
advantage. In fact, given the slightly unbalanced nature of this panel dataset, all propensity score estimations 
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use cross-sectional data that include each individual only once regardless of the number of waves in which the 
respondent was interviewed. The matching-based ATT estimations, in contrast, employ the full (pooled or 
longitudinal) sample.  

Three aspects of our methodology give us confidence in the goodness of the conditioning variables, the first 
being our use of the predictive power of characteristics imbued at birth and not subsequently modifiable (e.g., 
age, gender, and ethnic minority membership) or impervious to the effects of childhood vaccination 
(mother/father literacy and mortality). The second is our use of variables that proxy socioeconomic status 
(poverty and hunger) under age 15, a period of probable economic inactivity, meaning that childhood 
vaccinations would not affect the family’s economic status. The last is our proxying of both parental investment 
in child education and access to health care at the extensive margin (i.e., no education before age 15 and never 
seen by a doctor).  

Although we can safely assume that childhood immunization status cannot be the cause of never having seen 
a doctor (especially in a sample of older adults), the exogeneity of the variable proxying childhood education 
must be carefully assessed. That is, some extant research suggests that certain vaccines (e.g., anti-influenza) 
improve school attendance (Pannaraj et al. 2014) and measles vaccine could increase the probability of school 
enrollment (Driessen et al. 2015), so even though we know of no studies demonstrating a vaccination effect 
on adult literacy, in rare cases of chronic disease (especially at the start of primary school), a lack of 
immunization could hypothetically translate into no formal education at all. Note also that 3% of those having 
no formal education before age 15 reported receiving 1−9 years of schooling in adulthood. The direction of 
the bias caused by including the potentially endogenous child education proxy among the set of conditioning 
variables would only lead to understated effects of childhood vaccination. Hence, to avoid any violation of the 
conditional exogeneity assumption, we replicate our analysis with the education variable excluded from the 
set of conditioning regressors, which yields estimates (Table A.3) that are virtually equivalent in statistical 
significance and magnitude to the main analytical findings reported in the Results section. 

3.4 Matching Algorithms 

Nearest neighbor matching (NN). To estimate the difference in observed outcomes, we use one-to-one NN 
propensity score to match each treated unit to the closest untreated control, permitting replacement to avoid 
biased estimates induced by the untreated pool representing only 15% of the total sample (i.e., having low 
matching quality). To ensure matching estimate precision, we then apply an oversampled k-NN that uses 
propensity score to pair each treated individual with the unweighted average of the eight closest controls.  

Inverse probability weighting (IPW). The purpose of IPW is to balance the treatment and control groups by 
assigning larger weights to each treated (control) individual whose pretreatment characteristics are more likely 
to also occur in the set of controls (treated). That is, although the actual (inverse) treatment probability is 
unknown, it can be proxied by using a probit regression to compute a propensity score from which to construct 

a weighting system in which 2($) = 3
4(5) for treated individuals and 2($) = 3

364(5) for controls. ATT 
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estimates can then be calculated using a regression model whose original estimator corrects for selection into 
treatment via the propensity score–based weights. 

Kernel matching. Instead of building a counterfactual from equally weighted control individual(s), we adopt a 
kernel matching technique that enables the construction of a (nonparametrically) synthetic counterfactual by 
using a control set based on propensity score distance whose closest control is assigned greater weight. Our 
kernel matching estimations using an Epanechnikov (parabolic) weight system (see the Results section) yield 
very similar outcomes to (unreported) robustness checks based on a Gaussian kernel. 

Local linear regression matching (LLR). By locally fitting a line instead of a kernel constant, a nonparametric 
local linear regression solves two problems common to the latter approach: namely, bias dependency on the 
density of the propensity score distribution and bias boundary problems. Not only is LLR free of such 
dependency, but the potential bias is identical at both the interior points and boundaries of the distribution, 
thereby eliminating biases when the underlying model is truly linear (Fan 1992, 1993).  

Mahalanobis metric matching. This matching technique uses a Mahalanobis geometric distance to pair treated 
units with control candidates. Unlike PSM procedures, which standardize the variables by exploiting the 
diagonal matrix of variances (Euclidian distance), the Mahalanobis metric matching uses the full variance–
covariance matrix, meaning that it considers how the variables relate to each other (Rubin 1980). Such pair-
matching methods are thus far more robust than mean-matching approaches (e.g., k-NN and kernel) in case of 
nonlinearities between the treatment and conditioning variables (Rubin 1979).  

3.5 Matching Quality Tests 

The descriptive statistics for the conditioning variables, reported in Table 2 for the full sample and treatment 
and control groups separately, are based on the largest subsample in the analysis: that used to estimate the 
effect of childhood vaccination on years of education. Applying multiple techniques to test the balance between 
these two groups (using Stata psmatch2 for all but stratification; (Leuven and Sianesi 2003)) reveals a 
considerable degree of imbalance. Hence, in Table 3, we report the pseudo-R2, the overall standardized 
percentage mean bias and its statistical significance for each outcome variable and for the unmatched and 
matched samples. These results, based on our preferred matching specification using an oversampled k-NN 
algorithm (K=8), first reveal that relatively few observations are dropped for being outside the common support 
region (20–109). They also show that just as the predictive power of our set of conditioning variables, as 
measured by the pseudo-R2, equals 7% before matching but drops to zero after matching, the standardized 
mean bias is always statistically significant and large in magnitude (24%) before matching, but ranges between 
1% and 2% after matching (albeit always statistically insignificant at α=5%).  

