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Abstract 

Consistent and reliable time series of education- and age-specific fertility rates for the past are difficult to obtain 

in developing countries, although they are needed to evaluate the impact of women’s education on fertility 

along periods and cohorts. In this paper, we propose a Bayesian framework to reconstruct age-specific fertility 

rates by level of education using prior information from the birth history module of the Demographic and Health 

Surveys (DHS) and the UN World Population Prospects. In our case study regions, we reconstruct age- and 

education-specific fertility rates which are consistent with the UN age specific fertility rates by four levels of 

education for 50 African and Latin American countries from 1970 to 2020 in five-year steps. Our results show 

that the Bayesian approach allows for estimating reliable education- and age-specific fertility rates using multiple 

rounds of the DHS surveys. The time series obtained confirm the main findings of the literature on fertility 

trends, and age and education specific differentials.   
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Introduction 

The existence of a relationship, mostly negative, between women’s education and fertility has been shown in 

many settings (e.g., Ahuja and Filmer 1995, Basu 2002, Bongaarts 2010, Brand and Davis 2011, Lutz and KC 

2011, Martin and Juarez 1995, Weinberger et al. 1989). The potential mechanisms at play are many, such as 

the fact that women with higher levels of education spend more years in school, which reduces their exposure 

to marriage and pregnancy at a younger age. They also tend to have better knowledge and access to 

contraceptives to control their own fertility (e.g., Bongaarts 2010; Gebreselassie and Shapiro 2016). For example, 

in Latin America, Weinberger et al. (1989) confirm that women with higher levels of education had fewer 

children and that 40-67% (overall in Peru, Colombia, Dominican Republic and Ecuador) of the observed decline 

in fertility rates between the 1970s and 1980s were due to improvements in education. Bongaarts (2010) also 

explains the negative effects of education on fertility rates in sub-Saharan Africa by the greater demand and 

use of modern contraceptives by women with higher levels of education. However, many unknowns remain 

about the precise pathways by which education affects fertility levels in different contexts and at different times. 

One of the main challenges in studying the relationship between education and fertility is the lack of comparable, 

consistent, and unbiased data on education- and age-specific fertility rates (EASFR), particularly in low-income 

countries. 
Due to the limited availability of comprehensive and reliable registration systems, the main sources of data on 

fertility rates in high-fertility countries are various surveys (e.g, Demographic and Health Survey (DHS), Service 

Provision Assessment (SPA) survey, HIV/AIDS Indicator Survey (AIS), Malaria Indicator Survey (MIS)) and the 

indirect estimates from the United Nations World Population Prospects (UN WPP 2022a) that use multiple data 

sources. The total fertility rates (TFR) and age-specific fertility rates (ASFR) published by the UN WPP on a 

regular basis are widely used. These estimates are consistent and allow for comparisons of fertility over time 

and across countries; as such they are considered trustworthy. However, these rates are not disaggregated by 

level of educational attainment. The Wittgenstein Center for Demography and Global Human Capital (WIC) 

publishes population projections and estimates by level of education based on data collected from multiple 

sources, including the UN WPPs (WIC 2018), and assumptions about the future. However, the education- and 

age- specific fertility rates for past years are not estimated. Demographic surveys provide fertility rates for 

population sub groups, including levels of educational attainment. Among them, Demographic and Health 

Surveys (DHS) are the main and only source of fertility data in many low-income countries. However, like any 

survey, they can be subject to different levels of sampling error that often lead to inconsistencies, limiting 

comparisons across countries and for the same country over time. Furthermore, they are mostly not conducted 

at regular intervals, such as every five years. The most common inconsistencies have been attributed to birth 

omissions and displacements (e.g., Al Zalak and Goujon 2017; Pullum and Becker 2014; Schoumaker 2011, 

2014). Schoumaker (2014) in an assessment of DHS data categorized most Latin American countries as having 

“good” or “moderate” data quality when available while many African countries were categorized as having 

“poor” data quality, reporting different rates for the same periods across consecutive surveys (e.g., Ethiopia). 

Figure 1 presents the age-specific fertility rates of women with secondary education in the 1990-1995 period 

estimated by different rounds of the DHS surveys using the DHS birth history module. In countries with good 

data quality (e.g, Colombia), age-specific schedules are more complete and estimates are relatively consistent 

for the same years, even for different surveys (see Figure 1).  
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Figure 1: Quality of data for the 1990-1995 period for secondary education ASFR by different DHS surveys  

 

  

Regarding the lack of time series in demographic surveys, Schoumaker (2013) proposed a Poisson regression 

model to reconstruct both ASFR and TFR from different rounds of DHS surveys. The method estimates past 

fertility rates using the birth history module of the survey. While it fills the gaps, the estimates are not consistent 

with the UN WPP which are used widely (and considered more reliable).  

