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Abstract

Reliable fertility statistics are crucial for monitoring population dynamics, yet

traditional data sources are often limited in low- and middle-income countries.

This study evaluates a Facebook-recruited survey combined with network re-

porting to estimate fertility in Senegal. Respondents reported on members of

their social networks to address undercoverage from limited internet access.

Both respondent and network samples overrepresent younger and more edu-

cated individuals, while rural populations and those with lower education are

underrepresented. Network reporting partially mitigates these gaps by includ-

ing non-Facebook users. However, respondents and their network members

remain similar to one another in terms of gender, age, and education. To-

tal fertility rates (TFR) are approximated reasonably well, but age-specific

fertility rates (ASFR) are less accurate: fertility is underestimated at ages

15–24 and overestimated at 35–49. Urban network estimates align better

with DHS benchmarks than rural estimates. Thus, future development of

this approach holds most promise in urban areas, where estimates could be

improved through experimental testing of different network definitions, ad-

vertisement designs, and weighting adjustments to provide timely, low-cost

directional fertility information.
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1 INTRODUCTION

1 Introduction

Reliable demographic statistics are essential for monitoring population dynamics and

identifying shifts in fertility and mortality. In high-income countries, administra-

tive data regularly provide such information, largely because of long-standing civil

registration systems. In contrast, many low- and middle-income countries (LMICs)

face persistent challenges in maintaining complete administrative data, reflecting

differences in resources and institutional capacity. WHO regional data show higher

completeness in birth registration in the Region of the Americas, Western Pacific

and South-East Asia, while administrative data systems are often weakest in Sub-

Saharan Africa (SSA), where only a fraction of births are registered (WHO 2024).

However, fertility monitoring is especially important in SSA since fertility is a cen-

tral driver of population dynamics, and because fertility trends in the region follow

distinctive trajectories compared to other parts of the world, making frequent and

flexible monitoring essential (Bongaarts 2020).

To close this gap, large-scale household surveys such as the Demographic and

Health Surveys (DHS) have long been the primary source of fertility data in these

contexts (Jerven 2014). However, these surveys face challenges of cost, irregular

frequency, and vulnerability to external shocks such as pandemics or funding cuts

(Abdel Ghany et al. 2026; Dattani 2025). These disruptions underscore the need to

explore the potential of alternative data sources for demographic measurement, such

as using online data or new sampling approaches. Recent research has experimented

with digital trace data (Wilde et al. 2024; Spyratos et al. 2019), mobile phone sur-

veys (Dianou et al. 2025; Reniers et al. 2025) or online surveys recruited through

social media platforms (Pham, Rampazzo, and L. R. Rosenzweig 2019; L. R. Rosen-

zweig, Bergquist, et al. 2025). Among these approaches, social media–based recruit-

ment offers several potential advantages: it allows researchers to directly manage

and adapt recruitment in real time, can be implemented at relatively low cost, and

platform-level targeting tools make it possible to focus recruitment on specific demo-

graphic groups (Kühne and Zindel 2020). From the available platforms, Facebook’s

advertising system has been most widely used to recruit survey participants (Zindel

2023). While these methods have been applied extensively in high-income countries

(Iannelli et al. 2020, Grow et al. 2020, Pötzschke and Braun 2017), fewer studies

have tested their feasibility in LMICs, particularly in Sub-Saharan Africa (L. R.

Rosenzweig, Bergquist, et al. 2025; Soehl, Chen, and Erlich 2024; De Gaetano et al.

2023; Olamijuwon 2021; Pham, Rampazzo, and L. R. Rosenzweig 2019). A key

limitation that online recruitment approaches face in this region is lower internet

penetration. In Sub-Saharan Africa, only about 37% of the population has internet

access, compared with nearly 90% in Europe and North America (ITU 2023).

To address this undercoverage, we apply a network reporting approach. In this

method, respondents provide information not only about themselves but also about
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2 BACKGROUND

members of their social networks, defined here as people with whom they regularly

have a conversation or share meals (Feehan and Cobb 2019). This approach has

been used to estimate mortality or internet penetration (Feehan and Cobb 2019;

Feehan and Borges 2021) and allows researchers to reach beyond the population

directly accessible through the sampling frame. We conduct an online survey in

Senegal using Facebook advertisements for recruitment and apply network reporting

methods to estimate fertility, defined as age-specific fertility rates (ASFRs) and their

summary measure, the total fertility rate (TFR), validating our results against data

from the 2023 DHS. We evaluate the feasibility of using a Facebook-recruited online

survey with network reporting to estimate fertility rates in Senegal, assessing both

the potential for timely fertility measurement and the limitations imposed by social

media recruitment in a setting with low internet penetration.

2 Background

The following section will first describe alternative data sources used for demographic

research when registration or survey data obtained from existing sampling frames

is unavailable. Next, we will describe the use of social media recruitment in Africa

and network reporting, which is the focus of our analysis. Lastly, we will outline

the specific country context of our data collection: the fertility and digital context

in Senegal.

2.1 Alternative data source for demographic estimation in

the absence of sampling frames

Civil registration of births and deaths provide the basis for the analysis of population

development and for addressing health and societal problems. In the absence of such

registration systems, decision-makers lack the information they need on changes in

population size, fertility or mortality patterns (WHO 2024, AbouZahr et al. 2015).

While 98 percent of births are registered in Europe, the amount reduces to only 44

percent in African countries (WHO 2024). In recent decades, progress in expanding

this registration has been slow, with a 2.4 percentage point increase in global vital

registration coverage between 1980 and 2015 (Mikkelsen et al. 2015). In the absence

of vital registration, large-scale surveys such as the Demographic Health Survey

(DHS) provide nationally representative survey data in a number of low- and middle-

income countries. However, data availability varies, while some countries are able

to conduct frequent data collections, others have large time gaps of up to ten years

between data collections (Cori et al. 2020). Additionally, as the recent termination

of the DHS program due to funding cuts has shown, there is a need to diversify data

sources while the national vital registration infrastructures are still incomplete to
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2.1 Alternative data source for demographic estimation in the absence of
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provide information of population health and development indicators (Abdel Ghany

et al. 2026).

One line of research has explored the use of online trace data for demographic

research. Wilde et al. 2024 used Google Trends data to predict fertility during

COVID-19 in the United States (Wilde et al. 2024). Spyratos et al. 2019 used the

Facebook audience size estimates to estimate the number of migrants, concluding

that while Facebook migration estimates cannot replace official statistics, they can

be useful for trend analysis or early warning in times of crisis (Spyratos et al. 2019).