 [Table 3 about here] 

In support of these conclusions, Figure 1 graphs the matching quality for the subsample with no missing 
observations for years of schooling (N=16,493), with Figure 1A depicting the standardized percentage bias 
broken down at the covariate level before and after matching (dots and crosses, respectively) and Figure 1B 
outlining these same results as the averages of the full set of conditioning variables. Figure 2 then plots the 



10 
 

CDF of the propensity score before and after matching (Figure 2A and B, respectively) for our least 
conservative approach, the IPW. Comparing these distributions confirms our matching strategy’s ability to 
balance pretreatment variables. Nevertheless, as an alternative test of this balancing ability, we conduct PS-
stratified t-tests (Dehejia and Wahba 2002), which calculate the propensity score by (probit) regressing the 
treatment variable on the full set of conditioning regressors, restricting the analysis to observations inside the 
common support region, and using a t-test to estimate the balance of each conditioning variable by propensity 
score block. The underlying assumption is that treatment and control group observations with similar 
propensity scores must also be similar in conditioning variable distribution (eq. 1). The number of blocks may 
be defined subjectively or by using the Stata pscore package to compute the optimal number of blocks and 
automatically running regression-based balancing t-tests (α = 5%) for each conditioning variable across all PS-
blocks (Becker and Ichino 2002). Not only do all subsamples pass the balancing test, but when we consider 
only the main conditioning variables (i.e., excluding interactions and birth year dummies), all show perfect 
balance (zero percent unbalance), meaning no rejection of the null hypothesis of intergroup equality by block. 
Conversely, if we perform a balance test on the full set of 174 conditioning variables (including all possible 
interactions and birth year dummies) across all PS-blocks (12−15), the imbalance detected ranges only between 
0.1% and 1%, far below the 5% minimum threshold suggested in the literature.  

[Figures 1 & 2 about here] 

3.6 Coarsened Exact Matching 

As an alternative to PSM, we estimate the effect of childhood vaccination on education and cognitive abilities 
using exact matching and coarsened exact matching techniques. For the former estimation strategy, we limit 
our set of conditioning variables to only those that are dichotomous (i.e., the original set of regressors except 
for age) and then exactly match each treated observation with a control unit. Alternatively, in line with some 
recent applied economics studies (e.g., Rellstab et al. 2020), we employ a coarsened exact matching technique 
to transform the age variable from continuous to categorical, using Stata cem to select an optimal number of 
categories (Blackwell et al. 2009). In these models, we exclude birth year fixed effects from the conditioning 
variable set to avoid a substantial loss of observations. We derive the final ATT using IPW cem-based 
regressions that exploit the weighting obtained from either the exact or the coarsened exact matching strategies. 
Because by construction no difference exists in pretreatment characteristics between treatment and control 
groups, both these methods automatically fulfil the balancing property. Admittedly, a frequent drawback of 
(coarsened) exact matching is smaller sample size; however, in our case, once the treated individuals are 
matched exactly with their control counterparts, we are able to retain an acceptable number of observations.  

3.7 Correlated Random Effects  

To limit any possible bias from time-invariant individual-level unobserved heterogeneity, we exploit the 
longitudinal nature of our dataset by estimating CRE regressions in an IPW framework. We do so not only 
because our treatment variable, being fixed in time, precludes the use of a fixed effects model, but because in 
a random effects framework, the CRE approach controls for the average of the time-variant independent 
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variables, meaning that in a balanced panel setting, the CRE estimator of the time-variant variables is 
equivalent to the within-estimator (Mundlak 1978). We apply this method by first using the cross-sectional 
sample to estimate a propensity score, computing the inverse treatment probability, and then running a CRE 
model (in Stata xtregre2; (Merryman 2005)) that accounts for these weights plus a set of time-variant and fixed 
control variables. The only caveat is that the time-invariant nature of our schooling proxy prevents estimation 
of the childhood vaccination effect on education. However, CRE models use a smaller sample than pooled 
PSM, not only because the CRE list-wise approach to data preparation for the time-variant controls causes the 
loss of some observations (1,004), but because it drops all individuals not interviewed at least twice.  

4. Results 

According to Tables 4 and 5, which report the PSM and exact matching estimations for the childhood 
vaccination effect on schooling and cognitive abilities among older Chinese, neither the magnitude nor the 
statistical significance vary substantially regardless of matching strategy employed. Nonetheless, k-NN 
matching (k=8) proves the preferred method because it assures the highest degree of balance between the 
conditioning variables. All ATT estimates, independent of matching strategy, are positive and statistically 
significant at the 5% level. The estimates reported as follows must be interpreted as probabilities for all the 
dichotomous variables, as points of scores ranging from zero to one for the numeracy, episodic memory, and 
mental status, and as years of schooling for the education variable. 