In this research we combine four datasets (UN WPP, WIC, estimates from Yildiz et al. (2023), and DHS) to 

produce reliable and consistent EASFRs over time and across countries, which are compatible with the UN WPP 

ASFR, using a Bayesian model. 

We follow Bijak and Bryant’s (2016) recommendation to employ Bayesian methods in situations where sample 

sizes are too small, and the data quality is limited or poor. The Bayesian approach has been used in recent 

years in demographic estimates and population projections (e.g., Alkema et al. 2011; Bryant and Graham 2013; 

Ellison et al. 2020; Hilton et al. 2019), including by the United Nations (UN) in recent rounds of population 

projections (Ševčıôková et al. 2018). The modeling carried under this work aims at developing a consistent and 

reliable dataset that will allow for a better understanding of the impact of education on fertility. 

 We estimate age specific fertility rates for 41 DHS African and 9 Latin American countries by four levels of 

education between 1970-1975 and 2015-2020. Our paper contributes to the literature by proposing an advanced 

statistical model which fills the gap in the time series when data are missing, and by providing complete and 

UN WPP consistent EASFRs for all 50 countries. We focus on Latin American and African countries in this analysis 

since they lack, to varying degrees, detailed, regular, and consistent data on EASFR for past years. Moreover, 

these two regions are interesting as the timing and pace of the demographic transition are different. We plan 

to extend the research to more regions in the Global South in the future. 

 

Data sources 

We use four different data sources for this study: DHS, UN WPP (2022b), UN-consistent education specific TFR 

from Yildiz et al. (2023), and WIC (2018). A total of 217 DHS conducted in Africa and Latin America are pooled 

for the analysis (see the full list of countries and surveys in Figure 2 and in Appendix A). Fertility rates are 

obtained from individual recode datasets in the DHS database (ICF 2004-2017). We consider four levels of 

education: “No Education”, “Primary Education”, “Secondary Education” and “Higher Education”. These 
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educational categories are collected in DHS surveys for each country and survey wave and are based on the 

highest level of education reported by the woman (The DHS program n.d). 

 

Figure 2: Countries and surveys collected, Africa and Latin America 

 

 

Our analysis uses women’s retrospective birth histories as collected in DHS rounds, focusing on reproductive 

ages between 15 and 49 years. Since our goal is to reconstruct past fertility rates by level of education, we 

focus on birth histories as far as 30 years before the survey for Latin American countries. For African countries, 

the birth histories are collected for a shorter period of 15 years, given the lower quality of estimates due to long 

recalling periods. The retrospective fertility rates by five-year age groups and five-year periods are obtained 

using the Stata “tfr2” module which provides fertility rates close to those published in the DHS reports 

(Schoumaker 2013). We utilize all available surveys with the exception of those conducted after 2020.  
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The second source of fertility data in our research is the 2022 edition of the UN WPP (2022b) which provides 

ASFRs for five-year periods. The UN WPP collects fertility data preferably on live births by age of mother from 

civil registration systems as well as all available data, including from the DHS. The UN WPP is updated every 

couple of years to achieve consistency over time and across different demographic statistics and include new 

data sources which were previously not included. This process makes the UN WPP a reliable source for global 

demographic data. 

Further, Yildiz et al. (2023) estimated education specific total fertility rates for Sub-Saharan African countries 

from 1980 to 2015 by 5-year period using multiple data sources including WIC and UN WPP. The authors use 

a flexible hierarchical Bayesian model that allows education specific estimates to vary with regards to the degree 

of consistency with the UN data. The estimates are provided for Sub-Saharan African countries only and focus 

on total fertility rates by education but not by age.   

 In addition to fertility rates, the size of the female population by level of education for the countries under 

consideration is obtained from the WIC data explorer (WIC 2018) through the ‘epop’ function in the “wcde” R 

package (Abel 2021). These estimates are constructed using an iterative multi-dimensional cohort-component 

reconstruction model (IMCR) based on historical data on education and mortality (see Speringer et al. (2019) 

for more details). All data in our analysis concern women aged 15-49 years between 1970 and 2020. 

