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Abstract 

This paper examines the impact of the SARS epidemic in 2003 on intergenerational mobility in 

China. Using large cross-city variation in SARS cases, our triple difference-in-differences estimates 

suggest that the SARS epidemic significantly increases the intergenerational transmission of 

education. Our results show that a one percent increase in the number of SARS cases leads to a 9.3 

percent increase in the maternal intergeneration transmission coefficient. The effect of the SARS 

epidemic is stronger for admission to 4-year bachelor programmes and more concentrated in female 

students and students in large cities. This paper also investigates the potential mechanisms and finds 

that more highly educated mothers tend to be more engaged in children’s studies during the epidemic 

period when teachers are absent. These results convey the warning message that pandemics may 

reduce intergenerational mobility of education. 
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1. Introduction 
 

This paper investigates the effect of epidemics and pandemics on the intergenerational transmission 

and mobility of education. When negative shocks occur, people of low socioeconomic status (SES) 

are often disproportionately harmed. Relative to the rich, those in lower SES groups tend to have 

less capacity to cope with crises. This may lead to intergenerational impacts, placing the children of 

lower SES groups in disadvantageous positions in society. At the time of writing this paper, the 

COVID-19 pandemic has strongly hit many countries and is significantly affecting the global 

economy. This has ignited concerns about the long-run effect of COVID-19 on social inequality and 

mobility. This paper draws implications from the experience of the Severe Acute Respiratory 

Syndrome (SARS) epidemic in 2003 to answer questions about how epidemics/pandemics affect 

social mobility.  

 

As a readily human-to-human transmissible disease, the SARS epidemic quickly spread in 26 

countries, causing a loss of 25 billion US dollars including medical treatment costs and losses of 

work time and tourism to East Asian countries (World Bank, 2003). The country hit hardest by 

SARS was China. By 15 August 2003, there were 7,747 SARS cases and had been 829 deaths in 

China (Jia and Liu, 2004). China’s social order was seriously jeopardised due to the SARS epidemic. 

To avoid human interaction, school time was substantially shortened. In many regions, schools and 

hospitals were even closed. In this situation, parental education became more important than usual 

in the human capital accumulation of children for at least two possible reasons. First, more highly 

educated parents tend to have more health knowledge (Currie and Moretti, 2003; Breierova and 

Duflo, 2004; Cutler and Lleras-Muney, 2008; see Currie (2009) for a review), which can prevent 

their children from being infected during an epidemic. Second, more highly educated parents tend 

to create better studying environment to mitigate the adverse impact of epidemics for their children. 

For example, when schools are closed or school time is reduced, more educated parents could play 

a more effective role in supervising children’s self-study and/or find private tutors for children to 

compensate for the loss of school time. It is also possible that more highly educated parents could 

better relieve stress and anxiety of their children caused by the epidemic, and thereby their children 

could study more efficiently. Given these, the SARS epidemic may increase the intergenerational 

transmission of education (ITE hereafter) and thereby reduce intergenerational mobility.1 

 

In this paper, we empirically test whether the SARS epidemic indeed affects ITE in the mainland 

China in terms of children’s college admission. As obtaining a college degree tends to lead to better 

jobs and higher income (Card, 1999) and an advantageous position in the marriage market (Charles 

et al. 2013; Greenwood et al., 2014; Eika et al. 2019), a college degree is an important factor for 

climbing up the social ladder in China. Given this, in China the college entrance examination is very 

competitive and usually requires students to be very well prepared and parents to be intensively 

involved in their children’s studies, especially when students are in the last year of senior high school. 

In particular, we examine whether the SARS epidemic enlarges the association between parental 

education and having a college degree for children who took the college entrance examination 

during the SARS epidemic in 2003.  

 

 
1 The higher the intergenerational transmission, the lower the intergenerational mobility. 
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We conduct the empirical analysis mainly based on China’s 2010 population census. Merging census 

data with city-level SARS case numbers from reports of the Ministry of Health of China and 

adopting a triple difference-in-differences (DDD) strategy, we find that SARS significantly 

increases mother-children ITE for those children who took the college entrance examination in 2003, 

during the SARS epidemic.2  The results suggest that if the SARS case number increases by 1 

percent, the mother-children ITE increases by 9.3 percent. We also estimate the SARS effect on 

students who took the college entrance exam in 2002, which was before the SARS epidemic, as a 

falsification test, and students who took the college entrance exam in 2004 to 2006, which was after 

SARS, to examine the long-run effect. The results suggest a nil SARS effect on students other than 

the cohort taking the exam in 2003, confirming the validity of our DDD approach and suggesting 

the SARS effect is not long-lasting. On one hand, these results show that the SARS epidemic 

significantly reduces the intergenerational mobility of education for students. On the other hand, the 

results on the long-run effect indicate that this negative effect can be mitigated by postponing the 

examination time.  

 

In analysing the heterogeneity, we find that the SARS effect is stronger for female students and 

students in large cities, probably due to son preference and the fact that the virus is more easily 

transmitted in crowded areas. In terms of education outcomes, the SARS effect is stronger for 4-

year bachelor programmes relative to 3-year college programmes, perhaps because the latter require 

less effort from parents. In contrast to maternal ITE, we find no evidence that the SARS epidemic 

influences paternal ITE, regardless of whether assortative mating is controlled for. This is probably 

because the mother usually plays the major role in providing care to children in households (Blau 

and Lawrence, 2017; Kleven et al., 2019; Alon et al., 2020; Del Boca et al., 2020; Sevilla and Smith, 

2020), and this role becomes particularly important during an epidemic period.  

 

We finally discuss the potential mechanisms for SARS to affect ITE using two large datasets, i.e. 

China Family Panel Studies (CFPS) and Urban Household Survey (UHS). We argue that given the 

low incidence rate of SARS, having more health knowledge is unlikely to be the main reason for 

SARS to affect ITE. Instead, we provide evidence that highly educated mothers play a more critical 

role in the education of children. We find that, in general, mothers with more education interact 

more with children about their study, and in particular, they spend more on the children’s study, e.g. 

finding private tutors during the SARS period, in order to compensate for the loss of formal school 

education. We deem this finding an indication that more highly educated mothers tend to be more 

engaged in their children’s studies to offset the negative effect of the epidemic. 

 

This paper enhances our understanding of the determinants of ITE. As a fundamental determinant 

of social mobility and inequality, economists have been long interested in ITE. A large body of 

literature estimates the size of ITE (see the review by Black and Devereux, 2011, and estimates for 

China, see e.g. Meng and Zhao, 2016, Hu et al., 2020) and investigates factors affecting ITE or 

intergenerational mobility, such as provision of public education (e.g. Davies et al., 2005; 

Bernasconi and Profeta, 2012; Uchida, 2018; Assaad and Saleh, 2018), school tracking systems 

 
2 In fact, we use the difference-in-differences strategy to identify the impact on ITE coefficients. Because a triple 
interaction term is included in estimation equation 2, as Section 3 shows, we call it triple difference-in-differences 
for simplicity. 
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(Bauer and Riphahn, 2006), school starting age (Bauer and Riphahn, 2009), higher education 

expansion (e.g. Blanden and Machin, 2004; Li and Zhang, 2017, Liu and Wan, 2019), public 

expenditure on education (Grawe, 2010), household assets (Huang, 2013), cigarette tax policy 

(Settele and Ewijk, 2018) and natural disasters (Caruso and Miller, 2015; Caruso, 2017). However, 

literature on the role of epidemics in ITE is rare. To the best of our knowledge, there is only one 

study in this area. Akbulut-Yuksel and Turan (2013) analyse the impact of the HIV/AIDS epidemic 

in sub-Saharan Africa and find that HIV prevalence reduces maternal ITE. As a mother-to-child 

transmitted disease, HIV may have a particularly strong impact on children in developing countries 

with limited medical resources. Whether this result can be generalised to other diseases and/or 

societies with different development levels remains unknown. This paper directly contributes to this 

strand of literature by examining the effect of a non-mother-to-child transmitted disease in a society 

with better medical facilities. Another difference between this paper and Akbulut-Yuksel and 

Turan’s paper is the methodology. Akbulut-Yuksel and Turan compare the ITE parameters of 

mothers with different HIV statuses or mothers living in communities with different prevalence 

rates. However, we also include the pre-epidemic period to conduct a difference-in-differences 

analysis, which can remove unobserved confounding factors.   

