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ABSTRACT
Childhood Vaccinations and Demographic
Transition: Long-Term Evidence from
India*
Childhood vaccines can increase population growth in the short term by improving the
survival rates of young children. Over the long run, reductions in child mortality rates are
associated with lower demand for children and fertility rates (known as “demographic
transition”). Vaccines can potentially aid demographic transition by lowering child mortality
and improving future health, schooling, and labor market outcomes of vaccinated
mothers, but these long-term demographic benefits remain untested. In this study, we
examine the demographic effects of India’s national childhood vaccination program (the
Universal Immunization Programme or UIP). We combine data on the district-wise rollout
of UIP during 1985–1990 with fertility preference data of 625,000 adult women from the
National Family Health Survey of India 2015–2016. We include women who were born five
years before and after the rollout period (1980–1995) and were cohabiting with a partner
at the time of the survey. We divide these 20-36-year-old women into two groups: those
who were exposed to UIP at birth (treatment group) and those who were born before
the program (control group). After controlling for individual- and household-level factors
and age and district fixed effects, treatment group women are 2% less likely to have at
least one child and want 2% fewer children in their lifetime as compared with the control
group. The negative effect on at least one childbirth is larger for more educated and richer
women, while the effect on the desired number of children is larger for uneducated and
poorer women.
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1. Introduction
Childhood immunization is one of the greatest accomplishments of modern medicine and public
health. In 2000–2030, routine immunization is projected to prevent 69–97 million childhood
deaths worldwide, of which 37–50 million lives are estimated to have been saved during 2000 to
2019 (Li et al., 2021; Toor et al., 2021). In low- and middle-income countries (LMICs),
childhood vaccines are also projected to help avert $1.5 trillion in medical expenditure during
2011–2030, with an economic return greater than 50 times per dollar spent when measured in
terms of willingness to pay (Sim et al., 2021; Watts et al., 2021).
Health interventions that reduce infant and child mortality—such as prenatal and postnatal care
and vaccines—may have important implications for the demand for children and long-term
population growth. Fewer deaths may increase the cohort size of children and increase the
population growth rate in the short term, especially following medical or public health
breakthroughs in infant survival such as the advent of new drugs (Alsan et al., 2021; Bhalotra
and Venkataramani, 2011; Jayachandran et al., 2010; Keenan et al., 2018). However, child
mortality and population fertility rates often move downward together over a longer time horizon
(Bhalotra et al., 2022; Bloom et al., 2020; Doepke, 2005; Galor, 2012; Palloni and Rafalimanana,
1999; Soares, 2005). This phenomenon, known as demographic transition, has been observed for
more than a century and is considered to be a major driver of economic growth in many
countries. With lower fertility rates, the ratio of working-age populations to non-working-age
populations increases, which in turn can aid sustained high levels of economic productivity
(Bloom et al., 2003; Bloom and Canning, 2008; Bloom and Williamson, 1998). This so-called
“demographic dividend” was behind the rapid growth of the East Asian miracle economies
during the 1960s to 1990s and has been projected to benefit many African countries in the near
future (Bloom et al., 2017; Bloom and Williamson, 1998).
Several contributing factors for demographic transition have been explored and debated (Galor,
2012, 2011). The first pathway is based on the physiological and psychological effect of the
death of a child. Infant death and ceased breastfeeding can potentially trigger reproductive cycles
and allow women to conceive again (Palloni and Rafalimanana, 1999). A related psychological
factor is the “replacement effect,” i.e., parents may want to replace a child who has died by
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having more children until the desired number of children are born (Nandi et al., 2018; Nobles et
al., 2015). Improvements in child survival rates will therefore have an opposite effect on the
demand for fertility: parents will have fewer children as they know that a child is likely to
survive more than ever before, and the time between subsequent births will increase (Chowdhury
et al., 1976; Doepke, 2005; Galor, 2012; Montgomery and Cohen, 1998; Palloni and
Rafalimanana, 1999; Pritchett, 1994; Soares, 2005; Wolpin, 1997).
Empirical evidence on child survival–driven demographic transition is mixed (Galor, 2012).
Ager et al. (2018), Bhalotra et al. (2022), and Canning et al. (2013) link child mortality (or
mortality expectations) positively with fertility rates. In particular, Canning et al. (2013) use data
from 46 LMICs to estimate that a 1% increase in child survival rate can reduce the number of
children born by 0.6% at the individual level. At the community level, where a woman’s fertility
decision may also be affected by other women’s fertility preference, a 1% increase in child
survival rate is linked with 1.1% fewer births (Canning et al., 2013). In contrast, analysis using
data from 19th century England and France show that reductions in child mortality rates
substantially predated—and did not cause—reductions in fertility rates (Doepke, 2005; Galor,
2012; Murphy, 2015).
A review by Galor (2012) argues that other factors such as technological progress and rise in the
demand for human capital, improved educational attainment, and higher income levels may
instead be the main drivers of demographic transition. With industrialization and higher demand
for skilled labor, parents may have fewer children and invest more resources in the human capital
development of each child, which is conceptualized in the so-called child quantity-quality
tradeoff theory (Becker and Lewis, 1973; Becker and Tomes, 1976). Improvements in schooling
access and quality may accelerate this process by increasing the returns to schooling (Becker et
al., 2010; Bleakley and Lange, 2009; Galor, 2012; Murphy, 2015; Murtin, 2013). Finally, rise in
educational attainment, returns to education, and income may increase the opportunity cost of
childbearing. As a result, women may reduce their demand for fertility and participate more in
gainful economic activities (Aaronson et al., 2014; DeCicca and Krashinsky, 2022; Finlay, 2021;
Galor, 2012; Galor and Weil, 2000).
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Studies of whether health interventions can affect the demand for children and population growth
are limited. Lucas (2013) estimates that the national malaria eradication program of Sri Lanka in
the 1940s increased the annual probability of childbirth by 5.8 percentage points during the next
three decades. Gooch (2017) estimates that at least 1.5% of the global population growth—and
14% in Africa—since 1900 can be attributed to measures that reduce the transmission of
mosquito-borne diseases. Kuecken et al. (2021) use variations in cohort-level exposure to the
World Health Organization’s (WHO) malaria eradication program (known as the Roll Back
Malaria Partnership, 1998) in 27 African countries to show that the program reduced the
probability of childbirth by 0.4 percentage points. The program also increased schooling
attainment by 0.4 years and the adult employment rate by 6 percentage points. Ager et al. (2018)
use a difference-in-difference framework to find that a one standard deviation reduction in
smallpox mortality due to the introduction of the smallpox vaccine reduced births by 1.16 per
1,000 population and 5.6 births per 1,000 women of age 15–45 years in early 19th century
Sweden. Wilson (2015) finds that a package of prevention of mother-to-child transmission of
HIV in the early 2000s in Zambia reduced pregnancy rates by 10%. Among yet unpublished
studies, Bhalotra et al. (2022) link the 1937 introduction of antibiotics in the United States with
delayed childbearing and fewer children born, and Wilde et al. (2019) and Bhattacharjee and
Dasgupta (2019) associate malaria control efforts in Sub-Saharan Africa and India respectively
with higher childbirth probability.
In this paper, we examine the long-term effect of India’s national program for child vaccination,
known as the Universal Immunization Programme (UIP), on future demand for children. We use
data from the National Family Health Survey 2015–2016 (NFHS-4), a nationally representative
survey covering 601,509 households in India, and combine them with retrospective data on the
district-wise introduction of UIP during 1985–1990. We consider women who were born during
1985–1990 and compare the demand for children of those who were exposed to the program at
birth (intervention group) with that of those who were born before the program reached their
district and therefore were not exposed (control group). To control for time-invariant and timevarying factors that may be correlated with program implementation and study outcomes, we
employ year (age) and district fixed-effects regression models. We also conduct robustness
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checks involving variations in study periods and a falsification test and explore heterogeneity in
treatment effect.
Our study makes important contributions to the existing literature on the demographic effects of
health interventions. Previous studies focused heavily on malaria control, with all but one study
showing a positive effect on fertility demand. In comparison, the three drug and vaccine studies
(including the prevention of mother-to-child transmission of HIV, which included antiretroviral
drugs) all show reductions in the demand for children. To the best of our knowledge, Ager et al.
(2018) is the only study to link vaccines with reduced fertility demand, examining smallpox
vaccine introduction during the late 1700s and early 1800s in Sweden. No evidence is available
from other countries or time periods, especially in LMICs where vaccines have saved millions of
lives in the past few decades absent other public health measures such as access to clean water,
sanitation, and primary healthcare. Fertility rates in LMICs have also been historically higher,
with slower rates of demographic transition, as compared with high-income countries. India has
experienced a reduction in total fertility rate (average number of children a woman has in her
lifetime) from 4 in 1990 to a replacement level of 2 in 2021 (Pearce, 2021; World Bank, 2021).
Understanding the possible role of UIP in accelerating demographic transition may provide
important policy insights for other high-fertility LMICs such as the countries in sub-Saharan
Africa. Finally, our study is also the first to examine the demographic effects of a comprehensive
national child immunization program instead of a single vaccine or drug. The smallpox vaccine
examined by Ager et al. (2018) was given to the entire Swedish population without age
restrictions, which might have a different implication for mortality and subsequent demand for
children than childhood vaccines, which are typically given within the first two years of life.
2. Universal Immunization Programme and the potential pathways of its demographic
effects
India introduced the World Health Organization’s Expanded Programme on Immunization in
1978 with vaccines for Bacillus Calmette-Guérin; polio (oral polio vaccine); diphtheria,
pertussis, and tetanus (DPT); and typhoid-paratyphoid (Lahariya, 2014; Pradhan, 2010; Sokhey
et al., 1989). Until the mid-1980s, vaccines were only distributed through government hospitals
in urban areas and the coverage rates were very low (Lahariya, 2014). In 1985, the government
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introduced the Universal Immunization Programme on a rolling basis. In the first year, 31
districts were covered, and by 1990, the program had reached all districts of India. In addition to
the previously mentioned vaccines, UIP also introduced the measles vaccine. The typhoidparatyphoid vaccine was removed from the Expanded Programme on Immunization in 1981 and
was not included in UIP. UIP also provided the maternal tetanus vaccine, which was introduced
in 1983 (Lahariya, 2014). UIP targeted primarily children under the age of 1 year (Sokhey et al.,
1989).
A few studies argue that the introduction of UIP may have been prioritized in districts with better
health infrastructure before other districts (Anekwe and Kumar, 2012; Kumar, 2009; Lahariya,
2014). However, Summan et al. (2022) used village-level data from the 1991 census of India to
show that the phasing across districts was not linked with many health infrastructure indicators
such as the availability of a primary health center or subcenter, community health worker, and
paved road, or demographic indicators such as population size or literacy rates. Figure 1 presents
the phase-wise rollout of the program across districts during 1985–1990. Although UIP had a
goal of covering 85% of eligible children by 1990, India’s first National Family Health Survey
1992–1993 (NFHS-1) shows that the target was not achieved (International Institute for
Population Sciences and ICF, 1995). Out of 12-23-month-old children represented in the NFHS1 data, 30% did not receive any vaccines, while coverage rates among the remaining children