Not only do we estimate the extensive margin of the childhood vaccination effect on schooling to be 
approximately one extra year, but we show that the treatment considerably increases the numeracy score by 
0.06 points, as measured by the serial 7 test, and the ability to redraw a geometric figure (9% higher 
probability). As regards the variables that proxy mental status, correctly naming the current year and day of 
the week show the largest effects at 6.4% and 7.4% higher probabilities, respectively, whereas those for month 
and day of the month are only around 3%. These results are in line with the expectation that childhood 
vaccinations contribute not only to better mental status in late adulthood, but also to a more active life: active 
individuals, regardless of mental status, are more likely to know the day of the week. The aggregate indicators 
for mental health and episodic memory further confirm these results, pointing respectively to a 0.04 points 
treatment-induced increase in the mental status score and a 0.06 points improvement in episodic memory. This 
latter holds irrespective of whether assessed by immediate or delayed recall, reflecting 0.03 and 0.04 points 
higher episodic memory scores, respectively. Nonetheless, when comparing the PSM ATTs (Table 4) to those 
obtained via (coarsened) exact matching (Table 5), the need to drop 6–17% of the original sample dependent 
on matching strategy raises the possibility of sample selection (see the bottom of Table 5 for dropped 
observations by treatment group). Despite this drawback, these estimates remain virtually equivalent to the 
PSM ATTs in terms of both statistical significance and magnitude, while also being consistent with those from 
our CRE model for longitudinal data weighted by inverse treatment probability reported in Table 6. This latter 
is particularly relevant given the CRE estimator’s ability to account for time-invariant unobserved 
heterogeneity, a problem that the matching strategies cannot solve. Moreover, because we directly control for 
meaningful time-variant predictors of cognitive ability at the time of interview (i.e., personal income and 
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household food consumption), we can claim that the degree of bias originating from time-variant heterogeneity 
is probably minimal. 

[Tables 4, 5 & 6 about here] 

To confirm the robustness of our estimates, we perform a series of placebo tests using variables based on 
individual smoking history and number of living biological siblings (excluding individuals who never had 
siblings). According to the outcome summary statistics (see Table 7), which include the mean difference 
between treatment and control groups and its statistical significance, control group members are 5% more 
likely to be or have been smokers and 6% less likely to have living biological siblings. We thus consider these 
two variables ideal measures for placebo testing. Because childhood vaccination should not affect the 
individual probability of ever having been a smoker and is unlikely to have strongly affected sibling health 
status (e.g., premature death), any statistically significant effect detected by the placebo tests would suggest 
that our strategy inadequately corrects for parental background characteristics and/or adult health risk behavior. 

In fact, as Table 8 shows, the results—obtained using all eight of our methodological approaches—not only 

yield ATTs of very small magnitude (especially compared with the biased intergroup mean differences in 
Table 7), but also coefficients that remain statistically insignificant even at α = 10%.  

[Tables 7 & 8 about here] 

Although our estimation strategy is admittedly limited by its inability to address the bias from excluding those 
who suffered premature death due to lack of immunization, because the treatment considered is beneficial, this 
exclusion should at worst lead to underestimation of vaccination’s true positive effect on education and 
cognitive abilities. In fact, in our setting, because the nonimmunized dead, had they lived, would presumably 
have been less healthy and more disadvantaged in terms of schooling year completion, they would have 

belonged to—and lowered the variable mean for—the control group, causing our ATTs to underestimate the 

true vaccination effect. Finally, the PSM results remain virtually unchanged when using the full sample of 
individuals (i.e., including those up to 90 years of age) or excluding the childhood education proxy from the 
set of conditioning variables. Tables A.3 and A.4 report these additional results respectively. As expected, 
although the ATT estimates in Table A.3 do not change either in terms of sign or statistical significance, their 
magnitude is on average larger than the main results reported in Table 4. We cannot state with certainty if the 
exclusion of the (possibly endogenous) childhood education proxy from the set of conditioning PSM variables 
corrects a downward bias in the main results (Table 4), or if its inclusion allows us to construct a better PS-
based control group. In any case, in the main text we present the most conservative estimates. Finally, the 
results using the sample of individuals up to 90 years of age reported in Table A.4 confirm the robustness of 
our main results. Unsurprisingly, the inclusion of older individuals slightly reduces the effect of childhood 
vaccination on schooling. However, these results are more likely to suffer from selective mortality-related 
biases because of the inclusion of the super healthy. Finally, the statistical significance of our results holds for 
every estimation strategy and dependent variable considered even when we correct the p-values for multiple 
testing. Results of a Benjamini and Hochberg (1995) procedure alternatively using 0.05 and 0.25 false 
discovery rates are available on request. 
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5. Discussion and Conclusions 

By analyzing data from the China Health and Retirement Longitudinal Study, we find that adults over age 45 
who were vaccinated before the age of 15 tend to perform better on standardized cognitive tests and complete 
more years of schooling than similar unvaccinated individuals. These effects are relatively strong, with 
vaccinated individuals having enjoyed about one more year of schooling and performing substantially better 
on several cognitive tests, including 0.06 points higher numeracy and episodic memory scores. These findings, 
which remain robust and statistically significant regardless of matching algorithm even after we account for 
vaccination’s possible confounding effects, reinforce the existing evidence on vaccination’s health, cognition, 
and schooling effects in myriad countries, such as the additional 0.2–0.3 school grade by age 12 among Indian 
children age-appropriately vaccinated for measles (Nandi, Shet, et al. 2019). In particular, our analysis 
highlights that such benefits, which in China translate into approximately one more year of schooling, are long 
lasting and persistent into older age. These results are in line with a recent study demonstrating that childhood 
infections (more likely to occur among non-immunized individuals) decrease earnings and years of 
employment in adulthood (Viinikainen et al. 2020). 