 

This paper also helps us to understand the human capital impact of the current COVID-19 pandemic. 

Given the huge negative impact of the current pandemic, a number of pioneering studies have 

investigated the impact of COVID-19 on student performance. These studies suggest that low 

socioeconomic status students are particularly vulnerable in this pandemic, implying magnified 

education inequality during COVID-19 (Aucejo et al., 2020; Bacher-Hicks et al., 2020; Chetty et 

al., 2020). Nevertheless, these papers mainly employ before-after comparison (or event study) on 

the usage of or search for online education programmes or directly elicit hypothetical performance 

in the situation without COVID-19 to identify the pandemic effect. This paper complements the 

literature by using a triple difference-in-differences strategy with a continuous treatment variable to 

identify the effect on a real measure of student performance, the outcome of college entrance 

examinations, with the SARS experience. If everything else is kept constant, according to the 

incidences of COVID-19 by 6 July 2020 (i.e. the day before the college entrance examination), our 

estimates suggest that in the three provinces where COVID-19 is most prevalent in the mainland 

China, the maternal ITE parameters would be increased by 103% (Hubei), 69% (Guangdong) and 

66% (Henan), respectively. However, a caveat that should be kept in mind is that compared to 

COVID-19, SARS lasted for a much shorter time and was less prevalent, and also recent 

advancements in information technology have made online teaching popular during the current 

COVID-19 pandemic, which may mitigate or enlarge the negative impact. Given this, our estimated 

effect of SARS is just a preliminary estimate for the COVID-19 pandemic.  

 

The remainder of the paper is structured as follows. Section 2 presents background information on 

the SARS epidemic. Section 3 introduces the data and econometric methodology. Section 4 details 

the main results. Section 5 discusses the mechanisms, and Section 6 concludes.  

 

2. Background 
 

As the first severe and highly infectious new disease in the 21st century, the SARS outbreak resulted 
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in significant losses for many countries in 2003. The first SARS incidence emerged in Foshan city 

of Guangdong Province in China in November 2002 (Editorial Board of Caijing Magazine, 2003). 

After that, the SARS virus started to spread in Guangdong, China. By February 2003, several cities, 

including the mega city Guangzhou, had reported the atypical pneumonia cases caused by the SARS 

virus to the Guangdong government. However, probably because the causes and consequences of 

SARS were poorly understood at that time, its importance was not recognised by the government. 

On 11 February, around three months after the first case, the health department of Guangdong 

province and the Guangzhou government held their first press conference about the atypical 

pneumonia. In the conference, the government stressed that the disease had started to be contained, 

and the prevalence was very low given the large population size in Guangzhou.3 Probably due to 

the lack of preparation and high transmissibility of the disease, SARS spread rapidly to other regions 

in China as well as to other countries. The global cumulative total case number increased quickly 

from 5,000 on 28 April to 7,000 on 8 May (WHO, 2003). By 25 June, 102 prefecture cities and 

municipalities in mainland China had found SARS cases.4 By 15 August, globally there were 8,422 

SARS cases with 919 deaths, among which 7,747 cases and 829 deaths had occurred in China (Jia 

and Liu, 2004).  

 

As the epidemic quickly spread and a large fraction of patients required intensive medical treatment, 

SARS caused great public panic. People were panic buying Radix Isatidis granules (banlangen keli) 

and white vinegar, which they believed could help to prevent one from catching a cold (Editorial 

Board of Caijing Magazine, 2003). Given the social panic, the Chinese government started to be 

concerned about this issue. On 13 April, SARS was included in the Law of the People’s Republic of 

China on Prevention and Treatment of Infectious Diseases, which requires the government, 

including local governments, to make SARS information (e.g. case numbers and death numbers) 

public. Many government officials lost their jobs because of their unsatisfactory performance in 

containing SARS, including the minister of health and the mayor of the capital city, Beijing. Because 

there was no vaccine or effective treatment at that time, the basic control tools, isolation and 

quarantine, were resorted to contain the disease. On 12 April, the government required all prefecture 

cities to set up quarantine centres and check the health status of travellers. All suspicious and 

confirmed cases were required to be quarantined. In late April, the government also shut down the 

tourism industry in central and western China and rural areas. All public places, including food 

markets and restaurants, were shut down if any suspicious or confirmed case was found.5  

   

School study was interrupted as well. On 23 April, the ministry of education issued a policy for 

students in high schools, primary schools and kindergartens.6 It required schools to adjust teaching 

progress and reduce students’ workloads to guarantee that students would have enough rest to 

maintain good health. For final-year students in high schools, who were expected to have studied 

very intensively had SARS not occurred, the policy asked schools to reduce student gatherings in 

schools as much as possible, which shortened time at school substantially. The policy also suggested 

 
3  For details please see Editorial Board of Caijing Magazine (2003) and https://news.sina.com.cn/c/2003-02-
12/0131904406.shtml. 
4 This information is from reports of the Ministry of Health of China compiled by the Jiangsu office of the CDC. 
There are 333 prefecture cities and 4 municipalities in China. 
5 For details about the control measures, please see Jia and Liu (2004). 
6 The document title is the notice on the SARS containing job for high schools, primary schools and kindergartens 
(guanyu zuohao zhongxiaoxue he youeryuan feidian fangzhi gongzuo de tongzhi).  
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that, depending on the local situation, schools could be closed to prevent SARS transmission, with 

approval of the local government. Given this policy, the school studies of students in different 

regions were affected at varying levels according to local SARS prevalence. Through a search for 

online news on the school interruption by SARS, we find that in the regions with many SARS cases, 

for example, Beijing and cities in Inner Mongolia and Shanxi, schools were shut down for different 

periods according to the city-level policy regardless whether there were confirmed or suspicious 

SARS cases found in the school, while in the regions with fewer SARS cases, for instance, cities in 

Jiangsu and Zhejiang, schools were shut down only when confirmed or suspicious SARS cases were 

found.7  

 

Social panic, school interruption and other possible impacts brought about by the SARS epidemic 

might worsen academic performance of students. The above discussion suggests that these impacts 

caused by the SARS epidemic are generally proportional to the local SARS cases. Therefore, in the 

regions with more SARS cases, performance of students might more rely on their parents’ effort. As 

shown in Figure 1 there was large variation in SARS cases across cities (prefectures) in 2003, in the 

following we first employ this large cross-city variation in local SARS intensity to identify the 

SARS effect on ITE and then investigate the possible mechanisms. However, a caveat we should 

keep in mind is that due to data constraint, in the following mechanism analysis we can only test 

some particular mechanisms, and our results on the mechanism are only indicative, rather than 

conclusive. 

 

 

3. Data and Econometric Methodology 
In this section we discuss the data and econometric methodology used in the main analysis. 

 

3.1 Data Description 
We use data from two sources: a random sample from the 2010 population census and the 

cumulative SARS case numbers from reports of the Ministry of Health of China. 