ranged from 42% for the measles vaccine to 62% for the Bacillus Calmette-Guérin vaccine. The
coverage rate of the DPT third dose—an indicator often used to measure the performance of
national immunization programs—was 52%.
The burden of vaccine-preventable diseases (VPD) in India before UIP introduction was
presumably very high, but systematic data collection was lacking (Lahariya, 2014; Sokhey et al.,
1989). For example, government data indicate that India had an estimated 320,000 cases of
measles infections in 1980 (Lahariya, 2014). However, community- and hospital-based studies
from the early 1980s indicate that almost 90% of Indian children under the age of 5 years were
exposed to or infected with measles (Sokhey et al., 1989). Despite lower than target coverage of
vaccines, UIP likely helped saved millions of children from VPD mortality and morbidity by the
early 1990s through primary and secondary (community) protection. Furthermore, new evidence
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shows that a measles infection can substantially reduce innate immunity against other diseases
for a period of 2–3 years (Mina et al., 2019, 2015; Vries et al., 2012; Vries and Swart, 2014). The
measles vaccine under UIP may therefore have been cross-protective against many other
childhood infectious diseases. Figure 2 presents the trends infant mortality rate (IMR), which is
defined as the number of deaths before the age of one year per 1,000 live births, and its annual
rate of change in India for two decades following the introduction of UIP in 1985. While IMR
consistently reduced during this period, its annual rate of reduction remained stable at around
2.5% until the early 1990s, followed by a sharp increase to over 3% and beyond which may
indicate the potential lifesaving effect of the UIP.
The long-term effect of UIP on the demand for children has a few potential pathways (Figure 3).
Previous studies of the smallpox vaccine and antibiotics show that reductions in infant deaths
following UIP could induce families to have fewer children (Ager et al., 2018; Bhalotra et al.,
2022). Prospective parents may notice the increase in child survival rates in their community
over time and decide to conceive fewer times than the parents of previous generations. A second
potential pathway is through intergenerational transfer of health. Longitudinal studies in India
and other countries have linked the measles and Haemophilus influenzae type b vaccines with
0.1–0.2 higher height and weight z-scores and a 9 percentage point lower likelihood of stunting
during ages 7–15 years (Nandi et al., 2019b, 2019a; Upadhyay and Srivastava, 2017). Bogler et
al. (2019) use data from 65 LMICs and associate the measles vaccine with 10% lower probability
of being stunted or underweight among under-5 children. Anekwe and Kumar (2012) link UIP
with 0.3–0.5 higher height-for-age and weight-for-age z-scores of under-4 Indian children. For
women who were vaccinated under UIP in their own childhood (or received secondary
protection through community-level immunity), these health benefits may continue through
reproductive age and on to the next generation.
A large international literature links mother’s height with higher birthweight, improved child
anthropometric outcomes, and lower child mortality (Addo et al., 2013; Özaltin et al., 2010;
Subramanian et al., 2009; Thomas et al., 1991). Maternal antibodies that are transferred in utero
and through breastfeeding (e.g., for adult flu and maternal tetanus vaccines) may additionally
reduce mortality and improve newborn health (Perrett and Nolan, 2017; Shakib et al., 2016).
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In addition to improving child survival rates, UIP may reduce the demand for children through
economic empowerment. Studies of the measles and Haemophilus influenzae type b vaccines in
Ethiopia, India, South Africa, and Vietnam show 1.7–4.8 percentage points higher standardized
test scores and 0.1–0.3 more schooling grades attained by vaccinated children as compared with
unvaccinated children (Anekwe et al., 2015; Nandi et al., 2019a, 2019b). Similarly, full
immunization has been linked with 0.5 standard deviations higher test scores in the Philippines
(Bloom et al., 2012) and 6–12% gains in test scores in India (Arsenault et al., 2020). Another
study of UIP linked exposure to the program in early life with 0.2–0.3 additional schooling
grades gained at age 20–36 years (Nandi et al., 2020). Among women, the effect of UIP was
even higher at 0.3–0.5 extra schooling grades. Internationally, a large body of evidence links
higher female educational attainment with reduced demand for fertility (Currie and Moretti,
2003; Kim, 2010; McCrary and Royer, 2011; Sheikh and Loney, 2018).
Three studies estimate the potential long-term labor market benefits of receiving childhood
vaccines. Atwood (2021) uses data on the rollout of the measles vaccine in the United States
during the 1960s to show a 0.3% higher employment rate and 1.1% higher earnings in later life
among individuals exposed to the vaccination program compared with those not exposed.
Summan et al. (2022) finds that 21-26-year-old adults who were exposed to UIP in childhood
have 14% higher wages and 3% higher monthly per capita consumption expenditure. Atwood
and Pearlman, (2022) link the national measles vaccination program of 1973 in Mexico with
12% increase in earnings. These findings indicate that vaccination may improve schooling
attainment and labor market outcomes of women, thereby increasing the opportunity cost of
childbearing (Aaronson et al., 2014; DeCicca and Krashinsky, 2022; Finlay, 2021; Galor, 2012;
Galor and Weil, 2000).
3. Data and descriptive statistics
Data on UIP rollout—which include the year of UIP implementation in each district—are from
Indian government sources and are used in previously published studies (Anekwe and Kumar,
2012; Nandi et al., 2020; Summan et al., 2022). We combine these data at the district level with
data from NFHS-4 (International Institute for Population Sciences, 2017). NFHS-4 is a
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nationally representative survey covering 601,509 households and 2.87 million individuals from
all 640 districts of India. There were 353 districts in India during the implementation of UIP that
were later divided into 640 districts by the 2011 census of India and more than 750 districts
today. We gathered information on district boundary changes from secondary sources and
successfully matched 621 NFHS-4 districts with the 353 UIP-era districts (Nandi et al., 2020).
We exclude NFHS-3 data from the remaining 19 districts from our analysis.
NFHS-4 collected basic demographic information such as age, sex, marital status, and schooling
attainment level for all household members. A separate questionnaire collected detailed health
data, including sexual and reproductive health; female autonomy; and child health, nutrition, and
vaccination, from 699,686 women of age 15–49 years. A third questionnaire collected data on
marriage, family, and fertility preference from a 15% subsample of 15-54-year-old men. We use
data from the women’s questionnaire, which has information on the complete birth history of
each woman and family planning.
Our main outcome variables of interest are (i) the binary indicator that a woman has at least one
child and (ii) total fertility preference, i.e., the ideal number of children a woman reports that she
wants in her lifetime. Number of ideal children ranges from 0 to 30 in the data, and we censor
the distribution by top coding at 10 (99th percentile).
Women who were born during the year of implementation of UIP in their home district or during
later years are included in the treatment group (UIP exposed). Women who were born before the
year of implementation of UIP in their home district are in the control group. However,
considering the 15-49-year age range of women in the data, treatment and control groups could
have many systematic differences that might affect outcome indicators. For example,
background characteristics and fertility preferences and outcomes of adolescent women may
differ substantially from those of women in their 40s. To reduce the heterogeneity between the
treatment and control groups, we limit our analysis sample to women who were born during the
1985–1990 UIP implementation and in the five years before (1980–1984) and after (1991–1995)
and who were cohabiting with a partner at the time of the survey. In additional robustness checks
discussed later, we also consider shorter and longer time periods.
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Table 1 presents summary statistics of our study sample. Among the 300,279 women of age 2036- years in our study sample, 40% belong to the treatment group and 60% fall in the control
group. The rates of having at least one child among women in the two groups were 87% and
96% respectively, and the ideal numbers of children wanted were 2.22 and 2.35. The differences
were statistically significant at 1% for both outcomes. Differences in background characteristics
of the treatment and control groups were statistically significant except for the indicator of Sikh
religion. Treatment group women were younger, more educated, more likely to be daughters-inlaw than wives of the household heads, and less likely to be from households in the top wealth
quintile. Other differences such as membership of socioeconomically disadvantages groups or
various religions, although statistically significant, were not meaningfully large.
4. Empirical analysis: Fixed-effects regression models
Although previous analysis using 1991 census data shows no significant associations between
community-level health infrastructure and UIP rollout (Summan et al., 2022), unobserved
program placement biases may affect our analysis. For example, program rollout may have been
correlated with the pre-UIP burden of VPDs, infant and child mortality rates, or political factors
that can affect the provision of public goods in India (Banerjee and Somanathan, 2007). In
addition to initial systematic differences between the treatment and control groups due to these
unobserved factors, differences may also emerge over time. For example, if districts that were
prioritized into UIP also received more schooling or family planning inputs from the government
later, it might bias least squares estimates of any negative effect of UIP on fertility demand. The
true effect would be smaller in magnitude or closer to zero.
To mitigate these potential biases, we estimate an age and district fixed-effects (with
interactions) linear regression model as follows:
!!" = ## + #$ %&'!" + #% (!" + #& )*+! + #' ,-./0-1/" +#( )*+! × ,-./0-1/" +3!" (1)
where !!" denotes the outcome variable—binary indicator of at least one birth and the ideal
number of children wanted, examined separately—of the i-th individual in the d-th district. Only
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20-36-year-old women who cohabit with a partner are included in the regression. %&'!" = 1 if
the i-th individual living in the d-th district was born during or after the year of UIP
implementation in d. %&'!" = 0 for those who were born before the implementation of UIP in
district d. Binary indicators of )*+! of the i-th individual are included to account for cohortspecific time-invariant factors (year of birth effects), while ,-./0-1/" dummy variables account
for location-specific factors. Time-varying factors that affect women in different districts
differently over time are controlled for by including the interaction terms )*+! × ,-./0-1/" .
Note that the individual age and district fixed effects are absorbed by the interaction term, and
the source of the variation in the model originates from different birth years for the same age
(due to variations in the year of the survey). The error term of the model is 3!" . Standard errors
are clustered at the age and district level.
The vector (!" is a set of individual and household characteristics of women. It includes an
indicator of marital status (whether single), age in years at the first cohabitation with partner, and
years of schooling completed by the woman. Including indicators of the woman’s relationship to
the household head (e.g., whether wife, daughter, or daughter-in-law of the head) captures
intrahousehold bargaining and resource allocation. At the household level, the following
variables are included in X: age, sex (whether female), and years of schooling completed by the
household head; household size; location (whether rural); indicators of socioeconomic
disadvantaged groups (defined by the Indian government as scheduled caste, scheduled tribe, and
other backward classes); and religion (Muslim, Sikh, or Christian). Creating a composite index
of ownership of durable assets, such as radio, TV, and car, and household living condition
indicators, such as the availability of a toilet and electricity, measure the standard of living of a
household (Filmer and Pritchett, 2001; Pollitt et al., 1993). We divide the asset index into five
quintiles and include indicators of the top four quintiles in X.
Outmigration from the district of birth poses a potential challenge for our analysis. Patrilocal
exogamy, i.e., a woman resides with her husband’s family after getting married, characterizes
marriages in India. Partner selection is heavily based on assortative mating, i.e., spouses have the
same or highly similar caste, religion, and economic backgrounds and may also be from the same
village or community (Banerjee et al., 2013; Dyson and Moore, 1983; Goli et al., 2013; Lin et
12