In addition, by comparing the effect size of our results with those in other studies that use the CHARLS survey 
and assessing how other conditions or shocks measured at their extensive margin affect the episodic memory 
and mental status of older Chinese adults, we demonstrate that early vaccination’s positive effects on cognitive 
outcomes are substantial.  

In a study of widowhood’s effect on cognitive functions in older Chinese, Zhang and colleagues conclude that 
continual widowhood status (i.e., across every data wave) decreases the episodic memory score by 0.15 points, 
while having any functional physical limitation lowers it by 0.17 points (Zhang, Li, et al. 2019). In this present 
study, by constructing a similar index for comparative purposes (i.e., the actual number of recalled words 
instead of their share), we show that early vaccination increases the score by 0.30–0.43 points, thereby 
offsetting the joint negative effect of widowhood status and functional limitation by 93–134%. In another 
cross-sectional study for China, Zhang, Yang, et al. (2019), after adjusting for sociodemographics and 
cardiovascular diseases, identify a negative association between untreated diabetes and episodic memory, with 
a decrease of 0.19 and 0.47 for the full and 45–69 year old samples, respectively. The magnitude of our results 
can also be considered significant when compared with findings on factors that positively affect cognitive 
abilities; for example, a 0.18 higher serial 7 numeracy score induced by playing Mahjong or chess (Kesavayuth, 
Liang, and Zikos 2018), compared with our finding of a 0.065–0.085 (38–47%) improvement from childhood 
vaccination. By comparing the size of the vaccination effect on memory status in our study with the results 
reported by Pan and Chee (2019), we can infer that among older Chinese, childhood vaccination is twice as 
beneficial as engaging in one extra social activity (e.g., voluntary work, interaction with friends, educational 
courses, or sports). Lastly, our results on education relate to the findings of Nandi et al. (2020) on the effect of 
childhood exposure to the Indian UIP on schooling of young adults. In their paper, these effects range from 
0.18 to 0.29 more schooling grades, depending on the econometric specification. In our study, the same results 
are comparatively larger (approximately one extra year of schooling). This difference in magnitude can be 
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justified only marginally by the treatment heterogeneity between the studies. In fact, the treatment group in 
Nandi et al. (2020) was exposed to a similar set of vaccines as the treatment group in this study (i.e., ML-L, 
BCG, OPV, DPT), but likely with different timings and doses. Rather, the greater magnitude found in our 
analysis of Chinese elderly might be explained by convergence in schooling. That is, as with income growth, 
countries with lower average education would experience faster schooling growth than in relatively highly 
educated countries. This implies that the potential (in years of schooling) of a given investment in education 
is greater in less educated populations. Currently China and India do not diverge much in terms of gross 
secondary schooling enrollment. However, the average years of schooling in the Indian study treatment sample 
equals 10.29 years, whereas the same figure for the sample of treated Chinese in our study is only 5.41, a 
divergence that can be explained by the different cohorts analyzed in the two studies.  

Despite such significant effects, however, we consider our effects conservative, not only because we do not 

account for herd immunity—the indirect protection from infectious disease provided by treated individuals to 

untreated controls—but also because we cannot control for the selective mortality that would dilute childhood 

vaccination’s beneficial effects. The CRE model, unlike the PSM, allows us to address time-invariant 
unobserved heterogeneity, but the possibility of time-variant unobserved heterogeneity remains a limitation of 
our analysis. Despite these limitations, however, we believe that our application of several matching techniques 

to such a rich set of child and household covariates represents the most viable—perhaps even the only—way 

of accurately assessing the effects of childhood experiences on later life outcomes. 

Given the approximately 8% increase in earnings induced by each extra year of schooling in China (Giles, 
Park, and Wang 2019), the vaccination effect on cognitive abilities and educational outcomes could imply 
economic benefits, particularly if, as our results suggest, childhood vaccines improve cognitive aging, thereby 
preventing or postponing cognitive decline into dementia (Petersen et al. 2009). Childhood vaccination may 
also help to reduce dementia’s economic burden while reducing wealth and health inequities by lowering 
morbidity and mortality (Andre et al. 2008). In fact, according to our results, the beneficial effects of vaccines 
on cognition and educational outcomes may even amplify inequality reduction, especially in the face of 19 
million children worldwide who in 2018 received no routine immunizations (WHO 2019). We thus hope that, 
at a time when growing public vaccination hesitancy is lowering herd immunity in both high- and middle-low-
income countries (Vaccine hesitancy 2019), the robust evidence provided here of vaccination’s long-term 
beneficial effects will mitigate reluctance and increase the demand for immunization.  
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Table 1 Descriptive statistics: outcome variables by treatment group 

Variable 
Full sample Treated Control Before matching  

Mean SD Mean SD Mean SD Difference T-test 
Years of schooling 5.07 4.11 5.41 4.10 3.12 3.62 2.29 27.11 
Drawing 0.67 0.47 0.70 0.46 0.50 0.50 0.20 19.36 
Serial 7 0.28 0.20 0.30 0.20 0.22 0.20 0.07 17.87 
Name year 0.76 0.43 0.79 0.41 0.63 0.48 0.16 17.16 
Name month 0.86 0.34 0.87 0.33 0.81 0.40 0.07 8.76 
Name day 0.61 0.49 0.64 0.48 0.49 0.50 0.14 13.25 
Name weekday 0.74 0.44 0.75 0.43 0.67 0.47 0.08 8.43 
Immediate recall 0.41 0.18 0.41 0.17 0.35 0.17 0.06 16.25 
Delayed recall 0.31 0.20 0.32 0.20 0.25 0.19 0.07 15.46 
Mental health 0.07 0.29 0.08 0.28 0.61 0.31 0.12 29.85 
Episodic memory 0.34 0.18 0.36 0.17 0.35 0.18 0.69 27.85 

 

Notes: Estimates obtained using the CHARLS cross-sectional sample of observations present in the respective outcome 
considered. SD, standard deviation.   