Rampazzo, Zagheni, et al. 2018 used Facebook user counts to estimate the aver-

age age at childbearing for men in low- and middle-income countries. They find

that Facebook-derived fertility estimates correlate with conventional indicators for

countries where comparable data exist (Rampazzo, Zagheni, et al. 2018). One dis-

advantage of these trace data is that the processes of how the companies (such as

Google or Meta) generate or classify the data are not transparent to the researcher

(Spyratos et al. 2019). In comparison, surveys offer the opportunity to collect self-

reported data from the respondents. However, without a sampling frame, it can be

challenging to recruit a representative sample using probability-based methods. In

such cases, non-probability-based approaches are often used. The general limita-

tion is that it is not possible to infer from non-probability samples to the general

population. There is an ongoing discussion about the circumstances under which

non-probability samples may be “fit for purpose”, meaning sufficiently useful for a

given research application. Because non-probability sampling encompasses a wide

variety of methods, it is difficult to generalize about their properties, but their

fitness for use can be evaluated in terms of accuracy, timeliness, and accessibility

(Baker et al. 2013). In practice, non-probability samples may be valuable for, test-

ing survey instruments, studying rare or hard-to-reach populations not captured in

administrative data, or focusing on particular subgroups (Jerit and Barabas 2023).

There are various approaches to non-probability recruitment. One approach is

to use commercial survey companies. While there are a few such survey compa-

nies operating in Africa for market research purposes 1, they often focus on larger

economies such as Kenya, South Africa or Nigeria (McGeer and Stremlau 2024).

A disadvantage of those companies is that the process through which commercial

companies recruit respondents into their online panels is not transparent to the

researcher (Jerit and Barabas 2023). Other web-based studies in Africa often use

recruitment from snowball sampling or university students (Olamijuwon 2021). An-

other approach for recruitment is sampling through mobile phone surveys. Dianou

et al. 2025 collected data through a mobile phone survey in Burkina Faso to estimate

mortality. They find that their sample underrepresented the rural population and

1see for example https://sagaciresearch.com, https://www.fieldworkafrica.com/index.

php/africa-panel
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2.2 Online surveys using Facebook advertisements for survey recruitment in
Africa 2 BACKGROUND

those without education, while estimations of child mortality are consistent with

other surveys, adult mortality is underestimated (Dianou et al. 2025). Reniers et al.

2025 estimated perinatal mortality in Malawi with a mobile phone survey. Com-

pared to estimates from the DHS their sample was more urban, higher educated and

had higher rate of electricity use, while it remained challenging to recruit women

from rural areas. However they find that, their instrument provides comparable

estimates for stillbirth and perinatal mortality than UN and the Malawi DHS (Re-

niers et al. 2025). Another approach is to recruit through advertisements placed

on social media platforms. This approach allows researchers to design and manage

recruitment campaigns directly, adapting them in real time rather than relying on a

survey company’s sample. Social media platforms also provide access to rich meta-

data about users, enabling survey invitations to be more precisely targeted toward

the intended audience (Kühne and Zindel 2020). There is no systematic comparison

of the quality or composition of surveys obtained from these various non-probability

recruitment approaches in Africa. However, Boas, Christenson, and Glick 2020 com-

pare Facebook survey data and commercial online panel data in India and finding

that the commercial online panel was more expensive, with no improvements in

sample diversity compared to the Facebook recruited sample.

2.2 Online surveys using Facebook advertisements for sur-

vey recruitment in Africa

Over the past decade, numerous studies have used social media platforms, primarily

Facebook, as a tool for survey recruitment. However, this has mainly occurred

in Europe, North America, and Australia (Zindel 2023). Pham, Rampazzo, and

L. R. Rosenzweig 2019 were among the first to conduct a survey using Facebook

recruitment in Africa, specifically Kenya, comparing the results to those of the

Afrobarometer. They found that the Facebook sample consisted of more men and

individuals with higher levels of education. Regarding access to electricity and

water at home, the sample was less selective than expected, one-fifth of respondents

reported having no access to electricity at home. Survey completion rates varied

widely by region, with the highest rate (40%) in the capital and the lowest rate

(7%) in the rural northeast of the country (Pham, Rampazzo, and L. R. Rosenzweig

2019). Similar results were found for Kenya by L. R. Rosenzweig, Bergquist, et al.

2025, with younger and more politically active respondents in terms of voting or

protesting. These biases in sample composition can also be found in other African

countries. Results from Tanzania show that the sample recruited from Facebook was

more urban, younger, more educated, and wealthier than the Afrobarometer sample

(L. R. Rosenzweig and Zhou 2021). L. Rosenzweig et al. 2021 conducted a Facebook

survey in Nigeria. The majority of the sample was male (68%), college-educated, and
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2.3 Network reporting to estimate hard to reach populations 2 BACKGROUND

28 years old on average (L. Rosenzweig et al. 2021). Soehl, Chen, and Erlich 2024

also find an over-representation of men and those with higher education, while failing

to recruit the desired sample size of female Nigerians in rural areas. Olamijuwon 2021

recruited young adults in Kenya, Nigeria, and South Africa. In Kenya and Nigeria,

the sample was gender balanced. In South Africa, however, 68% of the participants

were women. In all countries, respondents in the sample had a higher rate of tertiary

education (Olamijuwon 2021). McGeer and Stremlau 2024 studied the reporting of

hate speech on social media platforms in several African countries. For Kenya, they

recruited more men to both click on the ads and complete the survey (62%). More

than half of the sample was under the age of 34, 76% had a university education,

and the majority of respondents lived in the capital city (McGeer and Stremlau

2024). The above-listed studies consistently found that Facebook-recruited samples

do not align with the composition of offline-recruited surveys and often overrepresent

a population that is male, younger, more urban, and more highly educated. This

is likely due to the composition of the social media platform itself. For example,

there is a higher user rate among men in Africa, which has been referred to as the

digital gender gap (Fatehkia, Kashyap, and Weber 2018). Thus a challenge in using

Facebook, as a recruitment tool in Africa is that low user rates excludes a large

proportion of the population from recruitment (Soehl, Chen, and Erlich 2024). To

extend the coverage of our sample, we can draw on the literature on hard-to-reach

populations and network reporting approaches, which we further describe in the

next chapter.

2.3 Network reporting to estimate hard to reach popula-

tions

Asking respondents to report on members of their social network has been a well-

established approach in the social science and demographic literature for decades

(Marsden 1990). The core idea is that survey respondents provide information not

only about themselves but also about individuals in their personal networks, thereby

extending coverage to populations that cannot be interviewed directly. This method

has been applied in several domains of demographic research. For instance, to collect

information from relatives to determine causes of death or to estimate the size of

hard-to-count populations such as those at risk of HIV/AIDS infection (Bernard

et al. 2010) or the homeless population (Killworth et al. 1998).