 

The random sample of 2010 census long form data provides us with the individual characteristics 

used for analysis, such as gender, age, household registration type, individual educational attainment 

and relationship with respect to the household head.8 Importantly, a unique feature of the 2010 

census, in comparison to previous censuses, is that it interviewed and recorded the information of 

migrants in both the destination place and the household registration place.9 This feature allows 

one to construct two random samples: one based on the household register address, and one based 

on the residence address at the census time. In this paper we conduct the analysis on the former 

sample, because the former one allows us to construct more parent-child links. Specifically, based 

on the former sample, we can construct parent-child links for those children who were staying with 

their parents in the same household, as well as those who had moved out of the household but were 

 
7 Note that, however, we were only able to conduct incomplete search for the relevant online news and the search 
results only cover a very limited set of cities, because many relevant webpages had been removed. We include the 
relevant links in Online Appendix 1. 
8 There are two types of household registration in China: agricultural and non-agricultural (i.e. rural and urban).  
9 Theoretically speaking, a migrant should appear twice in the 2010 census. Once in the destination region, and once 
in the household registration address. The previous censuses only interviewed migrants on the destination place at 
the census time. 
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listed in the same household register with their parents. But the sample based on the residence 

address at the census time allows us to match only parents and children who resided together.  

 

The full random sample based on household register address consists of 3,521,985 observations, 

accounting for 2.6‰ of the population in China. We compare the characteristics of our random 

sample with the information published on the website of the National Bureau of Statistics. Online 

Appendix Table 1 and Appendix Figure 1 show they are highly consistent. Based on this sample, 

we use the relationship with respect to the household head to derive parent-child links.10  

 

We then merge the census data with the SARS case numbers. Specifically, we use the mainland 

China city-level cumulative SARS case numbers by 6 June in the main analysis, as the college 

entrance examination took place on 7 June. This information is extracted from reports of the 

Ministry of Health of China compiled by the Jiangsu office of CDC. 11  Figure 1 shows the 

distribution of the cumulative SARS cases.  

 

3.2 Econometric Methodology 
In general, the traditional ITE estimation model can be represented as follows: 

𝑦 = 𝑟 + 𝑟 𝑃𝑒𝑑𝑢 + 𝜸𝟑𝑿𝒊 + 𝜖 ,                         (1) 

where 𝑦   is the education outcome of children, 𝑃𝑒𝑑𝑢   is the measure of parental education 

attainment, 𝑿𝒊 is a set of control variables, 𝜖  is the error term and 𝛾  is the estimated ITE.  

 

As our goal is to identify the impact of SARS on ITE, in the main analysis we extend Equation 1 to 

a triple difference-in-differences model. Specifically, in the main analysis, we define those who 

were born between September 1984 and August 1985 as the treatment group. Due to the facts that 

the compulsory education law stipulates children start schooling at six, that it usually takes 12 years 

to finish primary school and high school, and that the academic year starts in September, this group 

of individuals are supposed to take the college entrance examination in 2003. To make the control 

group comparable, we take only those who are supposed to take the examination between 2000 and 

2002, i.e. those who were born between September 1981 and August 1984, as the control group.12 

 
10 The options for the relationship with respect to household head include household head, spouse, children, parents, 
parents-in-law, grandparents and grandparents-in-law, children-in-law, grandchildren and grandchildren-in-law, 
siblings and siblings-in-law and other. We derive the parent-child links based on the combination of household head, 
spouse and children, the combination of parents and household head and the combination of parents-in-law and 
spouse. 
11 The data are stored in the following link: 
https://web.archive.org/web/20030625152900fw_/http://www.jshealth.com/hotspots/fdxfy/w66.htm. For the 
relevant information, please also refer to the link: 
https://web.archive.org/web/20030808194902/http://www.jshealth.com/.  
12 Note that while in principle the school starting age is six and the compulsory education (i.e. primary school and 
junior high school) and senior high school education take nine and three years, respectively, in some less developed 
areas the school starting age is seven and/or the compulsory education took eight years (i.e. five years for primary 
school and three for junior high school) due to the insufficient supply of schools and teachers. This causes three 
atypical cases in addition to starting schooling at six and taking twelve years to finish the compulsory and senior 
high school education. First, school starting age is seven and it takes eleven years to finish the compulsory education 
and senior high school education (five years for primary school); second, school starting age is six and it takes eleven 
years to finish the education; and third, school starting age is seven and it take twelve years to finish the education 
(six years for primary school). In the first scenario, our estimation approach is still valid, as the treatment group still 
takes the college examination in 2003 (the SARS period) and the control takes the examination between 2000 and 
2002. However, the other two scenarios tend to bias down our estimates. Specifically, in the second scenario both 
control and treatment groups take the college entrance examination before 2003. This leads the estimates to be biased 
to zero. In the third scenario, the treatment group takes the examination in 2004, but the control takes the examination 
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In the robustness check, we also test the sensitivity of our results by including more or fewer cohorts 

in the control group. The results remain robust. 

 

The regression specification for this DDD model is as follows: 

𝑦 = 𝛽 + 𝛽 𝑃𝑒𝑑𝑢 ∗ 𝟏(𝑡 = 2003) ∗ 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 + 𝛽 𝑃𝑒𝑑𝑢 ∗ 𝟏(𝑡 = 2003) +

𝛽 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 ∗ 𝟏(𝑡 = 2003) + 𝛽 𝑃𝑒𝑑𝑢 ∗ 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 + 𝛽 𝑃𝑒𝑑𝑢 + 𝛽 𝟏(𝑡 = 2003) +

𝜸𝑿𝒊𝒄𝒕 + 𝜖 ,                                                                 (2) 

where 𝑦  denotes whether child 𝑖 who is supposed to take the college entrance examination in 

year 𝑡 had received college or higher education at the time of the 2010 census in city 𝑐, 𝑃𝑒𝑑𝑢  

is the parental years of schooling, and 𝟏(𝑡 = 2003) is a dummy variable indicating whether child 

𝑖 in city 𝑐 took the college entrance examination in 2003 when the SARS outbreak emerged.13 

𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦  is the measure for city-level SARS intensity. As shown in Section 2, more SARS cases 

is generally associated with larger negative impacts, such as more social panic and school 

interruption. In the main analysis we use the natural logarithm of one plus the number of city-level 

cumulative confirmed cases to represent the intensity of SARS, given that SARS case numbers are 

highly skewed as shown in Figure 1. We also test the robustness of the results by using the case 

number without logarithm transformation and using the natural logarithm of the case number. The 

results remain similar, as shown in Section 4.3. In the vector of control variables, 𝑿𝒊𝒄𝒕, we include 

a gender dummy and interaction between household registration type and city to flexibly control for 

unobserved heterogeneity. As the interaction between household registration type and city is 

controlled for, we do not separately control for 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦  to avoid the multicollinearity problem. 

Finally, 𝜖   is the error term. This model exploits variations in cohort and SARS intensity to 

identify the impact on ITE. 𝛽  is the coefficient of interest. 

 

One issue is that the DDD model requires the parallel trend assumption, and 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 may pick 

up a pre-treatment trend difference. We use two falsification tests on this assumption. First, we also 

assign the SARS intensity measure to those taking exam in 2002 and estimate the following model: 

𝑦 = 𝛽 + 𝛽 𝑃𝑒𝑑𝑢 ∗ 𝟏(𝑡 = 2003) ∗ 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 + 𝛽 𝑃𝑒𝑑𝑢 ∗ 𝟏(𝑡 = 2003) +

𝛽 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 ∗ 𝟏(𝑡 = 2003) + 𝛽 𝑃𝑒𝑑𝑢 ∗ 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 + 𝛽 𝑃𝑒𝑑𝑢 + 𝛽 𝟏(𝑡 = 2003) +

𝜸𝑿𝒊𝒄𝒕 + 𝜙 𝑃𝑒𝑑𝑢 ∗ 𝟏(𝑡 = 2002) ∗ 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 + 𝜙 𝑃𝑒𝑑𝑢 ∗ 𝟏(𝑡 = 2002) + 𝜙 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 ∗

𝟏(𝑡 = 2002) + 𝜙 𝟏(𝑡 = 2002) + 𝜖 ,                                            (3) 

where 𝟏(𝑡 = 2002)  is a dummy variable indicating whether child 𝑖  is supposed to take the 

college entrance exam in 2002 before SARS appeared. If 𝜙  is significant, then the parallel trend 

is violated. Similarly, we also exclude the treatment group and use the sample of the control group 

only to estimate the following model: 

𝑦 = 𝛽 + 𝛽 𝑃𝑒𝑑𝑢 ∗ 𝟏(𝑡 = 2002) ∗ 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 + 𝛽 𝑃𝑒𝑑𝑢 ∗ 𝟏(𝑡 = 2002) +

𝛽 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 ∗ 𝟏(𝑡 = 2002) + 𝛽 𝑃𝑒𝑑𝑢 ∗ 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 + 𝛽 𝑃𝑒𝑑𝑢 + 𝛽 𝟏(𝑡 = 2002) +

𝜸𝑿𝒊𝒄𝒕 + 𝜖 .                                                                 (4) 

In this case, if 𝛽  is significant, the parallel trend is violated as well. 