al., 2020; Rammohan and Vu, 2018). NFHS-4 asked women if they had lived in the same
location (village or city ward ) since birth. Less than 10% of women in treatment and control
groups reported living in the natal location (Table 1), which reflects the practice of exogamy.
The survey did not collect data on the previous place of residence of women. However, the
proportion of population migrating out of natal district in their lifetime has consistently remained
around 15% over the past few decades in India (Office of the Registrar General and Census
Commissioner, 2011). Considering that the treatment assignment is at the district level,
marriage-related migration is unlikely to affect our results substantially. In any case, we account
for migration by including a binary indicator (whether the woman lived in the same place since
birth) in the covariate set X.
5. Results
5.1 Parallel trends test
A potential threat to the validity of our treatment-effect analysis comes from variations in secular
pre-trends. For our findings to be valid, demand for fertility among women in UIP and non-UIP
districts should follow similar time trends leading up to the introduction on UIP. Otherwise,
different pre trends between the two groups may be contribute to any observed difference in
outcomes after program introduction.
To test for parallel pre-trends in the context of the staggered rollout of the program, we consider
each year of UIP implementation separately and include women from districts in which UIP was
implemented in that year in the treatment group. Women from districts yet to receive the
program at that time are included in the control group. This creates four sets of treatment and
control groups (Summan et al., 2022): (1) 1985-1986 UIP districts (treatment) versus all other
districts (control); (2) 1986-1987 UIP districts (treatment) versus all other districts except for
1985-1986 UIP districts (control); (iii) 1987-1988 UIP districts (treatment) versus all other
districts except for 1985-1986 and 1986-1987 UIP districts (control); and (iv) 1988-1989 UIP
districts (treatment) versus all other districts except for 1985-1986, 1986-1987, and 1987-1988
UIP districts (control). By 1989-1990 the last set of districts received the UIP, completing the
implementation of the program across India.
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We analyze pre-trends starting from 1975 through the year preceding UIP introduction. For the
first treatment-control group pair, we analyze outcomes during 1975-1984, while for the second
pair, during 1975-1985, and so on. Separately for each treatment and control group pair, we
regress the demand for fertility outcome indicator on an indicator for the treatment group,
identifiers for year of birth, interaction terms between year and the treatment indicator, and the
covariate set ()* . Controlling for X and year of birth and district level factors, the treatment and
birth year interaction indicates whether demand for fertility was different year-on-year between
the treatment and control groups up to the introduction of UIP.
Estimated coefficients of the treatment and birth year interaction terms from the regressions of at
least one childbirth and desired number of children are summarized in Figures 4 and 5
respectively. The coefficients are statistically indistinguishable from zero, implying that there
were no differences in the pre-trends between the treatment and control groups leading up UIP
introduction. For the analysis of desired number of children, and handful of coefficients are
significant and positive, but they do not indicate any differential trend over time. Therefore, we
argue that the parallel trends assumption is satisfied.
5.2 Regression Results
Table 2 presents the main set of results. Controlling for background characteristics and age and
district fixed effects, women who were exposed to UIP at birth have 2 percentage points (pp)
lower likelihood of having at least one child and 0.05 fewer ideal number of children than
women who were born before UIP was implemented in their residence district (both significant
at 1%). Compared with the control group, both effect sizes are equivalent to a 2% reduction.
5.3 Robustness checks
We test the robustness of our results in four ways. First, we examine whether the selection of
study period affects our findings. We repeat our regression analysis (equation 1) for two
additional study samples that include (i) only women who were born during 1985–1990 (25-31year-old women in NFHS-4) and (ii) all 18-49-year-old women surveyed in NFHS-4. The
results, presented in Tables 3 and 4 respectively, are similar to those of the original model. In the
25-31-year-old sample, treatment group women have 2 pp lower likelihood of having at least one
14