Building on these foundations, researchers have used network reporting to esti-

mate mortality rates in contexts without vital registration systems. For example,

Feehan, Umubyeyi, et al. 2016 introduced the network survival method in Rwanda,

asking respondents how many people they knew who had died in the past year and

collecting sociodemographic details about those deaths. Their findings showed that
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this approach could produce mortality estimates comparable to other methods while

requiring smaller sample sizes. More recently, Feehan and Cobb 2019 combined net-

work reporting with online recruitment via Facebook to estimate Internet adoption

rates in several countries. Their results aligned closely with benchmark data for the

United States, with minor underestimation in the United Kingdom and slight over-

estimation in Brazil. Here, we combine two scenarios in which the network reporting

approach has previously been used: estimating demographic outcomes and using an

online sample to draw conclusions about an offline population. We apply this ap-

proach to estimating fertility from a Facebook-recruited sample. Fertility presents

a promising case because it is a known event within social networks, in contrast to

more sensitive or stigmatized outcomes. Given the need to explore alternative data

sources, in light of disruptions and constraints affecting traditional data sources we

focus on two core questions:

1. To what extent can a Facebook-recruited online survey, combined with network

reporting, generate a demographically balanced sample in Senegal?

2. How accurately can such an approach estimate age-specific fertility rates (ASFR)

when compared to benchmark data?

2.4 Online surveys in the Senegal context

We conduct our analysis using Senegal as a case study. The country has an estimated

population of 18 million in 2024 and an annual growth rate of 2.3%. Half of the

population lives in urban areas (World Bank Group 2025). Life expectancy has

increased from 58.6 years in 2000 to around 68.8 years in 2019, though it declined

slightly to 67.8 in 2021 (World Health Organization 2024b). This may be due

to combined effects of the COVID-19 pandemic on mortality and health service

delivery (World Health Organization 2024a). It is a multilingual society with French

as the official language, though more than 50 languages are spoken, with Wolof

serving as the most widely used language (Reutner 2023). The country is religiously

homogeneous, with over 90% of the population identifying as Muslim and a Christian

minority of around 4% (Koter 2022). Fertility has declined steadily, from a total

fertility rate (TFR) of about 5 in 2013 to 3.8 in 2023, which is among the lower

rates in Sub-Saharan Africa. Socioeconomic challenges persist: in 2021, 18% of the

population lived below the poverty line of $3 per day. In 2023, 61% of individuals

reported using the internet (World Bank Group 2025).

Facebook penetration is estimated at around 20%, comparable to neighboring

coastal West African countries, but considerably lower than in North Africa (above

80%) and slightly higher than in Central Africa (around 10%) (Rampazzo and Weber

2020). With that, Facebook ranges among the platforms with the highest population

coverage, with Instagram and LinkedIn at 5% and X (Twitter) at only 2% (Kemp
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3 MATERIALS AND METHODS

2024). To date, only a small number of studies have used Facebook advertising to

recruit survey participants in Senegal, all during the COVID-19 pandemic. Balde,

Boly, and Avenyo 2021 studied labor market effects of the pandemic. Half of the

participants were women, which is consistent with national statistics from the 2015

National Employment Survey used as comparison data. The majority of the sample

came from urban areas, the average age of the participants was 33 years, and the

majority had a tertiary education (Balde, Boly, and Avenyo 2021). Singh et al. 2022

conducted a cross-country study on misinformation, where about half of the Sene-

gal sample were women and more than half held a university degree. UNESCO and

Canada 2020 recruited respondents in nine Sub-Saharan African cities, including

Dakar, collecting 386 responses in the capital, to assess the impact of COVID-19.

These cases illustrate both the potential of Facebook recruitment in Senegal and

its limitations, particularly its tendency to capture younger, urban, and more edu-

cated populations. Senegal provides a suitable case study for testing our estimation

approach. Like many low- and middle-income countries, it faces persistent gaps in

vital registration and administrative data, while the recent DHS round in 2023 of-

fers a high-quality benchmark for validation. The observed fertility decline reflects

a demographic transition that increases the demand for more frequent and flexible

monitoring. At the same time Facebook penetration remains modest and uneven

across urban and rural regions, making it an appropriate setting to assess whether

network reporting can mitigate under-coverage.

3 Materials and methods

This section will provide an overview of our data collection campaign, survey struc-

ture, data cleaning, benchmark data, and weighting and estimation procedures for

our fertility estimates.

3.1 Data collection: Senegal Demographic Survey

We used the Meta advertising platform to recruit survey respondents through tar-

geted ads placed on Facebook. These ads were shown to users aged 18 and older

living in all 14 regions of Senegal. Our Facebook data collection campaign ran for

between 14.10. and 20.10.2024. We chose the campaign objective “traffic” and the

optimization goal “link clicks”, this meant that Meta’s algorithm prioritized showing

our ads to users who were most likely to click on the link in the ads. This led users to

our external online survey, which was hosted on Lime Survey. Each ad was published

through a Facebook project page, which provided background information about the

research. We used two advertisement images related to social networks: one show-

ing a family and the other showing a mother-daughter portrait (see appendix figure
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3.2 Data cleaning 3 MATERIALS AND METHODS

A1). The ads were displayed in French. See Appendix Table A1 for the French ad-

vertisement text and English translations. The ads offered respondents a lottery to

win mobile phone credit worth between 2,500 and 2,900 CFA francs (between €5.25

and €6.13). To ensure balanced placement of our advertisements across regions,

sex, and age groups, we implemented a stratified Facebook advertising campaign.

Specifically, separate advertisement sets were created for each of the 14 regions in

the country and for each sex. In regions with sufficiently large user counts, these sets

were further subdivided into up to three age groups. The age ranges for the cam-

paign were aligned with those used in the Demographic and Health Survey: women

up to 49 years and men up to 54 years. The full age stratification of the campaign

is shown in appendix table A2. A total budget of 4,584€ was spent during the

advertisement campaign. The cost per link click ranged from 0.02€ in the capital,

Dakar, to 0.14€ in the more rural regions of Kaffrine and Kolda. Our ads reached

1,109,121 users and received 71,424 unique link clicks. The cost per survey started

was 5.52€ and the cost per survey in our analysis sample was 21.03€.

The questionnaire, which was implemented in French, consisted of two parts.

The first part asked respondents about their sociodemographic characteristics, in-

cluding age, gender, educational attainment, employment status, region of residence,

marital status, household size, and number of children. To ensure a comparison with

DHS data, questions about gender, age, education, and the number and ages of chil-

dren were taken from the corresponding questionnaire. The second part randomly

assigned participants to one of two network definitions. Specifically — the following

phrasing was used to measure whether respondents had either (1) shared a meal or

(2) had conversational contact with any other person the day prior to survey:

1. How many people did you have a meal with yesterday?

2. How many people did you have a conversation with yesterday?

Previous research has shown that the conversation definition tends to yield larger

networks than the meal definition (Feehan and Salganik 2016; Feehan and Cobb

2019). This is also true for our sample (see appendix table A4). After reporting the

size of their network, participants were asked to provide further details for up to three

network members. These details included most of the sociodemographic questions

initially asked of the participants, such as their age, gender, level of education,

number and age of children, and questions related to Facebook use. The full English

translation of the questionnaire is available in appendix section A.