 

Table 2 Descriptive statistics of conditioning, treatment, and time-changing variables 

Variable 
Full sample Treated Control  Before matching 

Mean SD Mean SD Mean SD Difference T-test 
Mother illiterate 0.83 0.37 0.82 0.38 0.90 0.30 -0.08 -10.21 
Father illiterate 0.58 0.49 0.56 0.50 0.71 0.45 -0.15 -14.72 
Mother alive 0.27 0.44 0.29 0.45 0.18 0.38 0.11 12.00 
Father alive 0.15 0.36 0.17 0.37 0.09 0.29 0.08 10.05 
Poor in childhood 0.39 0.49 0.39 0.49 0.44 0.50 -0.05 -4.92 
Male 0.49 0.50 0.50 0.50 0.42 0.49 0.08 7.86 
Hunger in childhood 0.82 0.38 0.83 0.38 0.78 0.41 0.04 5.13 
Age 56.94 9.11 56.23 8.78 61.01 9.91 -4.78 -25.48 
Ethnic minority 0.08 0.27 0.08 0.27 0.09 0.29 -0.01 -2.60 
Never in hospital 0.04 0.19 0.03 0.18 0.05 0.22 -0.02 -4.66 
No child education 0.19 0.40 0.17 0.37 0.36 0.48 -0.19 -23.47 
Vaccine  0.84 0.36 - - - - - - 
Income (10,000 ¥) 0.56 1.94 0.54 1.98 0.20 0.77 0.34 13.68 
Food (10,000 ¥) 0.04 0.12 0.04 0.07 0.03 0.08 0.004 4.12 

 

Notes: Estimates obtained using the CHARLS cross-sectional sample of observations present in the years of schooling 
variable (N=16,602). SD, standard deviation.  
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Table 3 Test of matching quality (k-NN matching) 

Dependent variable Sample Pseudo R2 Mean bias (%) p>chi2 On support Off support 

Schooling (in years) Unmatched 0.07 23.9 0.000     
Matched 0.00 1.2 0.213 16,493 109 

             

Draw Unmatched 0.07 23.3 0.000   
Matched 0.00 1.3 0.052 15,186 60 

 
      

Serial 7 Unmatched 0.07 23.4 0.000     
Matched 0.00 0.9 0.779 15,376 63 

             

Name year Unmatched 0.07 23.3 0.000   
Matched 0.00 1 0.540 15,114 84 

 
      

Name month Unmatched 0.06 21.5 0.000     
Matched 0.00 1.3 0.147 15,229 55 

             

Name weekday Unmatched 0.07 23.2 0.000   
Matched 0.00 1.4 0.183 15,062 85 

 
      

Name day Unmatched 0.07 23.3 0.000     
Matched 0.00 1 0.687 15,110 87 

             

Immediate word recall Unmatched 0.07 23.3 0.000   
Matched 0.00 1.6 0.069 14,280 102 

 
      

Delayed word recall Unmatched 0.07 23.4 0.000     
Matched 0.00 1.3 0.356 14,283 87 

       

Episodic memory Unmatched 0.06 21.8 0.000   
Matched 0.00 1.2 0.190 14,359 51 

             

Mental health 
Unmatched 0.06 21.8 0.000   
Matched 0.00 0.9 0.439 15,146 102 
      

Ever smoked Unmatched 0.07 22.4 0.000   
Matched 0.00 1.0 0.139 16,648 59 

 
      

Share of living sibling Unmatched 0.07 22.2 0.000     
Matched 0.00 1.2 0.667 15,940 63 

       
Notes: Estimates obtained using the CHARLS cross-sectional sample of observations present in the respective outcome 
considered. 



20 
 

Figure 1 Balance of conditioning variables before and after matching 

 

Notes: Estimates obtained by using the CHARLS cross-sectional sample of observations present in the years of schooling 
variable, including only individuals within the common support region (N=16,493) and using a K=8 NN matching 
algorithm.  

Figure 2 Propensity score (kernel) density before and after matching (IPW). 