child and 0.04 fewer desired number of children. In the 18-49-year-old sample, the
corresponding estimates are 3 pp lower likelihood of having at least one child and 0.06 fewer
desired number of children respectively.
Second, in our main results we consider only those who report cohabiting with a husband or
partner, which constitutes 80% of women with fertility data in NFHS-4 because childbearing out
of wedlock is virtually nonexistent in India (Chakravorty et al., 2021). However, understanding
the potential effect of UIP on fertility preference (ideal number of children) on both married and
unmarried women is important. We repeat our analysis by including the additional sample of
unmarried women (see Table 5). Across the three subsamples (age groups), treatment group
women have 2–3 pp lower likelihood of at least one childbirth and 0.4–0.5 fewer desired number
of children.
Third, we estimate another set of regression models by excluding the years of schooling
completed by the woman from the set of explanatory variables X. Childhood vaccinations could
affect schooling attainment. Previous studies show consistent improvements in schooling
attainment by 0.2–0.3 years across several LMICs in vaccinated children over the life course
(Anekwe et al., 2015; Nandi et al., 2020, 2019a, 2019b). The results remain robust to the
exclusion of schooling attainment (Table 5), with 2–3 pp lower likelihood of at least one
childbirth and 0.4–0.6 fewer desired number of children in the treatment group than in the
control group.
Finally, we conduct a falsification test to examine the validity of our findings. NFHS-4 asked
women about their fertility preference, i.e., whether they would like to have more children in the
future, or if they were sterilized (respondent or partner) or declared infecund. Assuming that
infecundity is exogenously determined (Agüero and Marks, 2011), as opposed to sterilization,
which may be a decision based on past childbearing, UIP should have no or minimal effect on
the likelihood of childbearing or desired number of children of women who know that they are
infecund. We estimate our regression analysis separately for infecund women (5% of all women)
and find that indeed no statistically significant effects of UIP are evident across the three age
groups (Table 5).
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5.4 Heterogeneity in treatment effect across subgroups
The effect of UIP on the demand for children may vary across populations. We examine
treatment effect heterogeneity among the following subpopulations: women from rural and urban
areas, those belonging to a socioeconomically privileged caste group (general caste), and
disadvantaged caste groups known officially as scheduled caste (SC) or scheduled tribe (ST) and
other backward classes (OBC). We also analyze treatment effect among women with no
schooling and among those with 1–9 years of schooling and at least 10 years of schooling.
Finally, we consider two subsamples of women belonging to the bottom two and top two wealth
index quintiles. Table 6 presents the results.
The effect of UIP is negative and statistically significant in all subsamples except for a few
cases. The effect on at least one childbirth is similar in magnitude across location and among
caste groups. The effect is stronger among women (3–5 pp reduction) with at least 10 years of
schooling as compared with those with no schooling (2–3 pp) and among women in the top two
wealth quintiles (2–3 pp) as compared with those in the bottom two quintiles (1–2 pp).
For the desired number of children, the negative effect of UIP is similar in rural and urban areas,
but stronger for the general caste group (0.6–0.7 fewer children) than for SC, ST, or OBC groups
(0.3–0.5 fewer children). The negative effect is also larger among women with no schooling (0.7
fewer children) as compared with women with 1–9 or at least 10 years of schooling (0.3–0.5
fewer children). Similarly, the effect size is larger among women in the bottom two wealth
quintiles (0.5–0.8 fewer children) than in the top two wealth quintiles (0.3–0.4 fewer children).
6. Discussion and conclusion
India has achieved replacement level of fertility (2.1 children born per woman) in 2021 (Pearce,
2021; World Bank, 2021). We use nationally representative data to employ age and district
fixed-effects regression and link childhood vaccinations under UIP with a 2% reduction in
childbirth probability and the number of children desired by women in the long term. The
findings indicate that UIP may have helped aid the recent demographic transition in India.
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Our findings are consistent with previous studies of vaccines or drugs and the demand for
fertility. Ager et al. (2018) estimate the smallpox vaccination program in Sweden during the end
of 18th century and the beginning of the 19th century reduced the crude birth rate by 0.02 and
general fertility rate by 0.1. However, the authors show that this coincided with a 0.3–0.5
reduction in infant mortality rates (deaths per 1,000 live births) and therefore there was no longterm impact on population growth. Similarly, Bhalotra et al. (2022) estimate that every year of
exposure to the newly introduced sulfa drugs in the United States during the 1930s was
associated with 0.013 fewer births, which is equivalent to 15% fewer births for the average 1840-year-old woman. Among women who had completed their fertility (40-50-year-olds), sulfa
drugs and related reductions in child mortality were linked with 5.7% fewer childbirths. In
comparison with individual vaccines or drugs, we find that comprehensive national child
immunization programs such as UIP can also reduce the demand for children.