 

Theoretically speaking, SARS can also have long-term effects on college enrolment for students 

 
between 2001 and 2003 (the SARS period), which causes downward bias to our estimates. Therefore, our estimates 
are the lower bounds of the true effects. 
13 We recode the categories of educational attainment, no schooling, primary school, junior high school, senior high 
school, college, university and postgraduate, as the equivalent years of schooling, 0, 6, 9, 12, 15, 16, 19, respectively.  
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who were in the early stages of high school (e.g. first or second year in senior high school). We test 

the potential long-term effect by including students who were born between September 1985 and 

August 1988, i.e. those who are supposed to take college entrance exams between 2004 and 2006. 

In particular, we use two models to estimate this potential long-term effect. First, we estimate the 

average long-term effect over the three cohorts who took the exam between 2004 and 2006 as 

follows: 

𝑦 = 𝛽 + 𝜙𝑃𝑒𝑑𝑢 ∗ 𝟏(𝑡 = 2004, 2005 𝑜𝑟 2006) ∗ 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 + 𝜎 𝑃𝑒𝑑𝑢 ∗

𝟏(𝑡 = 2004, 2005 𝑜𝑟 2006) + 𝜃 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 ∗ 𝟏(𝑡 = 2004, 2005 𝑜𝑟 2006) + 𝜏𝟏(𝑡 =

2004, 2005 𝑜𝑟 2006) + 𝛽 𝑃𝑒𝑑𝑢 ∗ 𝟏(𝑡 = 2003) ∗ 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 + 𝛽 𝑃𝑒𝑑𝑢 ∗ 𝟏(𝑡 = 2003) +

𝛽 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 ∗ 𝟏(𝑡 = 2003) + 𝛽 𝑃𝑒𝑑𝑢 ∗ 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 + 𝛽 𝑃𝑒𝑑𝑢 + 𝛽 𝟏(𝑡 = 2003) +

𝜸𝑿𝒊𝒄𝒕 + 𝜖 ,                                                                  (5) 

where 𝜙 indicates the potential long-term effect. Second, we estimate the SARS impact for the 

respective cohort taking the exam between 2004 and 2006. The model can be written as: 

𝑦 = 𝛽 + ∑ 𝜙 𝑃𝑒𝑑𝑢 ∗ 𝟏(𝑡 = 2003 + 𝑗) ∗ 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 + ∑ 𝜎  𝑃𝑒𝑑𝑢 ∗ 𝟏(𝑡 = 2003 +

𝑗) + ∑ 𝜃  𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 ∗ 𝟏(𝑡 = 2003 + 𝑗) + 𝜏 𝟏(𝑡 = 2004, 2005 𝑜𝑟 2006) + 𝛽 𝑃𝑒𝑑𝑢 ∗

𝟏(𝑡 = 2003) ∗ 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 + 𝛽 𝑃𝑒𝑑𝑢 ∗ 𝟏(𝑡 = 2003) + 𝛽 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 ∗ 𝟏(𝑡 = 2003) +

𝛽 𝑃𝑒𝑑𝑢 ∗ 𝐼𝑛𝑡𝑒𝑛𝑠𝑖𝑡𝑦 + 𝛽 𝑃𝑒𝑑𝑢 + 𝛽 𝟏(𝑡 = 2003) + 𝜸𝑿𝒊𝒄𝒕 + 𝜖 ,               (6) 

where 𝜙  is the coefficient of interest.  

 

It is worth noting two technical issues in the above difference-in-differences estimations. First, as 

we use the city-level SARS case number to construct the SARS intensity measure, in the estimation 

we cluster the standard errors at the city-level in case that the error term, 𝜖 , is correlated with 

each other within the city as well. Cameron and Miller (2015) point out that cluster-robust inference 

requires a large number of clusters to produce consistent estimates of clustered standard errors. In 

the following estimation we have 336 cities in the sample. Therefore, the “large number of clusters” 

condition is satisfied. Second, a consistent difference-in-differences estimator requires both the 

treatment and control groups to be large (Conley and Taber, 2011). Given that 29% of cities (98) 

had non-zero SARS cases (i.e. the treatment group) as shown by Figure 1 and a large sample is used 

in the analysis as shown in the next section, our treatment and control groups are large enough to 

yield consistent estimates.  

 

3.3 Summary Statistics 
As mentioned previously, we restrict the sample to children born between September 1981 and 

August 1988 to construct proper control and treatment groups to analyse the SARS effect on ITE, 

including the relatively long-run effect. As we analyse the SARS effect on college entrance 

examinations, we further restrict the samples to children who reported having senior high school 

education or above. Removing observations with missing covariates, we construct 80,347 mother-

child links as the sample for our main analysis.14  

 

Table 1 presents the summary statistics. In the sample, 53% of students attend a university or college, 

 
14 We also examine the effect of SARS on paternal ITE in the later analysis. As the missing values are slightly 
different in paternal and maternal information, the sample size for father-child links is slightly different. But the 
summary statistics are similar. As the later results suggest that SARS does not affect paternal ITE, we focus on the 
summary statistics of the sample for maternal analysis here. 
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and 20% attend a university.15 On average, the maternal years of schooling is 8.6 years. The average 

number of SARS cases is 78. 57% of students are male, and 56% have agricultural household 

registration. Finally, 31%, 12% and 56% of students are supposed to take the college entrance 

examination between 2000 and 2002, in 2003 and between 2004 and 2006, respectively.16 

 

4 Results 
In this section we discuss the results for our main analysis. We first present the main results on the 

cohort taking the college entrance examination in 2003 (i.e. the SARS period) and then cohorts 

taking the examination after 2003, and finally we move to the results on heterogeneous effects and 

robustness checks. 

 

4.1 Main Results 
Table 2 shows the results on the SARS effect on maternal ITE. Column 1 presents the results of the 

DDD model (i.e. Equation 2). The coefficient of the triple interaction term suggests that SARS 

intensity significantly increases maternal ITE. Specifically, for students who took the college 

entrance examination in 2003, if the SARS cases number increases by 1%, the magnitude of 

maternal ITE increases by roughly 0.0018. To put this number in perspective, we conduct the 

conventional ITE estimation using Equation 1 in Column 2 employing the sample of the control 

group (i.e. students who are supposed to take the examination between 2000 and 2002 and thereby 

not affected by SARS). It shows that the size of maternal ITE is 0.0194, i.e. one additional maternal 

year of schooling is associated with 1.94% greater likelihood of attending a university or college for 

children. Comparing Columns 1 and 2, we can see that a 1% increase in SARS cases leads to an 

increase in maternal ITE by 9.3% (0.0018/0.0194). Given that the sample average SARS case 

number is 78, maternal ITE is increased by 40% on average by SARS, indicating a significant 

decline in intergenerational mobility. 