 

Notes: Estimates obtained by using the CHARLS cross-sectional sample of observations present in the years of schooling 
variable, including only individuals within the common support region and using an IPW matching technique.  
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Table 1 ATT estimates for education and cognitive abilities 

Dependent variable 
Nearest neighbor  Nearest neighbor (k=8) IPW 

ATT T-stat ATT T-stat ATT T-stat 
Years of schooling 1.210 12.872 1.075 15.580 1.246 12.422 
Drawing 0.092 7.077 0.090 9.000 0.089 7.639 
Serial 7 0.065 6.500 0.065 8.125 0.081 10.957 
Name year 0.068 5.231 0.064 6.400 0.075 7.352 
Name month 0.025 2.273 0.030 3.750 0.044 6.216 
Name day 0.034 2.615 0.038 3.800 0.049 6.004 
Name weekday 0.078 6.000 0.074 7.400 0.082 9.074 
Immediate recall 0.026 5.200 0.033 8.250 0.075 7.352 
Delayed recall 0.032 6.400 0.039 9.750 0.034 7.148 
Mental health 0.012 5.202 0.038 11.075 0.037 7.626 
Episodic memory 0.060 2.841 0.059 9.496 0.029 11.257 

Dependent variable 
Kernel LLR Mahalanobis 

ATT T-stat ATT T-stat ATT T-stat 
Years of schooling 1.229 20.831 1.069 17.242 1.066 12.843 
Drawing 0.089 11.125 0.081 9.000 0.085 7.083 
Serial 7 0.075 10.714 0.070 10.000 0.083 9.222 
Name year 0.067 8.375 0.067 8.375 0.073 6.636 
Name month 0.039 5.571 0.033 4.714 0.040 4.000 
Name day 0.042 5.250 0.038 4.222 0.059 5.364 
Name weekday 0.077 8.556 0.076 8.444 0.060 5.000 
Immediate recall 0.038 12.667 0.033 11.000 0.037 9.250 
Delayed recall 0.042 14.000 0.037 9.250 0.042 8.400 
Mental health 0.027 11.080 0.026 10.038 0.032 9.441 
Episodic memory 0.043 11.972 0.038 10.184 0.042 8.673 

 

Notes: Estimates obtained using the CHARLS pooled sample of observations present in the respective outcome 
considered and including only individuals within the common support region.  
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Table 2 ATT estimates for education and cognitive abilities (exact and coarsened exact matching) 

Dependent variable 
CEM Exact matching 

ATT T-stat ATT T-stat 
Years of schooling 1.019 10.666 1.120 12.142 
Drawing 0.077 6.677 0.092 7.836 
Serial 7 0.059 7.353 0.068 8.326 
Name year 0.056 6.004 0.063 7.325 
Name month 0.027 3.654 0.033 4.975 
Name day 0.029 4.085 0.037 4.771 
Name weekday 0.077 7.730 0.078 9.280 
Immediate recall 0.029 7.568 0.042 9.878 
Delayed recall 0.032 6.893 0.048 9.427 
Mental health 0.024 9.301 0.026 10.674 
Episodic memory 0.033 6.925 0.049 9.412 

 Sample size 
  Control Treated Control Treated 
Matched 6,217 30,000 6,576 34,796 
Unmatched 435 7,476 76 2,680 

 

Notes: Estimates obtained using the CHARLS pooled sample of observations present in the respective outcome 
considered and including only individuals within the common support region. The bottom part of the table refers to the 
sample size by treatment group before and after matching for the model using years of schooling as the outcome variable. 
CEM, coarsened exact matching.  
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Table 6 Correlated random effects (IPW models) 

 
Notes: Estimates obtained using the CHARLS longitudinal sample of observations present in the respective outcome considered and including only individuals within the common 
support region. Standard errors clustered at the year of birth level. * p < 0.05, ** p < 0.01, *** p < 0.001. 
 

 Draw Serial 7 Name 
year 

Name 
month 

Name day Name 
weekday 

Immediate 
recall 

Delayed 
word recall 

Mental 
health 

Episodic 
memory 

Vaccine  0.071 0.065 0.050 0.023 0.026 0.068 0.032 0.036 0.021 0.038 
in childhood 
 

(0.006)** (0.005)** (0.006)** (0.005)** (0.006)** (0.007)** (0.002)** (0.003)** (0.002)** (0.003)** 

Age (years) -0.011 -0.008 -0.001 -0.016 -0.018 0.009 -0.007 -0.009 -0.016 -0.095 
 
 

(0.002)** (0.001)** (0.001) (0.001)** (0.002)** (0.002)** (0.001)** (0.001)** (0.003)** (0.006)** 

Male 0.191 0.159 0.185 0.080 0.044 -0.013 0.009 0.006 0.438 0.062 
 
 

(0.006)** (0.005)** (0.006)** (0.005)** (0.006)** (0.007)* (0.002)** (0.003)* (0.017)** (0.028)* 

Income  0.002 0.001 0.001 0.002 0.005 -0.001 0.000 0.002 0.005 0.017 
(10,000 ¥) 
 

(0.002) (0.002) (0.002) (0.002) (0.002)* (0.003) (0.001) (0.001) (0.005) (0.010) 

Food  0.219 0.028 0.002 -0.025 0.050 -0.087 -0.040 -0.032 0.124 -0.334 
(10,000 ¥) 
 

(0.047)** (0.035) (0.041) (0.038) (0.048) (0.056) (0.018)* (0.020) (0.103) (0.208) 

Mean(s)  0.001 0.003 -0.008 0.012 0.014 -0.013 0.002 0.004 -0.012 0.042 
of age 
 

(0.002) (0.001)* (0.001)** (0.001)** (0.002)** (0.002)** (0.001)** (0.001)** (0.004)** (0.007)** 

Mean(s) 0.149 0.147 0.252 0.138 0.119 0.411 0.184 0.196 1.041 2.063 
of food 
 

(0.077) (0.064)* (0.069)** (0.060)* (0.075) (0.087)** (0.030)** (0.034)** (0.195)** (0.349)** 