Our results can also be indirectly validated based on previous literature on the relationship
between female education and fertility demand. Using data from the 1980s and 1990s, Dreze and
Murthi (2001) and Murthi et al. (1995) link female literacy rates with a 2–3% reduction in the
total fertility rate in India. More recent evidence from LMICs such as Ethiopia, Zimbabwe,
Uganda, Nigeria, and China show that one extra year of female education is associated with a 2–
7% reduction in childbirth probability or the number of children born (Agüero and
Ramachandran, 2020; Chen and Guo, 2022; Chicoine, 2021; Duflo et al., 2015; McCrary and
Royer, 2011; Osili and Long, 2008; Zenebe Gebre, 2020). Considering that the previous study
associated UIP with 0.3–0.5 extra years of schooling among adult women in India (Nandi et al.,
2020), our reduced-form effects of UIP on demand for fertility and desired fertility are consistent
with this body of evidence.

Understanding the implications of the negative effect of UIP on demand for fertility is important.
Improvements in child survival rates may induce parents to have fewer children (Chowdhury et
al., 1976; Doepke, 2005; Galor, 2012; Montgomery and Cohen, 1998; Palloni and Rafalimanana,
1999; Pritchett, 1994; Soares, 2005; Wolpin, 1997). However, such changes may be slow as
parents of successive cohorts or generations notice the reductions in child mortality rates in their
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community and respond accordingly. In our shortest-duration model, we compare treatment and
control groups over a five-year period (1985–1990), which may not be adequate for large
changes in parental preferences. Instead, rise in female schooling attainment may be the main
contributing factor to reduced demand for children by increasing the opportunity cost of
childbearing. In models with longer time horizons, reductions in child mortality may also play a
role (Ager et al., 2018; Bhalotra et al., 2022).

In additional analysis, we find no statistically significant effect of UIP on women’s use of
spacing contraceptives (whether currently using a modern method such as condom, pill, or
intrauterine device) but a negative effect on sterilization rates. Contraceptive use patterns in India
are uniquely different from the rest of the world. An estimated 37% of adult women of
reproductive age are sterilized in India, and in rural areas of states such as Andhra Pradesh and
Telangana, the rates are as high as 70% (Bansal et al., 2022; International Institute for Population
Sciences, 2021; Singh et al., 2021). Sterilization rates are higher among older women and those
from poor or uneducated backgrounds, and concerns about potentially forced sterilizations
persist (Singh et al., 2021; Wynne et al., 2014). It is possible that unobserved cohort-level factors
related to local sterilization policies are driving the perceived negative effect of UIP.
We also examine if the negative effect of UIP on the demand for children is mediated through
birth spacing. For women who had at least one child during the 5 years preceding the survey
(since January 1, 2011) and wanted to have more children, NFHS-4 collected information on the
desired wait time before the next birth. The response to this question ranged from less than 1
year to 6 years or more. We regress the desired wait time on UIP exposure using the age and
district fixed-effects model in equation (1). We find that the desired wait time is 0.11–0.18 years
longer among the treatment group women as compared with the control group (Table 5).

Rise in female education and birth spacing linked with UIP may have additional long-term
implications for fertility demand. In India and other LMICs, mother’s education level has been
linked with lower child mortality rates and improved child vaccination, nutrition, and growth
outcomes (Forshaw et al., 2017; Mensch et al., 2019; Paul et al., 2022; Vikram and Vanneman,
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2020). Molitoris et al. (2019) show that probability of death before the age of 1 year reduces
substantially from 15% to less than 6% when a child is born with a gap of 36 months or more
from their elder sibling as compared with a 12-month gap. Other studies show similar negative
effects of inadequate birth spacing on child mortality rates and health outcomes (Bhalotra and
van Soest, 2008; Dewey and Cohen, 2007; Kozuki et al., 2013; Rutstein, 2005). By increasing
maternal education levels and birth spacing, UIP may therefore help improve child survival and
health outcomes, reducing demand for fertility further.