 

The other coefficients in Column 1 are also interesting. The interaction between maternal years of 

schooling and SARS cases suggests that, in the control group, maternal ITE is larger in cities which 

suffered from SARS more seriously in 2003. The interaction between maternal years of schooling 

and the indicator for taking the examination in 2003 shows that maternal ITE in 2003 declines 

significantly relative to the control group in general. This is probably because in 2003 it was the 

first time that the college entrance examination took place in June, whereas previously the 

examination took place in July. Given this, parents had less time to help children to prepare for the 

examination than before. Further, the interaction between the SARS case number and the indicator 

for taking the examination in 2003 indicates that students in cities which suffered from SARS more 

seriously are less likely to attend a university or college than before. Finally, male students are 

shown to have a smaller chance of attending a university or college. This is consistent with recent 

literature on the gender reversal in educational outcomes (Blau and Lawerence, 2019). 

 

One concern for the DDD model is that the parallel trend assumption may be violated and the SARS 

intensity may pick up the pre-treatment trend difference. Given this, we conduct two falsification 

 
15  Note that we restrict the sample to children who reported having senior high school education or above, as 
mentioned in the previous paragraph. 
16 The proportion of the younger cohort is larger. This is probably because younger children are more likely to stay 
in the same household register with their parents.   
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tests in Columns 3 and 4 by assuming that students who took the examination in 2002 are also 

affected by SARS. Specifically, for the falsification test in Column 3, we use the sample of both the 

control and treatment groups to estimate Equation 3; for the one in Column 4, we use the sample of 

only the control group to estimate Equation 4. If the coefficient of the triple interaction term among 

maternal years of schooling, SARS case numbers and taking the examination in 2002 is significant, 

then the DDD estimate may be biased due to violation of the parallel trend assumption. However, 

Columns 3 and 4 show that the coefficients of this triple interaction term are small and statistically 

insignificant (i.e. -0.0008 with a standard error of 0.0009), verifying the validity of the DDD model. 

It is also worth noting that the coefficient of the triple interaction term for students taking the 

examination in 2003 in Column 3 remains similar to the one in Column 1. 

 

In addition to the above analysis, which uses years of schooling to estimate the ITE, we also test the 

potential non-linearity of different educational qualifications. In particular, we replace maternal 

years of schooling with a set of dummy variables of maternal education qualification, junior high 

school, senior high school and college or above, to re-estimate Equation 2.17 Figure 2 shows the 

results. It is evident that relative to children of mothers who had only primary school education or 

no formal schooling, SARS intensity increases the chance of having college or university education 

for children of mothers with higher education qualifications, and the more highly educated the 

mother is, the greater this enlargement is.  

 

One may wonder whether SARS affects paternal ITE and whether the SARS effect on maternal ITE 

is caused by assortative mating through paternal ITE. Given this, we investigate paternal ITE in 

Table 3. First, we directly estimate the SARS effect on both maternal and paternal ITE in Column 

1. Compared to Equation 2, in Column 1 we also include the triple interaction among paternal years 

of schooling, the natural logarithm of one plus SARS case number and taking the examination in 

2003 and other relevant paternal related variables in the regression, as indicated in the footnote of 

Table 3. The results suggest that SARS does not directly affect paternal ITE, and the SARS effect 

on maternal ITE is not caused by assortative mating. One issue with the estimation in Column 1 is 

that the sample size is slightly smaller than that in Table 2 due to missing information on paternal 

education. To check the comparability of the samples in Tables 2 and 3, we re-estimate the SARS 

effect on maternal ITE, without controlling for the effect on paternal ITE, using the sample in 

Column 1. The result in Column 2 (i.e. 0.0020) is very similar to the one in Table 2 (i.e. 0.0018), 

confirming the sample comparability. Finally, we estimate the SARS effect on paternal ITE without 

controlling for the effect on maternal ITE in Column 3. The estimate (i.e. 0.0003) is again small and 

statistically insignificant.  

 

The above results suggest that SARS increases the maternal ITE for the cohort who took the college 

entrance examination in the year when SARS occurred (i.e. 2003). Hypothetically speaking, SARS 

may also affect cohorts who took the examination after 2003, because SARS also interrupted their 

school studies to some extent. We investigate the SARS effect on the cohorts who are supposed to 

take the examination during 2004 to 2006 in Table 4. We estimate Equations 5 and 6 in Columns 1 

and 2, respectively. While the estimated effect on the cohort taking the examination in 2003 remains 

the same as that in Table 2, the results suggest that SARS does not significantly influence the cohorts 

 
17 Primary school or no formal schooling is taken as the base group. 
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taking the examination after 2003.18  This indicates that the disadvantage of children of lower-

educated mothers imposed by SARS fades as time goes by. The policy implication drawn from these 

results is that the negative effect of epidemics and pandemics can be mitigated if the government 

postpones important examinations. 

 

4.2 Heterogeneity in the Effect 
In this section we explore potential heterogeneity in the SARS effect on maternal ITE. First, we 

explore the heterogeneity according to the explanatory variables. The results are shown in Panel A 

of Table 5. The first two columns of Panel A show the heterogeneous effects by gender. The results 

suggest that SARS mainly affects girls rather than boys. This is probably because the preference for 

sons in China protects boys from being adversely affected by epidemic shocks. The third and fourth 

columns examine the heterogeneity in city size. As the epidemic was more contagious in crowded 

areas, SARS may affect students in big cities more. We divide the sample into two parts: one is for 

individuals in municipalities and provincial capital cities (labelled as ‘large city’), and the other is 

for observations in the remaining cities (labelled as ‘small city’). Indeed, the results confirm our 

conjecture, showing that the effect mainly appears in big cities. 

 

Second, we examine the potential heterogeneous effects of SARS on 3-year college and 4-year 

bachelor programmes. In Panel B a multinomial logit model taking no tertiary education as the base 

outcome is estimated. As the admission to 4-year bachelor programmes is more competitive and 

requires more parental involvement in examination preparation, it is expected that the SARS effect 

on maternal ITE is stronger for 4-year bachelor programmes. Indeed, the results suggest that while 

SARS increases maternal ITE through both 3-year college and 4-year bachelor programmes, the 

effect is mainly concentrated in the latter.  

 

4.3 Robustness Checks 
We conduct two sets of robustness checks in Table 6. First, Panel A shows the results from a set of 

alternative measures of SARS intensity. In the first two columns we test whether the particular 

functional form of the SARS case number drives our results. In the first column we use the 

confirmed cases number without logarithm transformation divided by 1000 to check whether our 

previous results are caused by the natural logarithm transformation. In the second column we 

directly take the natural logarithm of the cumulative number of SARS cases as the measure, so cities 

with no SARS cases are excluded from the sample. As the SARS virus was novel, due to 

unfamiliarity three cases were incorrectly classified as SARS cases in the reports by 6 June, and 

these were excluded in later reports (one in Beijing and two in Hohhot). In the third column, we 

exclude the incorrect cases and re-estimate the effect to check the robustness. The results are all 

robust. 

 

Second, we test the sensitivity of our results by constructing a set of alternative control groups. 

Recall that in the main analysis students who are supposed to take the college entrance examination 

in 2003 are treated as the treatment group, and those supposed to take the examination between 

2000 and 2002 (i.e. before SARS occurred) are treated as the control group. In Panel B, we take 

 
18 In online Appendix Table 2, we also re-estimate the SARS effect on cohorts taking the examination after 2003 by 
excluding the cohort taking the examination in 2003 from the sample. The results are similar.  
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students supposed to take the examination in 2002, between 2001 and 2002, between 1999 and 2002 

as the control groups, respectively. Different constructions of the control group may lead to different 

estimates. However, Panel B shows that our results are robust to the construction of the control 

group. 

 

5 Mechanism Analysis 
The above analyses establish the total effect of SARS on ITE. In this section, we discuss the potential 

mechanisms through which the SARS effect works. Hypothetically, the above results can be driven 

by the possibility that more highly educated mothers tend to have more health knowledge and 

thereby are more likely to prevent their children from being infected by SARS. Alternatively, highly 

educated mothers may be more engaged with children’s study and more likely to help their children 

to keep mental stability to offset the negative consequences brought about by SARS, e.g. loss of 

formal school education and stress and anxiety.  