 

Methodology 

Various approaches have been used within the Bayesian framework to estimate fertility rates. For example, 

Ellison et al. (2020), inspired by the Lexis diagram, developed a Bayesian technique to estimate cohort fertility 

where births were modeled to follow a Poisson distribution. Earlier, Bryant and Graham (2013) had modeled 

births as part of a sub-national population estimation model, in which births follow a Poisson distribution 

centered around expected births at the end of the period, similar to Ellison et al. (2020). As mentioned above, 

Yildiz et al. (2023) used a flexible hierarchical Bayesian technique to estimate education specific total fertility 

rates for Sub-Saharan countries for the period 1980 to 2015 using existing sources. Finally, Alkema et al. (2011) 

estimated total fertility rates for 196 countries by considering their fertility transition phases. Each transition 

phase was modeled separately taking into account the rate of decline. During the transition period, the TFR 

was modeled as the previous fertility rate minus the expected five-year decrement, plus an error term. The 

five-year decrement term follows a defined function while the error term follows a set of normal distributions 

when a set of conditions are met. For post-transition countries, the fertility rates were modeled as a normal 

distribution of a first order autoregressive time series model.  

Our modeling framework consists of two main steps applied separately to African and Latin American countries. 

We improve and complement previous Bayesian approaches which did not integrate education and its impact 

on fertility rates, and did not estimate long time series of age-specific fertility rates. The first step in our 

approach is to estimate EASFRs for all DHS countries which enter the Bayesian model as initial values. To 

achieve this, we employ a generalized linear model (glm) with a Poisson link. The data for the glm model are 

the EASFRs obtained by the STATA tfr2 module using DHS birth histories. We adopt this approach to account 

for gaps in DHS estimates. We treat the glm estimates as the “input” dataset for our Bayesian model.   

The predicted estimates use information from the variables that influence fertility rates in our dataset, including 

the country itself, the number of women under consideration by five-year periods and age groups, and their 

education levels. In the event that a whole period schedule is missing (e.g., 2015-2020 period for Latin American 

countries), the estimates use the aggregate effects of the period in question, the age groups and the country 

estimates (e.g., 2015-2020 period effect from all countries, educational effect, age group effects, country effects 
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and the specific interaction effects). To a large extent, the model learns from the other countries in the region 

since it uses all available information in the dataset to make estimates for the missing values. The glm model 

involves interaction terms between variables based on the assumption that the effects of these variables are 

not constant. The regression model for EASFR is defined as: 

 

𝐸𝐴𝑆𝐹𝑅𝐷𝐻𝑆∼ 𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 + 𝐴𝑔𝑒 𝐺𝑟𝑜𝑢𝑝 + 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 + Period + 𝐴𝑔𝑒 𝐺𝑟𝑜𝑢𝑝 ∗ 𝐶𝑜𝑢𝑛𝑡𝑟𝑦 +  

𝐶𝑜𝑢𝑛𝑡𝑟𝑦 ∗ Period + 𝐸𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 ∗ 𝐴𝑔𝑒 𝐺𝑟𝑜𝑢𝑝 + Period ∗ 𝐴𝑔𝑒 𝐺𝑟𝑜𝑢𝑝.                        (1) 

 

Using the glm model, we estimate initial values of the EASFR between 1970-1975 and 2015-2020 in five-year 

intervals. The estimates produced by the model logically do not match with the UN WPP ASFRs. Also, in the 

event of missing or poor-quality data, the model estimates higher values than expected by the trend, for 

example, creating an abrupt halt or reversal of the fertility decline during the missing period. To address these 

issues and ensure consistency with the UN WPP ASFR, we employ a Bayesian framework in the second step, as 

explained in the next paragraphs.  

The first level (Level 1) starts with calculating the ASFRs as a weighted total of the predicted EASFRs in Equation 

2. The weights, 𝑤𝑐𝑦𝑎𝑒, are the ratio of the population of women in age group a by level of education e to the 

total population of women aged 15-49 years for each five-year period y in country c according to WIC. Then, 

in Equation 3, the ASFRs are adjusted to the UN WPP ASFRs for each country for all five-year periods making 

use of the precision parameter 𝜏𝑎𝑠𝑓𝑟, the inverse of the variance. The variance parameter 𝜇𝑎𝑠𝑓𝑟 is data-driven 

and reflects the uncertainty in UN WPP ASFRs. In other words, it is used to define the degree of consistency 

with the UN WPP ASFRs. Since the UN WPP ASFRs are themselves dependent on DHS data, we only include 

ASFRs from UN WPP to avoid repeating the same information in our Bayesian model. An exercise to investigate 

the sensitivity of the estimates to this parameter is presented in Appendix B. 