3.2 Data cleaning

A total of 2,167 users entered the survey and proceeded past the welcome page.

Of those users, 830 answered at least one question on the first four pages before
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reaching the mandatory question about network size on page five. We excluded

cases that did not provide the necessary information for analysis. This entailed

filtering the respondent sample to include only those with complete information on

gender, age, education, and region. This reduced the sample size to 298 respondents

with complete information about their own demographics. This significant decrease

in cases may be partially attributed to the high item non-response rates observed

in the survey. Notably, up to 60% of the seen questions on the initial survey pages

were left unanswered. Respondents were then asked to report information on up

to three members of their social network with whom they had been in contact the

previous day. The initial network sample size is 474, including respondents who

had no contact. The network sample was cleaned to include complete information

on network size, gender, age, and the number and ages of children. Answers in

which respondents said they did not know this information about their network

members were also removed. Additionally, network members younger than 15 years

old in 2024 were removed. This ensures that the ages used in network estimation

correspond to the ages used to estimate fertility in the DHS: 15 to 49 years old

for women (DHS 2020). This leads to a sample size of 435 network members, and

816 reports were collected regarding the ages of their children. The final number

of respondents, with also complete information about their network member is 218

(see table 1).

Metric Value

Beyond welcome page 2,167

Started Surveys 830

Respondents sample - complete

information about themselves

298

Respondents sample - complete

information about themselves

and network member

218

Network sample 474

Network sample - complete infor-

mation

435

Network sample - reported chil-

dren

816

Table 1: Campaign metrics and survey data cleaning. Started Survey is defined as:

At least one valid response before compulsory question on page 4.
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3.3 The Demographic Health Surveys

To benchmark our Facebook-recruited survey, we compare it against the Senegal De-

mographic and Health Survey (DHS). The Demographic and Health Survey (DHS) is

a probabilistic survey that collects information on households and individuals across

Senegal (Agence nationale de la statistique et de la démographie (ANSD) [Sénégal]

and ICF 2023). All households completed a household questionnaire listing members

and identifying women aged 15–49 for individual interviews. To compare our sample

composition of the respondent and the network sample we compare our survey to

the most recent DHS from 2023. In that year 17,459 women were eligible, of whom

16,583 (95%) responded. Men aged 15–59 were interviewed in half the households,

producing 6,321 completed interviews with a 90% response rate. For comparability,

we restrict the DHS sample to households where both sexes were interviewed, re-

sulting in 12,101 respondents (6,856 women, 5,245 men) with complete information

on gender, age, region and education. DHS weights, clusters, and strata are applied

in all comparisons. We compute an additional comparison sample from the DHS

that includes internet users only. Although it would have been more appropriate

to filter the sample by social media or even by Facebook users, these questions are

not available in the DHS data. To filter the sample we use the following question:

“During the last one month, how often did you use the Internet: almost every day,

at least once a week, less than once a week, or not at all?” We excluded those who

responded “not at all”. The sample size for internet users is n = 7,762.

To compare our fertility estimates, we calculated the pooled five-year total fertil-

ity rate (TFR) and the pooled age-specific fertility rates (ASFRs) from 2018 to 2023.

We compare these rates with those calculated using the combined DHS data from

the years 2018, 2019, and 2023. We further selected this combined DHS sample to

include only women who have used the internet in the last month (n = 17,036). We

additionally calculated the ASFRs for the network member by region (“urban” and

“rural”). Due to the number of cases, it was not possible to separate the respondents

by region.

3.4 Weight calculation

For the analysis we calculate raking weights using the 2023 Demographic and Health

Survey (DHS) as an external reference. Similar approaches to calculating weights

for Facebook-recruited survey have been done previously by Soehl, Chen, and Erlich

2024 and L. R. Rosenzweig, Bergquist, et al. 2025.

First, we define a design weight for our calibration. Design weights are defined

as the inverse of the selection probability. For non-probability samples, such as

ours, the selection probability is unknown, so there is no true design weight. There-

fore, the initial design weight was set to one for all respondents (McPhee et al.
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2022). Next, we further calibrate this weight using a raking procedure. Raking,

also known as iterative proportional fitting, is a calibration technique that adjusts

survey weights to align the weighted sample with the known population’s marginal

distributions across several auxiliary variables. Unlike traditional poststratification,

which requires complete cross-classifications of auxiliary variables and can result in

empty or sparse cells, raking operates on marginal totals. It adjusts the weights

iteratively for each dimension until convergence is achieved. This approach allows

us to incorporate multiple auxiliary variables without requiring a fully populated

set of poststrata. It offers greater flexibility and stability when sample sizes within

certain subgroups are small (Valliant, Dever, and Kreuter 2018).

As auxiliary variables we use data from the DHS to align the sample with popu-

lation margins by age group (18-29; 30-41; 42+), gender (female; male), and region

(urban; rural). We also tested weighting by education, as prior research has shown

that Facebook-recruited samples in SSA are strongly skewed toward individuals with

tertiary education, a pattern that is also evident in our sample (see Section 4). How-

ever, incorporating education into the weighting procedure resulted in excessively

large weights, which introduced substantial variance into our fertility estimates. For

this reason, we had to exclude education from the final weighting scheme, acknowl-

edging that our data is biased towards higher education. Raking was implemented

in R using the “survey” and “srvyr” packages (Lumley 2017). For descriptive anal-

yses, weighted counts for each category (e.g., sex or age group) were calculated

by summing the raking weights within that category, providing an estimate of the

corresponding population total. Weighted proportions were estimated as the ratio

of the weighted total for a given category to the weighted total of the full sample,

thereby estimating the proportion of the population in that category after raking

adjustment.

3.5 Estimation of Age specific fertility rates

We calculated the pooled ASFRs and TFR from the age of the respondents and

their children by constructing retrospective birth histories using the year in which

a child was born and the age-at-birth for female respondents aged 20–49 between

2018 and 2023. The ages 18–19 were removed to make the age span comparable to

the five year age groups in the DHS, since the respondents data were only collected

from 18 years onward. Births were identified by matching reported child birth years

to the corresponding calendar year, and women contributed a single exposure record

per year. ASFRs were computed for standard five-year age groups as the number of

births divided by the number of women exposed, multiplied by 1,000. Unweighted

ASFRs were calculated using simple counts of births (B) and women exposed (N).
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ASFRunw
a =

∑
t∈T

∑
i∈a Biat∑

t∈T
∑

i∈aNiat

× 1000 (1)

Weighted ASFRs were calculated using the raking weights. In the weighted esti-

mates, births and exposure were weighted at the individual level prior to aggregation.

Weighted and unweighted rates were pooled across calendar years 2018–2023.