Our analysis has some limitations. Due to lack of retrospective data on vaccine receipt, we are
unable to estimate the treatment on the treated (those who received the vaccine) effect of UIP.
Instead, our estimates represent intent-to-treat (i.e., providing access to vaccines without
knowing who actually received it) which may be a lower bound of the true effect of UIP.
Coverage rates of different vaccines after the introduction of UIP, based on the NFHS-1 survey
of 1992–1993, ranged from 42% to 62% (International Institute for Population Sciences and ICF,
1995). Near universal coverage might have had a larger negative effect on future demand for
fertility. Also, our analysis implicitly captures potential secondary immunity conferred by
vaccinated individuals to those who were unvaccinated. Vaccine receipt information would have
allowed us to precisely estimate these spillover effects.

Although we use a rigorous model specification accounting for several potentially confounding
factors and age and district fixed effects, unobserved factors may affect our findings. For
example, parents may selectively allocate human capital development resources among children
based on indicators that are unobserved in our data such as birth order or birth weight. If girls
who were vaccinated by their parents also received more schooling or healthcare resources as
compared with their siblings, it may bias the positive effect of UIP on schooling and subsequent
negative effect on fertility upward.

Finally, women’s age in NFHS-4 is reported in years and not months, which may create some
measurement error. Women who were born during the year preceding the introduction of UIP in
a district may have received some vaccines during the remaining months of the first year of life.
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This would potentially bias our results downward, and the true negative effect of UIP on fertility
demand may be larger.
Despite these limitations, our analysis shows that childhood vaccines can reduce the demand for
children, increase birth spacing, and aid demographic transition in high–initial fertility and lowresource settings such as India. Subject to external validity, these findings may provide important
policy lessons for countries experiencing high fertility rates today. For example, in 2019,
countries in sub-Saharan Africa had a total fertility rate of 4.6 and a 59% full immunization rate
of children (Fenta et al., 2021; World Bank, 2021). The ongoing COVID-19 pandemic has
further worsened child immunization rates across the world, with a 9% reduction in DPT3
completion rate in the WHO Africa region (Shet et al., 2022). Universal coverage of childhood
vaccines may help sub-Saharan Africa reach replacement fertility levels sooner than expected.
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Table 1: Summary statistics of the study sample

Had at least one child
Ideal number of children wanted
Age
Whether single
Age at first cohabitation
Years of schooling
Relationship to household head:
Self
Wife
Child
Daughter-in-law
Grandchild
Did not migrate
Household characteristics:
Age of household head
Female household head
Head’s schooling years
Household size
Rural
Scheduled caste
Scheduled tribe
Other backward classes
Muslim
Christian
Sikh
Household standard of living:
Wealth quintile 2
Wealth quintile 3
Wealth quintile 4
Wealth quintile 5

Intervention
group
(UIP exposure)
0.87 (0.34)
2.22 (0.82)
23.77 (2.38)
0 (0.06)
18.36 (3.07)
7.23 (4.87)

Control group
(no exposure)
0.96 (0.2)
2.35 (0.99)
31.29 (3.16)
0 (0.05)
18.72 (4.21)
6.16 (5.23)

Difference
(intervention –
control)
-0.09**
-0.13**
-7.52**
0.00**
-0.36**
1.07**

0.02 (0.15)
0.4 (0.49)
0.07 (0.25)
0.46 (0.5)
0 (0.07)
0.06 (0.24)

0.04 (0.2)
0.64 (0.48)
0.03 (0.18)
0.25 (0.43)
0 (0.03)
0.07 (0.25)

-0.02**
-0.24**
0.04**
0.21**
0.00**
-0.01**

44.83 (15.87)
0.12 (0.32)
5.7 (6.02)
6.06 (2.9)
0.76 (0.43)
0.19 (0.4)
0.18 (0.38)
0.4 (0.49)
0.14 (0.35)
0.06 (0.24)
0.02 (0.14)

44.46 (13.65)
0.1 (0.3)
6.53 (5.98)
5.84 (2.66)
0.71 (0.46)
0.18 (0.38)
0.17 (0.38)
0.39 (0.49)
0.13 (0.33)
0.07 (0.25)
0.02 (0.14)

0.37**
0.02**
-0.83**
0.22**
0.05**
0.01**
0.01**
0.01**
0.01**
-0.01**
0.00

0.21 (0.41)
0.22 (0.41)
0.2 (0.4)
0.17 (0.38)

0.19 (0.39)
0.2 (0.4)
0.21 (0.41)
0.22 (0.41)

0.02**
0.02**
-0.01**
-0.05**

120,116

180,163

Sample size

Note: Data are from the National Family Health Survey of India 2015–2016. Sample includes
women born during 1980–1995 (20–36 years of age) in India. Mean values are shown with
standard errors in the parenthesis. Last column shows the difference in group means. *P < 0.05,
**P < 0.01.
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Table 2: Age and district fixed-effects linear regression of fertility outcomes of 20-36-year-old
women in India
At least one child
born
UIP exposure
-0.02 (-0.02, -0.01)**
Whether single
-0.09 (-0.12, -0.07)**
Age at first cohabitation
-0.01 (-0.01, -0.01)**
Years of schooling
0 (0, 0)*
Relationship to household head:
Self
0.1 (0.09, 0.11)**
Wife
0.1 (0.09, 0.1)**
Child
0.04 (0.03, 0.05)**
Daughter-in-law
0.05 (0.04, 0.06)**
Grandchild
-0.06 (-0.09, -0.03)**
Did not migrate
-0.02 (-0.02, -0.01)**
Household characteristics:
Age of household head
0 (0, 0)**
Female household head
0.01 (0.01, 0.02)**
Head’s schooling years
0 (0, 0)
Household size
0.02 (0.01, 0.02)**
Rural
0 (0, 0)
Scheduled caste
0 (-0.01, 0)**
Scheduled tribe
-0.01 (-0.01, -0.01)**
Other backward classes
0 (0, 0)
Muslim
0 (-0.01, 0)*
Christian
0 (0, 0.01)
Sikh
0.01 (0, 0.02)**
Wealth quintile 2
0 (0, 0)
Wealth quintile 3
0 (-0.01, 0)*
Wealth quintile 4
-0.01 (-0.01, 0)**
Wealth quintile 5
-0.02 (-0.02, -0.01)**
Constant term
1.04 (1.03, 1.06)**
Sample size
p-value of F-test

299,608
0

Ideal number of
children wanted
-0.05 (-0.07, -0.03)**
-0.04 (-0.1, 0.03)
-0.02 (-0.02, -0.02)**
-0.01 (-0.02, -0.01)**
0.17 (0.15, 0.2)**
0.18 (0.16, 0.2)**
0.07 (0.05, 0.09)**
0.11 (0.09, 0.12)**
0 (-0.06, 0.06)
-0.02 (-0.04, 0)
0 (0, 0)**
0.01 (0, 0.03)*
0 (0, 0)**
0.03 (0.03, 0.04)**
0.02 (0.02, 0.03)**
0.08 (0.07, 0.09)**
0.13 (0.11, 0.14)**
0.04 (0.03, 0.04)**
0.39 (0.37, 0.4)**
0.18 (0.15, 0.21)**
-0.04 (-0.06, -0.02)**
-0.11 (-0.12, -0.1)**
-0.2 (-0.21, -0.19)**
-0.25 (-0.27, -0.24)**
-0.28 (-0.29, -0.26)**
2.49 (2.45, 2.53)**
298,318
0