Level 1:     

    𝐴𝑆𝐹𝑅∗
𝑐𝑦𝑎

  = ∑  4
𝑒=1  (𝐸𝐴𝑆𝐹𝑅∗

𝑐𝑦𝑎𝑒  
 × 𝑤 𝑐𝑦𝑎𝑒)   (2)  

𝐴𝑆𝐹𝑅𝑐𝑦𝑎
𝑈𝑁 ~𝑁(𝐴𝑆𝐹𝑅∗

𝑐𝑦𝑎
 , 𝜏𝑎𝑠𝑓𝑟 2

)                        (3) 

𝜏𝑎𝑠𝑓𝑟 = 1/𝜎 
𝑎𝑠𝑓𝑟   

    (4)  

𝜎 
𝑎𝑠𝑓𝑟   

= 𝜇𝑎𝑠𝑓𝑟  
                         (5) 

 

In the second level (Level 2), the “true EASFRs”, unobserved and reconstructed 𝐸𝐴𝑆𝐹𝑅∗
𝑐𝑦𝑎𝑒  

, are sampled from 

a normal distribution centered at the 𝐸𝐴𝑆𝐹𝑅𝑐𝑦𝑎𝑒
𝐷𝐻𝑆  estimates from the regression model in Step 1 (Equation 1). 

The standard deviation parameter ν is the standard deviation of the standard errors from the glm estimates 

and captures to a large extent the variations from the “true EASFRs”. We capture standard errors by education 

level. We allow τ to follow a gamma distribution and produce estimates for each country, year and education 

level with σ as “initial values” for education level “no education”, which was the education level with the highest 

standard deviation estimate. 

Level 2: 

   𝐸𝐴𝑆𝐹𝑅∗
𝑐𝑦𝑎𝑒  

∼ 𝑁(𝐸𝐴𝑆𝐹𝑅𝑐𝑦𝑎𝑒
𝐷𝐻𝑆 , 𝜏(𝐸𝐴𝑆𝐹𝑅)𝑐,𝑦,𝑒)              (6)  

𝜏(𝐸𝐴𝑆𝐹𝑅)𝑐,𝑦,𝑒 ∼ 𝐺(1/𝜎(𝐸𝐴𝑆𝐹𝑅),𝑒
 , 2𝜎(𝐸𝐴𝑆𝐹𝑅)𝑒

2  
)              (7) 

𝜎(𝐸𝐴𝑆𝐹𝑅),𝑒 = 𝜈                                    (8)  

  

The third level (Level 3) estimates ESTFRs (education-specific TFR) by sampling from a normal distribution 

centered on the 𝐸𝑆𝑇𝐹𝑅𝑐𝑦𝑎𝑒
  estimates calculated in equation 10 by summing the EASFRs estimated in equation 
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6 over age groups and multiplying them by 5. The ESTFRs estimates provide a perspective on the evolution of 

the fertility differentials by level of education at the aggregate level. The standard deviation in this level also 

follows a normal distribution that centers around the standard deviation from estimates in the regression model.   

Level 3: 

                                                  𝐸𝑆𝑇𝐹𝑅𝑐𝑦𝑎𝑒
∗ ∼ 𝑁(𝐸𝑆𝑇𝐹𝑅𝑐𝑦𝑎𝑒

 , 𝜏𝐸𝑆𝑇𝐹𝑅)                             (9) 

                   𝐸𝑆𝑇𝐹𝑅𝑐𝑦𝑎𝑒 =(∑  45−49
𝑎=15−19 𝐸𝐴𝑆𝐹𝑅𝑐𝑦𝑎𝑒

∗ ) ×5   (10) 

𝜏𝐸𝑆𝑇𝐹𝑅 = 1/𝜎𝐸𝑆𝑇𝐹𝑅
2     (11) 

       𝜎𝐸𝑆𝑇𝐹𝑅 ∼ 𝑁(𝜂, ℎ)                                   (12)  

 

 

 

For African countries, ESTFRs are benchmarked to “UN-consistent” ESTFR estimates by Yildiz et. al (2023) which 

are almost identical to the UN TFRs and thus level 3 is specified as: 

          𝐸𝑆𝑇𝐹𝑅𝑐𝑦𝑎𝑒
𝑢𝑛−𝑒𝑠𝑡𝑓𝑟

∼ 𝑁(𝐸𝑆𝑇𝐹𝑅𝑐𝑦𝑎𝑒
 , 𝜏𝐸𝑆𝑇𝐹𝑅)                         (13) 

           𝐸𝑆𝑇𝐹𝑅𝑐𝑦𝑎𝑒
∗ ∼ 𝑁(𝐸𝑆𝑇𝐹𝑅𝑐𝑦𝑎𝑒

 , 𝜏𝐸𝑆𝑇𝐹𝑅)                               (14) 

               𝐸𝑆𝑇𝐹𝑅𝑐𝑦𝑎𝑒 =(∑  49
𝑎=15 𝐸𝐴𝑆𝐹𝑅𝑐𝑦𝑎𝑒

∗ ) ×5   (15) 

𝜏(𝐸𝑆𝑇𝐹𝑅)𝑐,𝑦,𝑒 ∼ 𝐺(𝜎(𝐸𝑆𝑇𝐹𝑅),𝑒
 , 𝜎(𝐸𝑆𝑇𝐹𝑅)𝑒

2  
)   (16) 

 

   

The parameter τ follows a gamma distribution of the standard deviation, σ, of the ESTFR UN-consistent 

estimates for “higher education”.    