ASFRa =

∑
t∈T

∑
i∈a wi Biat∑

t∈T
∑

i∈a wi Niat

× 1000 (2)

Let i index individual women, a index five-year age groups (20-24; 25-29; 30-34;

40-44; 45-49), and t index calendar years. Let T denote the set of pooled calendar

years included in the analysis (2018-2023). Biat is the number of births in calendar

year t while belonging to age group a. Niat is the number of women between 20-49

in calendar year t while belonging to age group a. Let wi denote the raking weight

assigned to woman i.

The unweighted and weighted total fertility rate (TFR) was derived by summing

the ASFRs across five-year age groups and multiplying by the age-group width (5

years).

TFRunw =
∑
a

(
ASFRunw

a

1000

)
× 5 (3)

TFR =
∑
a

(
ASFRa

1000

)
× 5 (4)

Age groups a are defined in five-year intervals of width n = 5 years.

Next we calculated pooled age-specific fertility rates (ASFRs) and total fertil-

ity rates (TFRs) using information on the network member of the respondents.

This is based on the respondents reports on the number and ages of children of their

network. As in the respondent-based analysis, retrospective birth histories were con-

structed by matching reported age of children to calendar years for female network

member aged 15–49 for the years 2018–2023. Female network member contributed a

single exposure record per calendar year in which they were aged between 15–49. AS-

FRs were calculated for standard five-year age groups (15-19, 20–24, 25–29, 30–34,

35–39, 40–44, and 45–49). ASFRs were computed both unweighted and weighted

using respondent-level raking weights, and estimates were pooled across calendar

years 2018–2023.

ASFRunw
a =

∑
t∈T

∑
i

∑
j∈i,a Bijat∑

t∈T
∑

i

∑
j∈i,a Nijat

× 1000 (5)

The raking weights derived from the respondent sample were applied to the

estimation of the number of reported births and women of the network member for

the weighted ASFRs.

13
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ASFRa =

∑
t∈T

∑
i

∑
j∈i,a wiBijat∑

t∈T
∑

i

∑
j∈i,a wi Niat

× 1000 (6)

Let i index individual respondents, j index female network members reported by

respondent i, a index five-year age groups, and t index calendar years. Let T denote

the set of pooled calendar years included in the analysis (2018–2023). Bijat is the

number of births by network member j reported by respondent i in calendar year

t while belonging to age group a. Nijat is the number of female network member

between 15-49 reported by respondent i in calendar year t while belonging to age

group a. wi denote the raking weight assigned to respondent i, which is applied to

all network members reported by that respondent.

Total fertility rates (TFRs) for the network member were again derived by sum-

ming pooled age-specific fertility rates from the network member multiplied by the

width of the age interval for the unweighted and weighted estimates.

TFRunw =
∑
a

(
ASFRunw

a

1000

)
× 5 (7)

TFR =
∑
a

(
ASFRa

1000

)
× 5 (8)

Age groups a are defined in five-year intervals of width n = 5 years.

All network-based estimates were produced separately for the full sample and for

rural and urban subpopulations, based on respondents’ reported place of residence.

The disaggregation by region makes sense since urbanity is an important driver for

fertility decline in SSA (Shapiro and Tenikue 2017).

4 Results

4.1 Sample Composition: Respondents and network sample

Table 2 summarizes the composition of our respondent and network sample (weighted

using raking weights by gender, age, and region, and unweighted) and compares it

to population-representative estimates from the DHS. To better understand which

population our sample most closely reflects, we additionally compare to DHS in-

ternet users.2 Unweighted, our sample over-represents men (53%) relative to both

the general DHS population (44%) and DHS internet users (47%). After raking,

gender aligns closely with DHS population estimates (44% men, 56% women). For

age, our unweighted sample matches the DHS share of 18–29 year olds (49%), and is

slightly lower than DHS internet users (53%). We oversample ages 30–41 (37% vs.

2Ideally, we would compare to DHS social media users directly, however social media use is not

collected in the DHS. Internet use is therefore the closest proxy for online activity.
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4.1 Sample Composition: Respondents and network sample 4 RESULTS

33% DHS) and undersample respondents 42+ (13% vs. 19% DHS). This age imbal-

ance is substantially corrected with weighting. Regional composition differs more

strongly. Our unweighted sample oversamples urban respondents (62% vs. 50% in

DHS). After raking, the regional distribution aligns closely with DHS population

benchmarks. Notably, DHS internet users are also more urban (60% urban), which

is similar to our unweighted sample. The largest divergence between our sample

and the DHS is education. Only 7% of our respondents have primary education or

less (vs. 66% in DHS). We substantially over-sample respondents with secondary

(42%) and especially tertiary education (51%), compared to 27% and 7% in DHS,

respectively. DHS internet users are also more highly educated than the general

population, yet still far below our sample (10% tertiary). Applying weights reduced

the tertiary share only marginally (to 48%). These large gaps indicate the need for

education weights. However, incorporating them created extremely large weights

and increased variance in fertility estimates. Therefore, we do not weight by edu-

cation, and acknowledge that our sample substantially under-represents individuals

with primary education or less (see table 2).

Turning to our network sample, respondents report sharing meals with an av-

erage of 5.1 people, while the conversation networks are slightly larger, averaging

8.1 people (see appendix table A4). These figures are consistent with previous

research comparing these two network definitions, which also found that conver-

sation networks tend to be larger than meal networks (Feehan, Umubyeyi, et al.

2016). 6% reported no contact the previous day. Overall, the network sample aligns

more closely with the DHS population on gender and age, even prior to weighting.

Women comprise 54% of the unweighted network sample, compared to 56% in the

DHS. Age distributions are also similar: network member aged 42 and older rep-

resent 21% of the unweighted network sample versus 19% in the DHS. Education

differences remain. The network sample contains a higher share of individuals with

primary education or less (36%) than the respondent sample, yet this group is still

substantially underrepresented relative to the DHS population (66%) (see table 2).
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According to the respondents, 57% of network members use Facebook. For 22%

of network members, it was unknown whether they used Facebook. 20% of reported

network members do not use Facebook, which illustrates the additional coverage

gained through this reporting approach. These individuals could not have been

recruited directly via Facebook. The non-Facebook user add information about older

network member, ages 42 and above, and those with primary education. 41% of the

non-Facebook user are 42 years and older, compared to 21% in the whole unweighted

network sample or 19% of the DHS population. 57% of the non-Facebook user have

a primary education, compared to 36% of whole network members sample and 66%

in the DHS. This could partly be related to the age distribution, since for network

member also reporting about those below 18 was possible, however they constitute

only 6% of network member (see table 3).

Table 3.1: Facebook use of the network member.

Facebook use Count Percent

Yes 248 57.0%

No 87 20.0%

Don’t know 97 22.3%

Missing 3 0.7%

Total 435 100%

Table 3.2: Characteristics of network member by Facebook use.