Mean(s) 0.015 0.016 0.014 0.011 0.013 0.027 0.008 0.007 0.066 0.070 
of income 
 

(0.003)** (0.003)** (0.003)** (0.003)** (0.003)** (0.003)** (0.001)** (0.001)** (0.008)** (0.014)** 

Constant 1.064 0.707 1.118 1.012 0.882 0.836 0.616 0.559 4.198 5.894 
 
 

(0.022)** (0.019)** (0.021)** (0.017)** (0.021)** (0.024)** (0.009)** (0.010)** (0.061)** (0.102)** 

R2-within 0.004 0.003 0.000 0.011 0.009 0.002 0.011 0.014 0.001 0.015 
R2-between 0.147 0.118 0.136 0.049 0.028 0.041 0.116 0.114 0.148 0.116 
R2-overall 
 

0.083 0.065 0.081 0.031 0.017 0.023 0.070 0.072 0.091 0.073 

N 31,169 31,470 30,959 30,957 30,958 28,763 29,326 29,253 30,253 29,145 
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Table 3 Descriptive statistics: placebo outcomes by treatment group 

Variable 
Full sample Treated Control Before matching  

Mean SD Mean SD Mean SD Difference T-test 
Ever smoke 0.43 0.49 0.44 0.50 0.39 0.49 0.05 6.91 

Share of living siblings 0.84 0.26 0.85 0.25 0.79 0.30 0.06 16.02 
 

Note: Estimates obtained using the CHARLS cross-sectional sample of observations present in the years of schooling 
variable (N=16,602). SD, standard deviation. 

 

Table 4 Placebo tests 

Dependent variable 
Nearest neighbor  Nearest neighbor (k=8) IPW 

ATT T-stat ATT T-stat ATT T-stat 
Ever smoke -0.002 -0.2 -0.004 -0.5 -0.01 -1.451 

Share of living siblings -0.001 -0.167 -0.002 -0.4 -0.001 -0.31 

 
Kernel LLR Mahalanobis 

ATT T-stat ATT T-stat ATT T-stat 

Ever smoke 0.005 0.625 -0.015 -1.25 0.009 0.818 

Share of living siblings 0.001 0.008 -0.003 -0.429 0.004 0.667 

 
CEM Exact Matching CRE IPW 

ATT T-stat ATT T-stat ATT T-stat 

Ever smoke -0.009 -0.78 -0.007 -0.636 -0.006 -1.12 
Share of living siblings 0.002 0.373 0.025 2.72 -0.003 -0.82 

 

Notes: Estimates obtained using the CHARLS pooled sample of observations present in the respective outcome 
considered and including only individuals within the common support region.  
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Table A.1 Outcome variables survey questions 

 

Dependent Variables 

Variable Survey Question 
Type 

(original) Type (final) Description 

Year of schooling 
What is the highest level of education you 
have completed? categorical continuous 

transformation 
based on Chinese 
education system 

Draw 
Do you see this picture? Please draw that 
picture on this paper. dummy dummy 

1 if drew the 
picture 

Serial 7 

Let’s try some subtraction of numbers this 
time. What does 100 minus 7 equal? …and 7 
from that? (5 times) count share 

mean of correct 
answers  

Name year Please tell me today’s date. dummy dummy 1 if year is correct 

Name month Please tell me today’s date. dummy dummy 
1 if month is 
correct 

Name weekday Please tell me today’s date. dummy dummy 
1 if weekday is 
correct 

Name day Please tell me today’s date. dummy dummy 1 if day is correct 

Immediate work recall 

We are going to read a list consisting of 10 
words, and we would like you to memorize as 
many as you can. count share 

share of recalled 
words  

Delayed word recall 
Please tell me any of the words that you 
remember now (4 minutes after). count share 

share of recalled 
words 

Episodic memory 
Aggregates immediate and delayed work 
recall variables count share 

mean of recalled 
words (20 words) 

Mental health 
Aggregates drawing and today’s date 
questions count share 

share of correct 
answers (5 
dichotomous 
items) 

Placebo Variables 

Variable Survey Question 
Type 

(original) Type (final) Description 

Drinking (habitually) 

How often did you drink liquor, including 
white liquor, whisky, and others per month in 
the last year? categorical dummy 

1 if every day or 
more 

Ever smoke 

Have you ever chewed tobacco, smoked a 
pipe, smoked self-rolled cigarettes, or smoked 
cigarettes/cigars? dummy dummy 1 if yes 

Share of living siblings 

How many of your biological siblings are still 
alive? How many of your biological siblings 
have died? count continuous 

share of living 
siblings over the 
total (it excludes 
observations 
without any 
sibling) 



26 
 

Table A.2 Conditioning variables survey questions 

Variable Survey Question 
Type 

(original) Type (final) Description 
Mother 
alive Is your biological mother alive? dummy dummy 1 if mother alive 

Father alive Is your biological father alive? dummy dummy 1 if father alive 

Mother 
illiterate 

What is the highest level of education your biological 
mother completed? categorical dummy 

1 if no formal 
education (vs. any 
other) 

Father 
illiterate 

What is the highest level of education your biological 
father completed? categorical dummy 

1 if no formal 
education (vs. any 
other) 