The full specification of the prior distributions and sensitivity analysis are presented in Appendix B. For Latin 

American countries, equations (1) to (12) remain and the model for Level 3 does not benchmark to estimates 

from Yildiz et al. (2023). 

 

Results 

In this section, we present estimates of the EASFRs for 1970-1975 to 2015-2020 for all countries under 

consideration, separately for Africa and Latin America, with a particular emphasis on the starting and end period. 

Detailed estimates for all five-year periods are presented in the supplementary material.  

Weighted EASFRs are calculated for each region in Africa r, education level e, age group a and period y as; 

 

∑    (𝐴𝑆𝐹𝑅𝑒,𝑎,𝑦 × 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑒,𝑎,𝑦)

∑    𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑟,𝑒,𝑎,𝑦

 

 

Figure 3 shows the weighted EASFRs for the African countries under consideration grouped by UN regions. 

Although the lines between the subsequent levels of education sometimes cross, particularly at older ages - 

meaning that a higher level of education does not necessarily mean fewer children - each level of education (as 

categorized in this work) generally leads to lower fertility. In all regions and for all estimated years, women with 

secondary and/or higher education have the lowest weighted EASFR in their respective age groups, compared 

to women with primary education or less. Another general observation is that, with increased levels of education, 

the peak of the fertility curve occurs at older ages; it is particularly true for women with secondary or higher 

education in comparison with other education groups, throughout the reconstructed period. The low levels of 
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education of women in Africa translate in the average ASFR curve being very similar in terms of level and 

pattern with that of the ASFR of women without education in the earlier period, and primary education in the 

later period. There are notable differences between regions, particularly between Northern and Southern Africa 

and the other African regions. In the former regions, the ASFR has already converged to the fertility pattern of 

women with secondary education since the 1990s, indicating greater progress in education in these regions. 

 

Figure 3: Weighted EASFRs and 95% CI by regions, Africa, 1970-1975 to 2015-2020 

 

 

Next, we present weighted ESTFRs in Figure 4 estimated for each region in Africa r, education level e, age 

group a and period y as; 

  

∑    (𝑇𝐹𝑅𝑒,𝑎,𝑦 × 𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑒,𝑎,𝑦)

∑    𝑃𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛𝑟,𝑒,𝑎,𝑦
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Figure 4: Weighted ESTFRs and 95% CI by regions, Africa, 1970-1975 to 2015-2020 

 

 

The ESTFR in Middle Africa and Western Africa have been declining very slowly, with some periods of stagnation 

and even increase, like for women with no education until 2010-2015 in Middle Africa. The stalls in fertility 

decline have occurred among women in all education categories, such as for women with a primary or a higher 

education in the 1985-1995 period in Western Africa. In these two regions, the difference in fertility between 

the women with the highest level of education and the lowest level of education did not decline over time, and 

has been between 3.6 and 4.9 children per woman between 1970 and 2020. In Eastern Africa, the fertility 

decline in most education categories is steadier than in the two other regions, especially concerning women 

with a secondary and higher education. In this region, there seems to be an acceleration of the decreasing 

trend in the last period since 2010-2015, particularly visible for women without education. This trend is also 

visible in Western Africa.    

Figure 5 and Figure 6 show the EASFR estimates in African countries in the 1970-1975 and 2015-2020 period. 

Most of the observed patterns in the regions are visible across countries, with the overall ASFRs closely following 

that of lower education groups.  
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Figure 5: EASFR and ASFR, Africa, 1970-1975 
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Figure 6: EASFR and ASFR, Africa, 2015-2020 

 

 

In many African countries, overall ASFR as well as EASFR began to decline significantly from the 1980-1985 

period (see supplementary material). On average across all 5-year periods between 1970 and 2020, fertility 

among women with higher education peaked between the ages of 25 and 34 at around 0.2 to 0.3 children per 

woman. However, for women with secondary education, fertility was highest overall between the ages of 20 to 

29 in all countries, at around 0.2 to 0.4 children per woman. For women with primary or no education, fertility 

peaked between the ages of 20-25, in general at around 0.3 to 0.4 children per woman. 