Variable Category Non-Facebook Facebook

Sex Female 50.6% (44) 54.0% (134)

Male 49.4% (43) 46.0% (114)

Age 15-17 5.7% (5) 3.2% (8)

18-29 28.7% (25) 56.0% (139)

30-41 24.1% (21) 24.2% (60)

42+ 41.4% (36) 16.5% (41)

Education Primary 57.5% (50) 25.8% (64)

Secondary 27.6% (24) 43.5% (108)

Tertiary 11.5% (10) 25.8% (64)

Missing 3.4% (3) 4.8% (12)

Total 100% (87) 100% (248)

Table 3: Facebook use of the network member and characteristics by Facebook use.

Unweighted.

Next, we examine reporting patterns by comparing the characteristics of re-

spondents to those of the network members they reported. Table 4 presents the

distribution of network members by respondent characteristics, expressed as row

percentages. Female respondents reported that a majority of their network members

17



5 FERTILITY RATE ESTIMATION

were women (59%), whereas male respondents reported slightly more men (51%).

Younger respondents (18–29) reported most about network member in the same age

group (57%), middle-aged respondents (30–41) reported 34% of their network mem-

ber in their own age group, and older respondents (42+) 53%. Educational cluster-

ing is strongest among respondents with primary education (59% of their network

members also had primary education) and secondary education (45% within the

same category), while tertiary-educated respondents were more evenly distributed

across education levels but still showed a slight preference for network member with

tertiary education (32%). Overall, these patterns suggest that respondents tend

to report about network members who are similar to themselves across sociodemo-

graphic characteristics (see table 4).

Respondent Network Total

Gender

Female Male - -

Female 59.4 40.6 - - 100

Male 48.9 51.1 - - 100

Age

15–17 18–29 30–41 42+

18–29 4.5 57.0 22.9 15.7 100

30–41 4.4 44.7 34.0 17 100

42+ 0.0 28.3 18.9 52.8 100

Education

Primary Secondary Tertiary Missing

Primary 58.8 29.4 0.0 11.8 100

Secondary 38.4 45.1 6.7 9.8 100

Tertiary 31.2 33.3 31.6 3.8 100

Note: Bold values indicate that the respondent and network category match.

Table 4: Crosstabulation of respondents characteristics and their network member

(Row % of respondents). Unweighted.

5 Fertility rate estimation

In the following section we present the fertility estimation results for both respon-

dents and network members, focusing on females. We begin with total fertility rates

(TFR) to assess the accuracy of estimating overall fertility levels. We then report

age-specific fertility rates to evaluate how well our estimates capture the age-pattern

of fertility. Finally, we compare the composition of women and the distribution of
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births to diagnose whether remaining estimation error is driven more by mismea-

surement of exposure or by mismeasurement of births.

5.1 Respondents fertility estimates

Table 5 compares pooled TFR estimates for the years 2018 to 2023. The unweighted

respondent TFR (3.77) is close to the DHS benchmark (3.89). Applying raking

weights yields a slightly lower TFR (3.68), which does not move the estimate closer

to the benchmark. The DHS internet user subgroup has a substantially lower TFR

(3.46).

Data Source TFR

Respondents (Unweighted) 3.77
Respondents (Weighted) 3.68
DHS Benchmark 3.89
DHS Benchmark- Internet user 3.46

Table 5: Pooled Total Fertility Rate for respondents (2018-2023).

Note: TFR includes ages 20–49 only. For the DHS the ages 15–19 were removed

and for the respondents data the ages 18–19 were removed to make the age span

comparable (respondents data starts at age 18).

Figure 1 compares respondents age-specific fertility rates (ASFR), weighted and

unweighted, to DHS estimates for the total population and internet users. The lower

panel shows the difference between our estimates and the DHS total. Although

pooled TFRs are similar in level, the age-specific pattern diverges substantially.

The DHS exhibits the expected peak in the late 20s and early 30s (203 births per

1,000 women at 25–29 and 188 at 30–34), followed by a decline after 35 and very low

fertility at 45–49 (15 per 1,000). In contrast, both weighted and unweighted ASFRs

underestimate younger ages (45 per 1,000 at 20–24) and overestimate older ages

(167 per 1,000 at 45–49). The difference plot illustrates this shift: underestimation

occurs at 20–24 (−131 to −132), 25–29 (−94 to −99), and 30–34 (−22), while

overestimation appears at 35–39 (+32), 40–44 (+21 to +44), and 45–49 (+151).

Thus, despite a similar TFR, the age pattern is misaligned, with a clear cross-over

from underestimation at young ages to severe overestimation at older ages.

We further examine the distribution of women and births, as the misalignment

in our fertility estimates could stem from either the number of women or the num-

ber of births in our sample. Younger women (20–24) are overrepresented in our

sample (35.7% unweighted, 33.4% weighted vs. 25.4% in DHS), while older women

(45–49) are strongly underrepresented (1.1% unweighted, 1.6% weighted vs. 5.0% in

DHS). Reported births increase this pattern younger ages: 20–24 year olds account

for only 16% of births versus 28.9% in DHS, resulting in fertility estimates being
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Figure 1: Pooled age-specific fertility rates per 1,000 women (ASFR) (2018-2023)

for respondents, weighted and unweighted, compared to DHS estimates for the to-

tal population and internet users (top panel). Differences between the respondent

ASFRs and the DHS total (lower panel).
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underestimated for the younger age groups. At older ages, particularly 45–49, the

combination of few women but relatively many reported births (1.8–2.6% vs. 0.5%

in DHS) contributes to the pronounced overestimation of fertility. Across the middle

ages (25–44), differences in women and births are smaller, leading to more moderate

deviations in fertility estimates. Overall, discrepancies in age-specific fertility arise

from both misrepresentation in the number of women and in the distribution of

births, with the largest distortions at the youngest and oldest ages (see appendix

table A6).

5.2 Network fertility estimates

Table 6 presents pooled total fertility rates (TFR) for network members, overall and

by rural–urban residence. For rural network members, both unweighted (3.02) and

weighted (3.00) TFRs substantially underestimate the DHS benchmark (4.99). In

contrast, urban network members show closer alignment: the unweighted TFR is

slightly higher than the DHS benchmark (3.75 vs. 3.42), while weighting reduces it

to 3.00. Across the full network sample, the unweighted TFR is 3.33, below the DHS

estimate (4.25), and weighting increases the estimate to 3.45, partially correcting

the underestimation.

Region Network Unweighted Network Weighted DHS

Rural 3.02 3.00 4.99

Urban 3.75 3.87 3.42

All 3.33 3.45 4.25

Table 6: Pooled Total Fertility Rate for network member (2018-2023).