 

We first examine the direct health channel. Health is important for the examination outcome (Currie 

and Moretti, 2003; Breierova and Duflo, 2004; Cutler and Lleras-Muney, 2008; see Currie (2009) 

for a review). SARS can affect student health directly, and highly educated mothers tend to have 

more health-related knowledge and thereby mitigate this negative impact more than less educated 

mothers. However, we believe that while this channel may exist, it is unlikely to be the main reason 

for SARS to impact ITE, as only a limited number of students were infected by SARS. In Yu et al.’s 

(2006) study, it is found that in mainland China only 10.2% of SARS cases were individuals who 

were aged between 10 and 19 in 2003. Projected from the 2000 and 2010 censuses, there were 20 

million individuals who were 18 years old in 2003. Consider the extreme case. If all the SARS cases 

in the group aged between 10 and 19 occurred in individuals aged 18, the incidence rate would have 

been around 0.0026% to 0.0027%. Given that the sample size of the cohort taking the examination 

in 2003 in the regression of Column 1 of Table 2 is 9,876, this incidence rate implies that only 0.27 

observation would have been affected by the direct health impact of SARS. Such a small number is 

unlikely to drive our results. 

 

Now we turn to the second possibility, that more highly educated mothers can help children to better 

prepare for the examination. First, in Figure 3 using the baseline wave (i.e. 2010) of a large 

household survey, China Family Panel Studies, we find that more educated mothers are more likely 

to save for children’s education, discuss what happens in school with children, and check children’s 

homework, and are also less likely to watch TV.19 This suggests that more highly educated mothers 

tend to create a better study environment for children at home, in general. As schools were closed 

or school time was shortened substantially during the SARS period, more highly educated mothers 

may substitute in the role of school teachers, to some extent.20 For example, they could purchase 

more books (e.g. problem sets) or employ private tutors for their children. We further employ the 

Urban Household Survey from 2000 to 2006 to investigate the differential SARS effect on 

educational expenditure by maternal education.21 In particular, in Table 7 we estimate Equation 2 

 
19 We choose to use the 2010 sample, because it does not have the attrition issue and thus is representative and it is 
also closer to the SARS period. For data details, please refer to online Appendix 2.  
20 It has been found that more highly educated mothers tend to devote more time to children during the COVID-19 
pandemic (Del Boca et al., 2020). 
21 For data details, please refer to online Appendix 2. 
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with outcome variables being educational expenditure. We restrict the sample to households with 

only one child who was a student and aged 18. This sample restriction is applied for two reasons. 

First, as the school starting age is usually six, students aged 18 are supposed to be in their final year 

of senior high school. Second, to avoid complications due to economic returns to scale, we exclude 

households with two or more such children. We take the sample from the 2003 wave as the treatment 

group and the rest as the control group.22  We include household size, wave dummies and city 

dummies as the covariates in the estimation. The first two columns present the results on the share 

of income spent on all kinds of educational expenditure, i.e. the total educational expenditure 

divided by income, and the last column shows the results on the share of income spent on private 

tutorials. As explained in online Appendix 2, there are differences in the survey design before and 

after 2002 wave. Given this, for the share of total educational expenditure we conduct two 

estimations. One uses all seven waves, and the other uses the latter five waves. However, since 

information on private tutorials is unavailable before 2002, for the share on tutorials we only employ 

the waves in 2002 onwards to conduct the estimation. The results show that in cities where SARS 

was more prevalent, more highly educated mothers tend to spend more on children’s education in 

terms of both total expenditure and private tutorials. One may have concerns that the estimated 

coefficient is economically small. However, given that the mean of the dependent variable is small 

and that the sample average maternal years of schooling is 11, the implied effect is non-trivial. For 

example, even for the city with only one SARS case, the average maternal years of schooling implies 

that the share of income in total education expenditure increases by 2.9 percentage points, equivalent 

to 24% of the mean value. Given this, we are inclined to believe that the second possibility is a more 

important reason for SARS to affect ITE.23 

 

6 Concluding Remarks with Discussion on COVID-19 
In this paper, we employ a triple difference-in-differences approach to investigate the impact of 

SARS on ITE based on the outcome of college entrance examination. Our results suggest that SARS 

intensity significantly increases maternal ITE. A one percent increase in SARS case numbers leads 

to a 9.3 percent increase in maternal ITE for the cohort taking the college entrance examination 

during the SARS period. Our results also suggest that the SARS effect mainly concentrates on 

female students and students in large cities and is stronger for admission to 4-year bachelor 

programmes. In the mechanism analysis, we find that the main reason for SARS to affect ITE is that 

more highly educated mothers may be more engaged in their children’s studies, e.g. having more 

interaction with their children or finding private tutors for their children, so the children of more 

educated mothers tend to perform better in the college entrance examination during the epidemic 

period.   

 

The warning message this paper conveys is that pandemics and epidemics are likely to reduce 

intergenerational mobility and widen the education gap between students from low and high 

socioeconomic status families. This paper draws an important lesson from SARS for the current 

 
22 As the previous analysis shows, SARS does not affect the cohorts taking the college entrance examination after 
2003. Thus, these cohorts can also be treated as control groups to enhance the estimation efficiency.  
23 An important caveat we should bear in mind is that we deem the above finding an indication that in general more 
highly educated mothers tend to be more engaged in children’s studies during an epidemic. There could also be other 
ways for more highly educated mothers to improve their children’s studies. For example, they could spend more 
time with their children to relive the stress and anxiety of their children. However, due to data constraints, we are 
not able to test the other potential channels. 
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COVID-19 pandemic. Given the COVID-19 case numbers and predicting from our regression, in 

the COVID-19 most prevalent three provinces in China: Hubei, Guangdong and Henan, maternal 

ITE could increase by 103%, 69% and 66%, respectively. However, we should bear in mind that 

these are just rough estimates. The impacts of COVID-19 and SARS may be different. Compared 

to SARS, COVID-19 is more prevalent and lasting longer. Also, online teaching has been used 

widely during the COVID-19 pandemic, which may mitigate or magnify the adverse impacts of the 

pandemic to some extent. 
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Figures  

 

Figure 1: The Distribution of SARS Cases  

 

Note: The cumulative case numbers by 6 June 2003 are plotted. 

Source: Reports of the Ministry of Health compiled by CDC of Jiangsu Province. 
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Figure 2: Nonlinear Effect of Educational Attainment 

 
Note: In this figure, we estimate Equation 2 with the replacement of 𝑃𝑒𝑑𝑢  with a set of dummy 

variables, i.e. junior high school education, senior high school education and college or above 

education. Note that we include different qualifications and their relevant interaction terms in one 

regression. 

Source: The 3% random sample of the long form data of the 2010 China Census. 

 

ln(1+cases)*junior high*exam at 2003

ln(1+cases)*senior high*exam at 2003
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Figure 3: Mother's role in children's education 

 
Source: 2010 China Family Panel Studies. 
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Tables 

 

Table 1: Summary Statistics 

Variable Mean 
Std. 

Dev. 

3-year college or 4-year bachelor programme or above 0.53  0.50  

4-year bachelor programme or above 0.20  0.40  

mother's years of schooling 8.59  3.01  

number of cases 78.19  397.39  

male 0.57  0.50  

rural hukou 0.56  0.50  

cohort taking college entrance exam between 2000 and 2002 0.31  0.46  

cohort taking college entrance exam in 2003 0.12  0.33  

cohort taking college entrance exam between 2004 and 2006 0.56  0.50  

Observations 80,347   

Source: The 3% random sample of the long form data of the 2010 China Census and reports of 

Ministry of Health of China compiled by CDC of Jiangsu Province. 