Figure 7 shows the difference between 2015-2020 and 1970-1975 fertility rates for African countries. For many 

countries in the region, the difference is negative, implying a decline in fertility rates. The biggest changes are 

among women with primary education, with a few  exceptions. Among all levels of education other than no 

education, fertility rates have fallen for all ages (excluding ages 45-49) by around 0.1 children per woman, with 

the exception of Cameroon and Central African Republic.  
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Figure 7: Difference between 2015-2020 and 1970-1975 for EASFR and ASFR, Africa 

 

 

Figure 8 represents the 1970-1975 and 2015-2020 EASFR as well as the difference between the two periods 

for Latin America. The fertility transition and the education expansion occurred earlier in Latin America compared 

to Africa (Bongaarts and Casterline 2013; Wils and Goujon 1998). As a result, the differentials in EASFR are 

larger in 1970-75, and smaller in 2015-2020 when compared with Africa (see Figure 8 panel A and B, and Figure 

7). Also, declines in overall ASFR and EASFRs in Latin America are visible from the 1975-1980 period (see 

supplementary material). The overall ASFR seemed to be largely influenced by the majority of women with 

primary education in Latin America from the 1970-1975 period until the 1990-1995 period when the overall 

ASFR became more influenced by the large share of women with a secondary and higher education. This is also 

reflected in Figure 8 for 1970-1975 and 2015-2020. 
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Figure 8: EASFR and ASFR, 1970-1975 (Panel A) and 2015-2020 (Panel B), and difference between 2015-2020 

and 1970-1975 for EASFR and ASFR (Panel C), Latin American countries 

 

In all the years under consideration, the fertility peak for women with higher education in Latin America occurred 

at the age of 25 to 29 years, at a level around 0.2 children per woman in the 1975-1980 period (see 

supplementary material) and declined to 0.07 children per woman in the 2015-2020 period. For women with 

secondary education, fertility peaked between the ages of 20 and 29, falling from around 0.25 children per 

woman in the 1975-1980 period to 0.06 children per woman in the 2010-2015 period. Women with primary 

education experienced a peak in fertility of around 0.32 children per woman in 1970-1975, declining to 0.14 

children per woman in 2000-2005 at the age of 20-24. Similarly, we observed peak fertility rates of about 0.35 

children in the 1990-1995 period, falling to 0.14 children in the 2015-2020 period, per woman with no education, 

at the age of 20-24.     

In the 2015-2020 period (Figure 8 panel B), fertility rates in Latin America were significantly lower than in the 

1970-1975 period. Panel C shows differences in EASFR between 2015-2020 and 1970-1975. All age groups 

across all levels of education and countries saw their fertility rates decline. In Brazil, Colombia, Mexico, Ecuador 

and Peru, women with secondary education between 15-19 and 20-24 saw a large decline of around 0.1 children 
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per woman. For Peru and Brazil, this decline was reaching almost 0.15 children per woman with a secondary 

education and was visible for ages until 25-29.   

The smallest difference in fertility rates is observed among women with higher education in all the countries 

studied. In Honduras, women with no education experienced a sharp drop in fertility rates, while in the other 

countries, it was women with primary education who seemed to experience the largest decrease in fertility rates 

among all education groups.  

 

Discussion and Conclusion 

Our analysis focuses on deriving and applying a methodology to estimate past total and age-specific fertility 

rates by level of education, for African and Latin American countries. Our aim is to fill a gap by providing a 

dataset for countries where historical good quality and consistent fertility data are scarce. We propose a 

Bayesian framework to reconstruct ASFRs by levels of education and provide estimates for 41 African and 9 

Latin American countries for five-year periods from 1970 to 2020 using multiple data sources, combining more 

and less reliable datasets. Our estimates are UN WPP consistent and provide complete age schedules by 

education levels for past years which were previously not available for Africa and Latin America. However, one 

of its limitations is that it does not conscientiously model data quality by including the reliability of birth histories 

that happened a long time before the survey year. Another limitation is the inability to accurately validate the 

EASFRs, since these are the first estimates of their kind. 

Nevertheless, we think these estimates of past fertility rates by age and level of education can be essential in 

studying in detail the connection to the educational expansion and the role of education in the fertility transition. 

Furthermore, our estimates can be used to inform population projections. The analysis of the dataset resulting 

from the modeling confirms what has been demonstrated using existing data, as we will discuss below. These 

estimates support the general finding that women with higher education have lower fertility rates (e.g., Basu 

2002; Bongaarts 2010; Weinberger et al. 1989). The estimates across countries show that women with higher 

education have a relatively late onset of fertility as well as generally lower fertility rates. The model used can 

be expanded to other world regions within the DHS database and thus provide reliable estimates for other 

studies relating to fertility, population, and education. 