The age-specific fertility pattern (see figure 2) largely mirrors the regional results

from the TFR. For the full sample, the network ASFR captures the late 20s peak

(weighted 207 at 25–29; unweighted 181; DHS 203) but underestimates younger ages

(15–19: weighted 36.3, unweighted 43.6 vs. DHS 71.5) and overestimates older ages

(45–49: weighted 57.2, unweighted 76.9 vs. DHS 15.4). For rural network members

fertility is strongly underestimated at younger ages (e.g. 15–19: 45.9–55.2 vs. DHS

97.2; 20–24: 69–72 vs. DHS 218) and overestimated at older ages (45–49: 60.4–88.9

vs. DHS 21.7). Weighting has limited effect on the age pattern in both urban

and rural areas. For urban network members, our estimates show a pronounced

overestimation at the peak ages 25–29 (weighted 279, unweighted 267; DHS 171)

and at the oldest ages 45–49 (53.4 weighted, 50.0 unweighted vs. DHS 8.88). Fertility

in the early 30s (30–34: 164–167 vs. DHS 163) and at 40–44 (61.5 weighted, 55.6

unweighted vs. DHS 50.8) is relatively well aligned, resulting in an overall age

pattern that corresponds more closely to DHS than the rural estimates (see figure
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Figure 2: Pooled age-specific fertility rates per 1,000 women (ASFR) (2018-2023)

for network member, weighted and unweighted, compared to DHS estimates for the

total population by region (top panel). Differences between the respondent ASFRs

and the DHS total by region (lower panel).

2). Similar to results for the TFR this suggest that discrepancies are driven primarily

by the rural sample, whereas urban align better.

To explore the sources of these discrepancies, we examined the age-specific dis-

tribution of women and births. Across the full sample, younger women (20–24)

are overrepresented (24.0–26.4% weighted/unweighted vs. DHS 19.2%), while older

women (35–39) are underrepresented (5.7–4.6% vs. DHS 12.4%). Reported births

show the opposite pattern: younger ages are slightly underreported (e.g. 15–19:

7.9–10.9% vs. DHS 13.0), whereas older ages are overreported (45–49: 3.1–4.5%

vs. DHS 0.4). This indicates that overestimation at older ages primarily reflects

excess births relative to the number of women, while underestimation at young ages

arises from both underreported births and overrepresentation of women. Regionally,

urban overestimation at the peak (25–29) corresponds to disproportionately high re-

ported births (weighted 47.4% vs. DHS 25.5%) relative to women (21.1–21.1% vs.

DHS 15.9%), whereas rural underestimation at younger ages is driven by both fewer

births and smaller shares of women, with older ages overestimated due to excess
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reported births (see appendix tables A7 and A8).

6 Discussion

This paper examined the potential of combining a Facebook-recruited online survey

with network reporting to estimate fertility patterns in Senegal. We assessed the

demographic composition of the sample to evaluate alignment by age, gender, educa-

tion, and rural–urban residence with population level benchmark data from the 2023

Demographic Health Survey. We analyzed both respondents self-reported fertility

and fertility reported for their network members, comparing total and age-specific

fertility rates to benchmark DHS data.

In the first research question we asked:

• To what extent can a Facebook-recruited online survey, combined with network

reporting, generate a demographically balanced sample in Senegal?

Recruiting a sufficient respondent sample size proved to be a major bottleneck.

This was already apparent during pretesting, which is why we experimented with

different campaign design strategies, including the use of incentives. A key lesson

from the pretests was that offering an incentive substantially improved survey re-

cruitment and completion rates (see appendix section A0.1 for more details on the

incentive pretest). We expect that further gains in sample size and lower recruitment

cost could be achieved by changing the campaign objective from “traffic” (as used in

this study) to a “conversion” campaign. However, this comes with ethical concerns,

as Meta would need to track additional user information to learn from actual survey

completions in order to optimize the campaign (Pötzschke, Weiß, et al. 2023). De-

spite challenges in recruitment, the demographic composition of the weighted sample

aligned well with DHS benchmarks in terms of sex, age, and region. However, the

DHS distribution by education could not be reproduced, as the large education bias

did not seem feasible to address with weighting and added volatile estimates to the

fertility rates. A promising result is that the use of network reporting helped to

align the network sample to the DHS for gender, age, and education, especially

the non-Facebook user added information about those with primary education and

network member older than 42 years. This indicates that network-based extensions

may mitigate some of the biases inherent in online samples, helping to reach popu-

lations not reachable via online recruitment. Results also showed that respondents

tend to report on network members who are similar to themselves across several so-

ciodemographic characteristics. In other words, moderate network homophily was

present in our data, despite us selecting a relatively broad network definition (“had

a conversation with in the previous day” and “shared a meal with in the previ-

ous day”). There is a trade-off in selecting an appropriate network definition: the
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network must be close enough that respondents can accurately report the required

demographic/fertility information, but wide enough that it reaches beyond people

that are too similar and add new population information. Our study suggests that

our definition fell somewhere in the middle: it improved sample composition, but

also showed moderate similarities between respondents and network member. Fu-

ture survey designs may need to calibrate this definition further by experimenting

with various definitions for different topics.

In our second research question we asked:

• How accurately can such an approach estimate age-specific fertility rates (ASFR)

when compared to benchmark data?

Our results show that while this approach can reproduce overall fertility lev-

els reasonably well (TFR), age-specific fertility patterns are substantially harder

to recover. Across both respondents and network members, ASFRs systematically

underestimate fertility at the youngest reproductive ages (15–24) and overestimate

fertility at older ages (35–49). These patterns could relate to of our visibility as-

sumption, which assumes Facebook users are equally aware of women who have

given birth and those who have not. At younger ages, stigma around adolescent

or out-of-wedlock births may lead to underreporting, while older women’s fertility

may be overrepresented due to greater social visibility. Additionally, women with

children, particularly at older ages, may have larger, more stable networks, increas-

ing their likelihood of being reported. Conversely, younger mothers or those with

limited social ties may be less visible, contributing to underestimation.

Urban network ASFR estimates align most closely with DHS, particularly in the

30–44 age range, whereas rural network estimates diverge across almost the entire re-

productive span. These distortions stem from misalignment in the number of women

and births, especially at the extremes of reproductive age. Thus, even when TFR

aggregates to similar levels, the age pattern is less reliably recovered. Of course,

age misreporting could also affect the estimation, both for respondents and network

members, as has been demonstrated for mobile phone surveys in Senegal Helleringer

et al. 2023. For the respondent sample, one plausible explanation for the misalign-

ment is topic-related self-selection. Although our recruitment advertisements did

not mention fertility, but only “demographic survey”, the welcome page did specify

fertility, which may have affected who proceeded into the survey and completed it.

In addition, some of the elevated share of births reported among network members

may reflect topic–related priming of the respondents. The network fertility question

was not the first question asked about the network member, it appeared as the fifth

item, that means respondents already had an individual in mind before being asked

about their fertility. However, it is still plausible from the broader context of the

survey that respondents thought about a network member with higher numbers of
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births. This mechanism could contribute to some of the over-reporting of births in

certain age groups in the network ASFR estimates.