Ethnic 
minority What ethnicity is [the name of the respondent]? categorical dummy 

Han (vs. any 
other) 

Poor in 
childhood 

When you were a child before age 17, compared with 
the average family in the same 
community/village at that time, how was your family’s 
financial situation? categorical dummy 

1 if worse or a lot 
worse off than 
others 

No child 
education 

Did you ever miss school for a month or more because 
of a health condition before you were 15 years old? categorical dummy 

1 if never had any 
education before 
subject was 15 
years old 

Hunger in 
childhood 

At what age ranges did this (your family had no 
enough food to eat) happen? categorical dummy 

1 if hunger before 
age 17 

Never been 
in hospital  

Can you remember the first time you got to see a 
doctor? What was the type of the 
doctor? categorical dummy 

1 if never seen a 
doctor 

Age Imputed age from exact date of birth continuous continuous Age in years 
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Table A.3 ATT estimates for education and cognitive abilities (excluding childhood education from the set of conditioning 

variables) 

Dependent variable Nearest neighbor  Nearest neighbor (k=8) IPW 

ATT T-stat ATT T-stat ATT T-stat 

Years of schooling 1.551 15.827 1.526 22.776 1.252 12.178 

Drawing 0.112 8.000 0.113 11.300 0.091 7.684 
Serial 7 0.090 8.182 0.098 12.250 0.081 10.871 

Name year 0.099 7.615 0.092 10.222 0.074 7.093 

Name month 0.045 4.091 0.055 6.875 0.043 5.884 

Name day 0.058 4.462 0.063 7.000 0.048 5.626 

Name weekday 0.092 6.571 0.085 8.500 0.079 8.728 

Immediate recall 0.034 6.800 0.040 10.000 0.035 7.240 

Delayed recall 0.034 5.667 0.045 11.250 0.038 7.843 

Mental health 0.078 8.667 0.079 13.167 0.064 10.194 

Episodic memory 0.030 6.000 0.040 13.333 0.029 11.257 

Dependent variable Kernel LLR Mahalanobis 
ATT T-stat ATT T-stat ATT T-stat 

Years of schooling 1.602 28.105 1.345 10.037 1.579 11.784 

Drawing 0.117 14.625 0.103 5.421 0.117 6.158 
Serial 7 0.097 16.167 0.088 5.867 0.097 6.467 

Name year 0.094 11.750 0.080 4.444 0.111 6.167 

Name month 0.056 8.000 0.046 3.067 0.010 0.667 

Name day 0.058 7.250 0.053 2.944 0.029 1.611 

Name weekday 0.092 11.500 0.084 4.421 0.123 6.474 

Immediate recall 0.043 14.333 0.040 5.714 0.023 3.286 

Delayed recall 0.047 15.667 0.043 5.375 0.020 2.500 

Mental health 0.080 16.000 0.070 5.833 0.076 6.333 

Episodic memory 0.045 15.000 0.041 5.857 0.018 2.571 

 

Notes: Estimates obtained using the CHARLS pooled sample of observations present in the respective outcome 
considered and including only individuals within the common support region. IPW, inverse probability weighting; LLR, 
local linear regression. 
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Table A.4 ATT estimates for education and cognitive abilities (including individuals up to 90 years of age) 

Dependent variable Nearest neighbor  Nearest neighbor (k=8) IPW 
ATT T-stat ATT T-stat ATT T-stat 

Years of schooling 1.176 12.511 1.138 17.242 0.803 7.912 

Drawing 0.101 7.769 0.083 9.222 0.055 4.786 
Serial 7 0.056 5.600 0.074 10.571 0.055 7.179 

Name year 0.060 4.615 0.063 7.000 0.039 3.872 

Name month 0.025 2.273 0.033 4.125 0.022 3.018 

Name day 0.037 2.846 0.038 4.222 0.027 3.163 

Name weekday 0.079 6.077 0.079 7.900 0.062 6.873 

Immediate recall 0.025 5.000 0.035 8.750 0.027 5.797 

Delayed recall 0.036 7.200 0.040 10.000 0.030 6.270 

Mental health 0.059 7.375 0.055 9.167 0.040 6.604 

Episodic memory 0.028 5.600 0.037 9.250 0.028 6.258 

Dependent variable Kernel LLR Mahalanobis 
ATT T-stat ATT T-stat ATT T-stat 

Years of schooling 1.221 21.421 1.026 8.079 1.029 12.549 

Drawing 0.087 10.875 0.079 4.389 0.081 7.364 
Serial 7 0.075 12.500 0.071 5.071 0.078 8.667 

Name year 0.065 8.125 0.056 3.294 0.078 7.091 

Name month 0.038 5.429 0.031 2.214 0.048 4.800 

Name day 0.041 5.125 0.038 2.235 0.054 4.909 

Name weekday 0.078 9.750 0.072 4.000 0.076 6.333 

Immediate recall 0.038 12.667 0.033 5.500 0.037 9.250 

Delayed recall 0.042 14.000 0.036 5.143 0.037 7.400 

Mental health 0.059 11.800 0.053 4.818 0.064 9.143 

Episodic memory 0.039 13.000 0.034 4.857 0.036 9.000 

 

Notes: Estimates obtained using the CHARLS pooled sample of observations present in the respective outcome 
considered and including only individuals within the common support region. IPW, inverse probability weighting; LLR, 
local linear regression. 
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