 



22 

Table 2: Results on the cohort taking college entrance examination in 2003 

  DDD IG estimation falsification test 

  (1) (2) (3) (4) 

mother's years of schooling*ln(1+cases)*exam in 2003 0.0018**  0.0015*  

 (0.0009)  (0.0008)  
mother's years of schooling*ln(1+cases) 0.0020***  0.0022*** 0.0021*** 

 (0.0006)  (0.0008) (0.0007) 

mother's years of schooling*exam in 2003 -0.0075***  -0.0071***  

 (0.0021)  (0.0023)  
ln(1+cases)*exam in 2003 -0.0177*  -0.0155  

 (0.0096)  (0.0097)  
mother's years of schooling 0.0174*** 0.0194*** 0.0168*** 0.0166*** 

 (0.0014) (0.0014) (0.0016) (0.0016) 

dummy for cohort taking exam in 2003 0.1028***  0.1219***  

 (0.0205)  (0.0217)  
male -0.0569*** -0.0566*** -0.0560*** -0.0555*** 

 (0.0056) (0.0064) (0.0056) (0.0064) 

mother's years of schooling*ln(1+cases)*exam in 2002   -0.0008 -0.0008 

   (0.0009) (0.0009) 

mother's years of schooling*exam in 2002   0.0002 -0.0000 

   (0.0021) (0.0021) 

ln(1+cases)*exam in 2002   0.0073 0.0068 

   (0.0108) (0.0108) 

dummy for cohort taking exam in 2002   0.0603*** 0.0617*** 

   (0.0199) (0.0199) 



23 

Observations 35,037 25,161 35,037 25,161 

R-squared 0.1638 0.1781 0.1662 0.1817 

Note: Robust standard errors are clustered at city level. *Significant at 10% level; **significant at 5% level; ***significant at 1% level. The coefficients 

of the interactions of city dummies and hukou type and the constant term are omitted.   
 

Source: The 3% random sample of the long form data of the 2010 China Census and reports of Ministry of Health of China compiled by CDC of Jiangsu 

Province. 
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Table 3: The role of assortative mating 

  (1) (2) (3) 

mother's years of schooling*ln(1+cases)*exam in 2003 0.0027* 0.0020**  

 (0.0016) (0.0009)  

father's years of schooling*ln(1+cases)*exam in 2003 -0.0015  0.0003 
 (0.0017)  (0.0009) 

Observations 31,281 31,281 31,281 

R-squared 0.1782 0.1688 0.1762 

Note: Robust standard errors are clustered at city level. *Significant at 10% level; 

**significant at 5% level; ***significant at 1% level. The other covariates included in the 

regressions in columns 2 and 3 are the same as those in Table 2. The regression in column 1 

further controls for the interaction of paternal years of schooling and the dummy for the cohort 

taking the exam in 2003, the interaction of paternal years of schooling and ln(1+cases) and the 

variable of paternal years of schooling.  

 

 

 

 

Source: The 3% random sample of the long form data of the 2010 China Census and reports 

of Ministry of Health of China compiled by CDC of Jiangsu Province. 
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Table 4: Selective results on the effect of SARS on the cohorts taking college entrance 

examinations between 2003 and 2006  

  (1) (2)  

mother's years of schooling*ln(1+cases)*exam in 2003 0.0018** 0.0018**  

 (0.0009) (0.0009)  

mother's years of schooling*ln(1+cases)*exam between 2004 and 2006 0.0001  
 

 (0.0007)  
 

mother's years of schooling*ln(1+cases)*exam in 2004  -0.0000  

  (0.0006)  

mother's years of schooling*ln(1+cases)*exam in 2005  0.0006  

  (0.0010)  

mother's years of schooling*ln(1+cases)*exam in 2006  -0.0002  

  (0.0008)  

Observations 80,347 80,347  

R-squared 0.1351 0.1351  

Note: Robust standard errors are clustered at city level. *Significant at 10% level; **significant at 

5% level; ***significant at 1% level. Columns 1 and 2 present results from Equations 5 and 6, 

respectively. Coefficients of the other covariates are omitted. 

 
 

 

Source: The 3% random sample of the long form data of the 2010 China Census and reports of 

Ministry of Health of China compiled by CDC of Jiangsu Province. 
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Table 5: Selective results the heterogeneous effect 

  (1) (2) (3) (4) 

Panel A: Heterogeneous Effects across Covariates OLS Regression 
 gender city size 

 female male small large 

mother's years of schooling*ln(1+cases)*exam in 2003 0.0034*** 0.0005 0.0015 0.0037*** 

 (0.0013) (0.0011) (0.0023) (0.0011) 

Observations 14,187 20,850 26,004 9,033 

R-squared 0.1767 0.168 0.1477 0.1567 

Panel B: Heterogeneous Effects in the Outcome Variable Multinomial Logit Regression 
 

3-year college 
4-year bachelor or 

above  

 
Coeff. M.E. Coeff. M.E.  

mother's years of schooling*ln(1+cases)*exam in 2003 0.0103** 0.0011 0.0147** 0.0014* 
 (0.0051) (0.0008) (0.007) (0.0008) 

Observations 35,037 35,037 35,037 35,037 

Note: Robust standard errors are clustered at city level. *Significant at 10% level; **significant at 5% level; 

***significant at 1% level. OLS regressions are estimated in Panel A, and multinomial logit model taking no 

tertiary education as the base outcome are estimated in Panel B. The other covariates included in both panels are 

the same as those in Table 2. In Panel B, Columns 1 and 3 show the estimated coefficients, and the other two 

columns show the estimated marginal effects. 

 

 

 

Source: The 3% random sample of the long form data of the 2010 China Census and reports of Ministry of 

Health of China compiled by CDC of Jiangsu Province. 
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Table 6: Robustness checks 
 (1) (2) (3) 

Panel A: Different measures on the intensity of SARS 
case number in a thousand w.o. any 

transformation 

natural logarithm 

transformation 

Excluding incorrect 

SARS cases 

mother's years of schooling*SARS measure*exam in 2003 0.0102*** 0.0023** 0.0018*** 

 (0.0025) (0.0011) (0.0025) 

Observations 35037 15881 35037 

R-squared 0.1639 0.1722 0.1639 

Panel B: Different control groups control groups 
 exam at 02 exam at 01 & 02 exam bw. 99 & 02 

mother's years of schooling*ln(1+cases)*exam in 2003 0.0024* 0.0017* 0.0016* 
 (0.0013) (0.001) (0.0009) 

Observations 18429 26643 40946 

R-squared 0.1723 0.1682 0.1632 

Note: Robust standard errors are clustered at city level. *Significant at 10% level; **significant at 5% level; ***significant at 1% level. The other covariates 

included are the same as those in Table 2.  

Source: The 3% random sample of the long form data of the 2010 China Census and reports of Ministry of Health of China compiled by CDC of Jiangsu 

Province. 

 

 

 

 

 

 

 



28 

 

Table 7: Mother's role in education expenditure  

  
Total Education 

Expenditure 

Private 

Tutorial 

Expenditure 

 2000–

2006 

2002–

2006 
2002–2006 

  (1) (2) (3) 

mother's years of schooling*ln(1+cases)*2003 

wave 
0.0038** 0.0039** 0.0004* 

 (0.0019) (0.0019) (0.0002) 

Mean of the dependent variable 0.1196 0.12 0.0114 

Observations 4,899 3,985 3,985 

R-squared 0.0999 0.1009 0.1283 

Note: Robust standard errors are clustered at city level. *Significant at 10% level; 

**significant at 5% level; ***significant at 1% level. The dependent variable is the 

corresponding education expenditure share divided by family income. The coefficients of the 

interaction between mother's years of schooling and 2003 wave, the interaction between 

ln(1+cases) and 2003 wave, the interaction between ln (1+cases) and mother's years of 

schooling, mother's years of schooling, household size, year dummies and constant terms are 

omitted. Column 1 employs the waves from 2000 to 2006, and the other two employ the 

waves from 2002 to 2006. The dependent variable in the first two columns is the share of 

income spent on education, and the one in the last column is the share of income spent on 

private tutorial. The sample is restricted to households with only one child who was a student 

and aged 18. Survey weights are applied. 