Many countries in Africa (especially in Sub-Saharan Africa) began their fertility transition in the 1980s (Bongaarts 

and Casterline 2013). Our estimates of education specific rates in Africa before 1985 agrees with Cochrane 

(1979) and Martin (1995) that in least developed countries where overall education levels were low, the 

achievement of some education (incomplete or completed primary education) was sometimes reversely related 

to fertility. In countries like the Democratic Republic of the Congo, Gabon and Nigeria, fertility rates for women 

with lower levels of education increased between the 1970-1975 and 2015-2020 periods. The analysis of the 

stalls in fertility decline show that they could be in part linked to the stalls in education progress (Goujon, Lutz, 

and KC 2015; Kebede, Goujon, and Lutz 2019). As well, these countries have experienced conflicts in the past, 

which can be followed by an increase in fertility in the early post-conflict period as shown by the literature (e.g., 

Lindstrom and Berhanu 1999; Agadjanian and Prata 2002; Randall 2005). 

Since Latin America already experienced the fertility transition during the starting years of our analysis, 

educational differentials in fertility rates were more visible. Our estimates in Latin America for periods before 

2000-2005 are in line with the findings of Martin and Juarez (1995) concerning the relatively wide educational 

fertility differences. However, the differences seem to narrow rather drastically by the end of the period covered 

by our estimation exercise. The literature points out that the reduction in educational differentials and overall 
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fertility rates could be attributed to government policies on public health and education, of women in particular 

(Rios-Neto and Guimarães 2014).   

We also note a more pronounced decline in adolescent fertility rates by level of education when considering the 

differences between 1970-1975 and 2015-2020 in Latin American countries compared to African countries. The 

decrease in fertility differentials by educational level in many countries in Latin America and some countries in 

Africa supports the argument of Kravdal (2002), that as more women become educated and reduce their fertility 

in the community, women with lower levels of education tend to follow this behavior.  

That the education expansion has strongly contributed to the decrease in education specific fertility rates 

between 1970-1975 and 2015-2020 is probable in the countries under consideration. Santelli et al. (2017) report 

that Latin America and the Caribbean and Sub-Saharan Africa regions spent about 4.4% and 4.6% of their GDP 

on education in 2012 respectively. This was 42% more than they did in 1990. As a result, the mean years of 

schooling for women aged 15 to 49 increased on average in Latin America from 4.5 years in 1970 to 9.3 years 

in 2015, and not as strongly in Africa, which was starting from much lower levels, from 1.3 to 5.9 years (WIC 

2018).   
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Appendix A - List of Countries and Surveys 

Table A1: List of countries and their survey years 

 

Country Survey Year 

Angola 2006 2011 2015           

Benin 1996 2001 2006 2011 2017         

Brazil 1986 1991 1996           

Burkina Faso 1992 1998 2003 2010 2014 2017        

Burundi 1987 2010 2012 2016          

Cameroon 1991 1998 2004 2011 2018         

Central African 

Republic 

1994             

Chad 1996 2004 2014           

Colombia 1986 1995 2000 2004 2009 2015        

Comoros 1996 2012            

Congo 2005 2011            

Côte D'Ivoire 1994 1998 2011           

DR Congo 2007 2013            

Ecuador 1987             

Egypt 1988 1992 1995 2000 2003 2005 2008 2014      

Eswatini 2006             

Ethiopia 1992 1997 2003 2008          

Gabon 2000 2012            

Gambia 2013 2019            

Ghana 1988 1993 1998 2003 2008 2014 2016       

Guatemala 1987 1995 1998 2014          

Guinea 1999 2005 2012 2018          

Honduras 2005 2011            

Kenya 1988 1993 1998 2003 2008 2014 2015       
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Lesotho 2004 2009 2014           

Liberia 1986 2006 2008 2011 2013 2016 2019       

Madagascar 1992 1997 2003 2008 2011 2013 2016       

Malawi 1992 2000 2004 2010 2012 2014 2015       

Mali 1987 1995 2001 2006 2012 2015 2018       

Mexico 1987             

Morocco 1987 1992 2003           

Mozambique 1997 1999 2003 2011 2015         

Namibia 1992 2000 2006 2013          

Nicaragua 1997 2001            

Niger 1992 1998 2006 2012          

Nigeria 1990 2003 2008 2010 2013 2015 2018       

Paraguay 1990             

Peru 1986 1991 1996 2000 2003 2009 2010 2011 2012       

Rwanda 1992 2000 2005 2007 2010 2013 2014 2017      

Sao Tome and 

Principe 

2008             

Senegal 1986 1992 1997 2005 2010 2012 2014 2015 2016 2017 2018 2019 

Sierra Leone 2008 2013 2016 2019          

South Africa 1998 2016            

Sudan 1989             

Tanzania 1991 1996 1999 2004 2009 2015 2017       

Togo 1988 1998 2013 2017          

Tunisia 1988 1999            

Uganda 1988 1995 2000 2006 2009 2011 2014 2016      

Zambia 1992 1996 2001 2007 2013 2018        

Zimbabwe 1988 1994 1999 2005 2010 2015        

 



www.iiasa.ac.at 24 

Appendix B - Prior Distribution and Sensitivity Analysis 

 

We explored different characterization of the parameter 𝜈 and how it changed the estimation of EASFRs for 

both Latin America and Africa models. We keep the model described from equation (2) to (6) and (9) to (12) 

and change values in equations (7) and (8).  