Note: Data are from the National Family Health Survey of India 2015–2016. Sample includes
women born during 1980–1995 (20–36 years of age) in India. All models included age (years)
and district fixed effects. Standard errors were clustered at the age and district level. 95%
confidence intervals are presented in parenthesis. *P < 0.05, **P < 0.01.
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Table 3: Age and district fixed-effects linear regression of fertility outcomes of 25-31-year-old
women in India
At least one child
born
UIP exposure
-0.02 (-0.03, -0.01)**
Whether single
-0.07 (-0.1, -0.03)**
Age at first cohabitation
-0.02 (-0.02, -0.02)**
Years of schooling
0 (0, 0)
Relationship to household head:
Self
0.13 (0.11, 0.14)**
Wife
0.12 (0.11, 0.13)**
Child
0.04 (0.03, 0.06)**
Daughter-in-law
0.06 (0.05, 0.07)**
Grandchild
-0.05 (-0.1, 0)
Did not migrate
-0.01 (-0.02, 0)**
Household characteristics:
Age of household head
0 (0, 0)
Female household head
0.02 (0.01, 0.02)**
Head’s schooling years
0 (0, 0)
Household size
0.02 (0.02, 0.02)**
Rural
0.01 (0, 0.01)**
Scheduled caste
-0.01 (-0.01, 0)**
Scheduled tribe
-0.01 (-0.02, -0.01)**
Other backward classes
0 (0, 0)
Muslim
-0.01 (-0.01, 0)**
Christian
0.01 (0, 0.02)
Sikh
0.02 (0, 0.03)
Wealth quintile 2
0 (0, 0)
Wealth quintile 3
0 (-0.01, 0)
Wealth quintile 4
0 (-0.01, 0)
Wealth quintile 5
-0.02 (-0.03, -0.01)**
Constant term
1.11 (1.09, 1.13)**
Sample size
p-value of F-test

137,929
0

Ideal number of
children wanted
-0.04 (-0.06, -0.02)**
-0.07 (-0.17, 0.03)
-0.01 (-0.02, -0.01)**
-0.01 (-0.02, -0.01)**
0.2 (0.16, 0.24)**
0.2 (0.17, 0.22)**
0.08 (0.05, 0.11)**
0.12 (0.09, 0.14)**
0.05 (-0.05, 0.14)
-0.03 (-0.05, 0)
0 (0, 0)**
0.01 (0, 0.03)
0 (0, 0)**
0.03 (0.03, 0.04)**
0.03 (0.01, 0.04)**
0.08 (0.06, 0.09)**
0.12 (0.1, 0.14)**
0.02 (0.01, 0.04)**
0.37 (0.35, 0.39)**
0.21 (0.17, 0.25)**
-0.04 (-0.07, -0.01)**
-0.11 (-0.12, -0.09)**
-0.2 (-0.21, -0.18)**
-0.24 (-0.26, -0.23)**
-0.27 (-0.29, -0.24)**
2.44 (2.38, 2.49)**
137,355
0

Note: Data are from the National Family Health Survey of India 2015–2016. Sample includes
women born during 1985–1990 (25–31 years of age) in India. All models included age (years)
and district fixed effects. Standard errors were clustered at the age and district level. 95%
confidence intervals are presented in parenthesis. *P < 0.05, **P < 0.01.
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Table 4: Age and district fixed-effects linear regression of fertility outcomes of 18-49-year-old
women in India

UIP exposure
Whether single
Age at first cohabitation
Years of schooling
Relationship to household head:
Self
Wife
Child
Daughter-in-law
Grandchild
Did not migrate
Household characteristics:
Age of household head
Female household head
Head’s schooling years
Household size
Rural
Scheduled caste
Scheduled tribe
Other backward classes
Muslim
Christian
Sikh
Wealth quintile 2
Wealth quintile 3
Wealth quintile 4
Wealth quintile 5
Constant term
Sample size
p-value of F-test

At least one child
born
-0.03 (-0.03, -0.02)**
-0.08 (-0.09, -0.06)**
-0.01 (-0.01, -0.01)**
0 (0, 0)

Ideal number of
children wanted
-0.06 (-0.08, -0.04)**
-0.01 (-0.07, 0.04)
-0.02 (-0.02, -0.02)**
-0.02 (-0.02, -0.01)**

0.11 (0.1, 0.11)**
0.11 (0.1, 0.12)**
0.04 (0.03, 0.05)**
0.06 (0.05, 0.06)**
-0.06 (-0.09, -0.03)**
-0.01 (-0.02, -0.01)**

0.21 (0.19, 0.24)**
0.23 (0.21, 0.24)**
0.09 (0.07, 0.11)**
0.13 (0.12, 0.15)**
0.03 (-0.02, 0.09)
-0.02 (-0.03, 0)*

0 (0, 0)**
0.02 (0.02, 0.02)**
0 (0, 0)**
0.02 (0.02, 0.02)**
0 (0, 0)
-0.01 (-0.01, -0.01)**
-0.01 (-0.01, -0.01)**
0 (-0.01, 0)**
-0.01 (-0.01, -0.01)**
0 (0, 0.01)
0.01 (0.01, 0.02)**
0 (-0.01, 0)**
-0.01 (-0.01, -0.01)**
-0.02 (-0.02, -0.01)**
-0.02 (-0.03, -0.02)**
1.03 (1.02, 1.04)**

0 (0, 0)**
0.02 (0.01, 0.03)**
0 (0, 0)**
0.05 (0.05, 0.05)**
0.03 (0.02, 0.04)**
0.09 (0.08, 0.1)**
0.15 (0.14, 0.16)**
0.04 (0.04, 0.05)**
0.42 (0.4, 0.43)**
0.19 (0.16, 0.21)**
-0.04 (-0.06, -0.02)**
-0.11 (-0.12, -0.1)**
-0.21 (-0.22, -0.2)**
-0.27 (-0.28, -0.26)**
-0.3 (-0.32, -0.29)**
2.51 (2.47, 2.54)**

484,369
0

481,676
0

Note: Data are from the National Family Health Survey of India 2015–2016. Sample includes all
18–49-year-old women. All models included age (years) and district fixed effects. Standard
errors were clustered at the age and district level. 95% confidence intervals are presented in
parenthesis. *P < 0.05, **P < 0.01.
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Table 5: Robustness checks
20-36-year-old women
Coeff. of UIP
Sample
exposure
size

25-31-year-old women
Coeff. of UIP
Sample
exposure
size

18-49-year-old women
Coeff. of UIP
Sample
exposure
size

At least one child born:
Married/cohabiting women
Married and unmarried women
Without controlling for schooling
Infecund women (self-reported)

-0.02 (-0.02, -0.01)**
-0.01 (-0.02, 0)**
-0.03 (-0.03, -0.02)**
0 (-0.04, 0.05)

299,608
369,497
300,279
10,566

-0.02 (-0.03, -0.01)**
-0.01 (-0.02, 0)*
-0.02 (-0.02, -0.01)**
0 (-0.05, 0.05)