Source: 2000–2006 waves of Urban Household Survey and reports of Ministry of Health of 

China compiled by CDC of Jiangsu Province. 
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Online Appendix 1: Online News for School Interruption 

 

https://www.thepaper.cn/newsDetail_forward_6225125 

https://news.sohu.com/25/61/news208626125.shtml 

https://news.sohu.com/78/82/news208608278.shtml?nbsp 

https://zhuanlan.zhihu.com/p/107624676 

https://baijiahao.baidu.com/s?id=1664328984049488573&wfr=spider&for=pc 

http://meeting.dxy.cn/576/article/471/576/582/591/5182.html 

https://www.chinanews.com/n/2003-04-19/26/295906.html 

http://society.eastday.com/epublish/gb/paper140/38/class014000025/hwz961004.htm 

http://tech.163.com/tm/030513/030513_93120.html 

http://idm.cctv.com/news/science/20030503/100456.shtml 

https://baike.baidu.com/item/SARS%E4%BA%8B%E4%BB%B6 

https://baijiahao.baidu.com/s?id=1658607212093872810&wfr=spider&for=pc 

https://www.zhihu.com/question/374593474 

https://news.sohu.com/63/54/news208615463.shtml 

https://heilongjiang.dbw.cn/system/2003/04/26/012110005.shtml 

http://edu.southcn.com/zhuanti/2003gaokao/baojian/200305210900.htm 

https://news.sohu.com/67/88/news208948867.shtml 

https://news.sohu.com/27/60/news208786027.shtml 

https://www.sohu.com/a/372538675_203066 

http://www.ordosedu.cn/info/1041/12853.htm 

https://news.sina.com.cn/c/2003-05-02/15041027550.shtml 

https://news.sina.com.cn/c/2003-05-02/15041027550.shtml 

http://blog.sina.com.cn/s/blog_49073da6010002v2.html 

https://news.sina.com.cn/c/2003-05-02/05481027104.shtml 

https://law.lawtime.cn/d407257412351.html 

https://baijiahao.baidu.com/s?id=1635742503805737520&wfr=spider&for=pc 
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Online Appendix 2: Data Details for Section 5 

The results in Figure 3 and Table 7 are derived from two large-scale household surveys, China 

Family Panel Studies (CFPS) and Urban Household Survey (UHS), respectively.  

 

CFPS is a longitudinal survey conducted biannually. The baseline wave was conducted in 2010, and 

to date five waves have become publicly available. We use the baseline wave for the analysis in 

Figure 3, because it is representative of the general population in China and closer to the SARS 

period. The results in the four panels are from the following respective questions:  

1. Have you saved money for the education of your children? 

2. Since the beginning of this academic year/semester, do you often discuss what is happening in 

school with your children? 

3. Do you often check the homework of your children? 

4. When your children are studying, do you usually give up watching your favourite TV programmes 

to avoid interrupting the study of your children? 

The answers to the first question are “Yes” (coded as 1) and “No” (coded as 0). The possible options 

to the other four questions are “very often (6–7 times per week)”, “often (twice or three times per 

week)”, “occasional (once or twice per week)”, “rare (once per month)” and “never”. The first panel 

of Figure 3 presents the share of “yes” for the first question, and the other three panels present the 

shares of “very often” and “often” for the other three questions, respectively. 

 

UHS is a repeated cross-sectional survey aiming at documenting consumption and expenditure 

together with other basic information about urban households in China. We have access to the data 

of 16 provinces and municipalities: Beijing, Shanxi, Liaoning, Heilongjiang, Shanghai, Jiangsu, 

Anhui, Jiangxi, Shandong, Henan, Hubei, Guangdong, Chongqing, Sichuan, Yunnan and Gansu. To 

be consistent with the main results, we employ the waves from 2000 to 2006 for the analysis. Note 

that before 2001 (inclusive) UHS only included households with urban household registration, but 

since 2002 (inclusive) UHS has also included a small fraction of households with rural household 

registration (Meng et al., 2013). The sample size increases dramatically after 2002 (inclusive). In 

addition, the survey after 2002 (inclusive) includes more detailed information on educational 

expenditure. Given these, for the share of total educational expenditure we conduct two estimations: 

using all the seven waves and using 2002 to 2006 waves, respectively. For the share of expenditure 

on private tutorials we use only 2002 to 2006 waves, because the spending on private tutorials was 

not asked in the 2000 and 2001 waves. We restrict our sample to households in which the household 

head and spouse have children who were students and aged 18 during the survey time (i.e. supposed 

to be in the final year in the senior high school). This left us with 4,928 observations in all seven 

waves and 4,012 observations in the 2002 to 2006 waves for the analysis. We exclude households 

with more than one such child for simplification. The final sample sizes are 4,899 and 3,985, 

respectively. If we include households with more than one such child, the results are similar and 

available upon request. 
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Online Appendix Figures 

 

Online Appendix Figure 1: The Comparison of Age Distributions between Our Sample and the 

Full Census Data 

 
Source: Our sample is a 3% random sample of the long form data of the 2010 China Census. The 

full census data are extracted from the NBS webpage: 

http://www.stats.gov.cn/tjsj/pcsj/rkpc/6rp/indexch.htm. 
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Online Appendix Tables 

 

 

 

Online Appendix Table 1: Representativeness of Our Random 

Sample (%) 

  Our Sample Full Census 

female share 49.00  48.81 

share of educational attainment  

no schooling 6.09  5.00  

primary school 30.41  28.75  

junior high 43.04  41.70  

senior high 12.76  15.02  

3-year college 4.60  5.52  

4-year university 2.83  3.67  

postgraduate 0.27  0.33  

Note: The education variables are for individuals aged 6 and above. 

Source: Our sample is a 3% random sample of the long form data of 

the 2010 China Census. The information for the full census is 

extracted from 

http://www.stats.gov.cn/tjsj/pcsj/rkpc/6rp/indexce.htm, including 

both the long and short forms data. 
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Online Appendix Table 2: Results from alternative specifications on the effect of SARS on the cohorts taking college entrance 

examinations between 2004 and 2006 

  04-06 cohorts 
04 

cohort 

05 

cohort 

06 

cohort 

  (1) (2) (3) (4) 

mother's years of schooling*ln(1+cases)*exam between 2004 and 2006 0.0001    

 (0.0007)    

mother's years of schooling*ln(1+cases)*exam in 2004  -0.0005   

  (0.0007)   
mother's years of schooling*ln(1+cases)*exam in 2005   0.0010  

   (0.0010)  
mother's years of schooling*ln(1+cases)*exam in 2006    0.0001 

    (0.0008) 

Observations 70,471 37,492 41,360 41,941 

R-squared 0.1358 0.1613 0.1522 0.1479 

Note: Robust standard errors are clustered at city level. *Significant at 10% level; **significant at 5% level; ***significant at 1% 

level. In all the four columns the control group are those supposed to take the exam between 2000 and 2002, and the treatment groups 

are those supposed to take the exam between 2004 and 2006, 2004 only, 2005 only and 2006 only, respectively. We estimate Equation 

2 by replacing 𝟏(𝑡 = 2003)  with 𝟏(𝑡 = 2004, 2005 𝑜𝑟 2006) , 𝟏(𝑡 = 2004) , 𝟏(𝑡 = 2005)  and 𝟏(𝑡 = 2006)  in the four 

columns, respectively. Other coefficients are omitted. 

 

Source: The 3% random sample of the long form data of the 2010 China Census and reports of Ministry of Health of China 

compiled by CDC of Jiangsu Province. 

 

 

 