 We identify our model described in the text as “Main Model” for both the Latin American and African 

case. In “Model 1”, we define the parameter 𝜈 as the standard deviation of the standard error of the glm 

estimates by country, c, year, y, and age group a and ; 

𝜏(𝐸𝐴𝑆𝐹𝑅)𝑐,𝑦,𝑎 ∼ 𝐺(1/𝜎(𝐸𝐴𝑆𝐹𝑅)𝑐,𝑦,𝑎
2 , 𝜎(𝐸𝐴𝑆𝐹𝑅)𝑐,𝑦,𝑎

2 ) 

𝜎(𝐸𝐴𝑆𝐹𝑅)𝑐,𝑦,𝑎 = 𝜈 

In “Model 2”, we express 𝜈 as the standard deviation of the standard error of the glm estimates by education 

levels only. Then, 

      𝜏(𝐸𝐴𝑆𝐹𝑅)𝑒 ∼ 𝐺(1/𝜎(𝐸𝐴𝑆𝐹𝑅)𝑒
2 , 𝜎(𝐸𝐴𝑆𝐹𝑅),𝑒

2 ) 

𝜎(𝐸𝐴𝑆𝐹𝑅),𝑒 = 𝜈 

In “Model 3”, 𝜈 is the standard deviation of the standard error of the glm estimates by level of education only. 

However,  

      𝜏(𝐸𝐴𝑆𝐹𝑅)𝑒 ∼ 𝐺(1/𝛼(𝐸𝐴𝑆𝐹𝑅)𝑒 , 𝜎(𝐸𝐴𝑆𝐹𝑅),𝑒
2 ) 

𝜎(𝐸𝐴𝑆𝐹𝑅)𝑒 = 𝜈 

where 𝛼(𝐸𝐴𝑆𝐹𝑅)𝑒  is the mean of the standard errors of the glm estimates by only level of education.  

In “Model 4”, we define 𝜈 as the standard deviation of the standard errors of the glm estimates. The following 

are specified for “Model 4”, 

   𝜏𝐸𝐴𝑆𝐹𝑅 ∼ 𝐺(1/𝜎𝐸𝐴𝑆𝐹𝑅
2 , 𝜎𝐸𝐴𝑆𝐹𝑅

2 ) 

𝜎𝐸𝐴𝑆𝐹𝑅 = 𝜈. 

We define in “Model 5” the following; 

 𝜏𝐸𝐴𝑆𝐹𝑅 ∼ 𝐺(1/𝜎𝐸𝐴𝑆𝐹𝑅
2 , 𝜎𝐸𝐴𝑆𝐹𝑅

2 ) 

𝜎𝐸𝐴𝑆𝐹𝑅 = 𝜈  

where 𝜈 is now the standard deviation of the estimates from the glm model in Step 1. 

We describe “Model 6” as; 

 𝜏𝐸𝐴𝑆𝐹𝑅 ∼ 𝐺(𝛽1, 𝛽2) 

 

and 𝛽1=(𝜈/𝛼)2, where 𝜈 is the standard deviation of the standard errors from the glm estimates and 𝛼 is the 

mean of the standard errors of the glm estimates. Similarly,  𝛽2=(𝜈)2/𝛼. 

 

Finally, in “Model 7”, we estimate 𝜈 as the standard deviation of the standard errors of the glm estimates by 

each country, year and education level. We specify the following; 

      𝜏(𝐸𝐴𝑆𝐹𝑅)𝑐,𝑦,𝑒 ∼ 𝐺(1/𝜎(𝐸𝐴𝑆𝐹𝑅)𝑐,𝑦,𝑒
2 , 𝜎(𝐸𝐴𝑆𝐹𝑅)𝑐,𝑦,𝑒

2 ) 

𝜎(𝐸𝐴𝑆𝐹𝑅)𝑐,𝑦,𝑒 = 𝜈. 

 

In Figures B1 and B2, we compare the estimates of “tfr2” module’s DHS education specific estimates against 

the described models to compare how close our models’ estimations are to that of DHS. 
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Figure B1: Comparison of results of different models for age specific fertility rates by level of education for 

Africa 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



www.iiasa.ac.at 26 

Figure B2: Comparison of results of different models for age specific fertility rates by level of education for Latin 

America 
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Appendix C - Differences between no education group and other levels of 
education 
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