137,929
155,952
138,228
4,441

-0.03 (-0.03, -0.02)**
-0.02 (-0.02, 0)**
-0.03 (-0.03, -0.01)**
-0.01 (-0.06, 0.04)

484,369
610,563
485,425
26,896

Ideal number of children wanted:
Married/cohabiting women
Married and unmarried women
Without controlling for schooling
Infecund women (self-reported)

-0.05 (-0.07, -0.03)**
-0.04 (-0.06, -0.02)**
-0.05 (-0.07, -0.03)**
-0.03 (-0.16, 0.11)

298,318
367,354
298,986
10,515

-0.04 (-0.06, -0.02)**
-0.04 (-0.06, -0.02)**
-0.04 (-0.06, -0.02)**
-0.01 (-0.15, 0.13)

137,355
155,118
137,654
4,420

-0.06 (-0.08, -0.04)**
-0.05 (-0.07, -0.03)**
-0.06 (-0.08, -0.03)**
-0.04 (-0.18, 0.09)

481,676
606,268
482,719
26,669

0.14 (0.07, 0.21)**

93,647

0.11 (0.03, 0.18)**

39,927

0.18 (0.1, 0.27)**

62,629

Desired wait time (years) for next birth

Note: Data are from the National Family Health Survey of India 2015–2016. Only the coefficient of UIP exposure (whether born
when or after UIP was implemented in the district) from each regression is presented. The covariates of the models were age in years;
squared age; marital status; years of schooling; migration status; indicators of relationship to household head; location, caste groups,
religion, household size, age, sex, and schooling years of household head; and wealth quintiles, as applicable. All models included age
and district fixed effects. Standard errors were clustered at the age and district level. 95% confidence intervals are presented in
parenthesis. *P < 0.05, **P < 0.01.
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Table 6: Heterogeneity in treatment effect
20-36-year-old women
Coeff. of UIP
Sample
exposure
size
At least one child born:
Rural
Urban
General caste
SC or ST
OBC
Women with no schooling
Women with 1–9 years of schooling
Women with >=10 years of schooling
Wealth quintiles 1 and 2
Wealth quintiles 4 and 5

-0.02 (-0.02, -0.01)**
-0.03 (-0.04, -0.01)**
-0.02 (-0.03, 0)*
-0.02 (-0.03, 0)**
-0.02 (-0.02, 0)**
-0.02 (-0.03, 0)**
-0.01 (-0.01, 0)
-0.03 (-0.04, -0.02)**
-0.01 (-0.01, 0)
-0.03 (-0.03, -0.01)**

218,225
81,383
59,044
108,780
118,221
82,003
123,238
94,367
115,576
122,250

25-31-year-old women
Coeff. of UIP
Sample
exposure
size
-0.02 (-0.02, -0.01)**
-0.03 (-0.04, -0.01)**
-0.03 (-0.04, -0.01)**
-0.02 (-0.03, 0)**
-0.02 (-0.03, 0)**
-0.02 (-0.03, 0)**
-0.01 (-0.02, 0)**
-0.05 (-0.06, -0.02)**
-0.01 (-0.01, 0)
-0.04 (-0.05, -0.02)**

99,755
38,174
27,318
50,348
53,952
37,055
56,722
44,152
52,434
57,337

18-49-year-old women
Coeff. of UIP
Sample
exposure
size
-0.03 (-0.03, -0.01)**
-0.03 (-0.04, -0.01)**
-0.03 (-0.05, -0.01)**
-0.03 (-0.03, -0.01)**
-0.02 (-0.03, -0.01)**
-0.03 (-0.04, -0.01)**
-0.02 (-0.03, -0.01)**
-0.04 (-0.05, -0.02)**
-0.02 (-0.03, 0)**
-0.03 (-0.04, -0.01)**

348,903
135,466
99,055
173,181
190,236
164,691
187,532
132,146
182,300
203,508

Ideal number of children wanted:
217,206 -0.04 (-0.06, -0.01)**
99,302 -0.06 (-0.08, -0.03)**
346,812
Rural
-0.05 (-0.07, -0.02)**
81,112
-0.04 (-0.08, 0)*
38,053 -0.06 (-0.09, -0.01)**
134,864
Urban
-0.05 (-0.08, -0.01)**
58,907
-0.06
(-0.1,
-0.01)**
27,260
-0.07
(-0.11,
-0.02)**
98,707
General caste
-0.07 (-0.1, -0.02)**
108,089
-0.04 (-0.08, 0)
50,030 -0.05 (-0.09, -0.01)**
171,857
SC or ST
-0.05 (-0.08, 0)*
117,829
-0.03 (-0.06, 0)
53,785 -0.05 (-0.08, -0.02)**
189,341
OBC
-0.05 (-0.07, -0.01)**
81,516
-0.07 (-0.12, -0.01)*
36,849 -0.07 (-0.12, -0.02)**
163,356
Women with no schooling
-0.07 (-0.12, -0.01)**
122,687
-0.03
(-0.06,
0)
56,473
-0.05
(-0.08,
-0.01)**
186,539
Women with 1–9 years of schooling
-0.05 (-0.07, -0.01)**
94,115
-0.04 (-0.06, 0)*
44,033 -0.05 (-0.07, -0.01)**
131,781
Women with >=10 years of schooling -0.04 (-0.07, -0.01)**
114,901
-0.05 (-0.09, -0.01)*
52,118 -0.08 (-0.11, -0.03)**
180,956
Wealth quintiles 1 and 2
-0.07 (-0.1, -0.02)**
121,926
-0.03 (-0.05, 0)*
57,196 -0.04 (-0.06, -0.01)**
202,792
Wealth quintiles 4 and 5
-0.04 (-0.06, -0.01)**
Note: Data are from the National Family Health Survey of India 2015–2016. Only the coefficient of UIP exposure (whether born when or after the
UIP was implemented in the district) from each regression is presented. All models included age and district fixed effects. Standard errors were
clustered at the age and district level. 95% confidence intervals are presented in parenthesis. *P < 0.05, **P < 0.01.
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Figure 1: District-wise rollout of the Universal Immunization Programme

Note: Color codes represent the year of UIP implementation in a district. Districts with no data
are white.
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Figure 2: Infant mortality rate and its annual rate of change in India, 1985-2005

Note: Data are from the World Bank. Infant mortality rate (IMR) is defined as the number of deaths per 1,000 live births before
reaching the age of one year. Change is the percentage reduction in IMR from the previous year.
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Figure 3: Potential pathways of the effect of childhood vaccines on the demand for children
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Figure 4: Coefficient of interaction between UIP district indicator and birth year in regression of at least one childbirth

Note: Data are from the National Family Health Survey of India 2015–2016. Coefficients of the interaction between treatment district and birth
year along with 95% confidence intervals from each regression are shown.
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Figure 5: Coefficient of interaction between UIP district indicator and birth year in regression of desired number of children

Note: Data are from the National Family Health Survey of India 2015–2016. Coefficients of the interaction between treatment district and birth
year along with 95% confidence intervals from each regression are shown.
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