To address the challenge of low sample size, future work could provide all re-

spondents with incentives or consider prepaid incentives, budget permitting. L. R.

Rosenzweig and Zhou 2021 demonstrated that prepaid incentives improve respon-

dent retention in online panels recruited via Facebook in Kenya. Systematic varia-

tion in ad design and welcome text could help mitigate potential self-selection based

on topic interest. There is a trade-off between keeping ads neutral, which may re-

sult in a smaller sample size, and explicitly presenting the survey topic, which may

increase attention but also risk bias (Donzowa, Kühne, and Zindel 2025). Future re-

search could experimentally test different network definitions (e.g., weak vs. strong

ties) to optimize the trade-off between reporting accuracy and demographic diversity

in network composition. Including modules to track how respondents select network

members could further inform appropriate network definitions and improve fertility

estimates. Given that our ASFR estimates aligned more closely with DHS bench-

marks in urban areas, this approach shows more promise for further development in

urban settings, similar to COVID-19 monitoring strategies in SSA that focused on

capital cities using Facebook surveys (UNESCO and Canada 2020).

6.1 Limitations

Several limitations of our study should be acknowledged. In general, reliance on

social media recruitment raises questions of sustainability. Platforms may change

their advertising tools, access policies, or data availability at any time, potentially

limiting the reproducibility of this approach in the future. Recruitment through

Facebook is also inherently selective. The platform’s user base in Senegal is dis-

proportionately concentrated in the capital city, Dakar. While we used Facebook’s

regional targeting tools to reach participants in all 14 regions, rural residents remain

underrepresented. Moreover, because Facebook is a text-based platform, individuals

with lower literacy levels are effectively excluded from participation, which can sys-

tematically bias the sample toward more educated groups. Limitations arise from

the network reporting method itself. Respondents could only provide information

on up to three network members, which reduces disparities in reporting probabili-

ties across individuals with larger or smaller networks but does not eliminate them.

Reporting also depends on respondents’ knowledge and accuracy. Although fertility

is generally observable within close networks, misreporting remains possible.

6.2 Conclusion

This study contributes to the growing literature on digital survey methods in low-

and middle-income countries by providing one of the first applications of Facebook
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recruitment combined with network reporting to estimate fertility indicators in Sub-

Saharan Africa. Expanding the set of available data collection strategies is crucial

in low- and middle-income countries. Here we evaluated a Facebook-based survey

combined with network reporting in Senegal. Results show that network report-

ing can help to reduce some nonalignment in the demographic composition relative

to benchmark data, especially by adding information about non–Facebook users,

and can approximate overall fertility levels reasonably well. However, age-specific

fertility rates remain more difficult to recover, with systematic underestimation at

younger ages and overestimation at older ages. Future development of this approach

holds most promise in urban areas, where alignment with benchmarks is stronger,

and could be further enhanced through experimental testing of network definitions,

advertisement design, and weighting adjustments to provide timely, low-cost direc-

tional fertility information.
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7 APPENDIX

7 Appendix

(a) Ad design family at the beach (b) Ad design portrait of mother and

daughter

Figure A1: Advertisements used to recruit respondents via Facebook for the “Sene-

gal Demographic Survey” conducted in October 2024 in Senegal.

Section French English

Advertisement

text (Body)

Participez à notre enquête et courez la

chance de gagner 2 000 XOF de temps

d’antenne Internet!

Take part in our survey for a chance to

win XOF 2,000 of Internet airtime!

Advertisement

text title

Partagez votre avis ! Share your opinion!

Image text GAGNEZ des données mobiles! WIN mobile data!

Table A1: Translation of advertisement text used for survey recruitment.
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Region Men – Age Stratifi-

cation

Women – Age

Stratification

Dakar 18–29, 30–41, 42–59 18–29, 30–41, 42–49

Thiès 18–29, 30–41, 42–59 18–33, 34–49

Ziguinchor 18–29, 30–41, 42–59 No age targeting

Diourbel 18–36, 37–59 No age targeting

Fatick 18–36, 37–59 No age targeting

Kaffrine 18–36, 37–59 No age targeting

Kaolack 18–36, 37–59 No age targeting

Kolda 18–36, 37–59 No age targeting

Saint-Louis 18–36, 37–59 No age targeting

Tambacounda 18–36, 37–59 No age targeting

Matam No age targeting No age targeting

Kédougou No age targeting No age targeting

Louga No age targeting No age targeting

Sédhiou No age targeting No age targeting

Table A2: Age group targeting used for ad sets by region and gender.

Category Meal Network Conversation Network Total

Mean 5.1 8.1

No contact 8% (10) 3.2% (3) 6% (13)

1-3 24.8% (31) 25.8% (24) 25.2% (55)

4-6 38.4% (48) 22.6% (21) 31.7% (69)

7+ 28.8% (36) 48.4% (45) 37.2% (81)

Total 100% (125) 100% (93) 100% (218)

Table A4: Network size by network definition. Percentages are shown with the

absolute number of individuals in parentheses. Unweighted.
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A0.1 Insights from survey pretests

This section provides a brief overview of a pretest conducted in Dakar, Senegal,

prior to the main data collection phase. The pretest aimed to explore the effect of

offering a lottery-based incentive on survey participation and completion rates. Two

identical online advertisement campaigns were run from 15.02.2024 to 18.02.2024.

Both campaigns used Facebook’s “traffic” and “link clicks” optimization goals and

were allocated the same total budget of 358€ (equivalent to 12.50€ per advertise-

ment set). The campaigns used identical images and ad set stratification by gender

(“male”; “female”) and age groups (“18-24”; “25-44”; “45-64”, “65+”). The only

difference between the campaigns was the advertisement text, displayed in French.

One version offered an incentive lottery (English translation: “Take part in our

survey for a chance to win XOF 2,000 of Internet airtime!”), while the other ap-

pealed to respondents’ intrinsic motivation (English translation: “Join the Senegal

Demographic Survey now and make your voice heard!”).

The comparison of the two campaigns indicates that offering an incentive sub-

stantially improved recruitment outcomes. The incentive campaign generated more

completed interviews at a considerably lower cost (2.62€ per completed interview

compared to 17.93€ for the non-incentive campaign). Furthermore, it achieved a

higher completion rate among those who started the survey (81% vs. 63%). Table

?? summarizes the key campaign metrics. Overall, the pretest results suggest that

incorporating a small incentive, such as a mobile airtime lottery, can enhance both

participation and completion rates while reducing recruitment costs. These findings

informed the decision of using an incentive in the final design of the main data

collection campaign.

Incentive Campaign No Incentive Campaign

Impression 1.156.453 1.239.029

Reach 595.913 603.380

Link click 10.179 10.497

Started interviews 170 32

Start Rate 1.83% 0.21%

Completed interviews 137 20

Completion rate 80.59% 62.5%

Cost per completed interview (EUR) 2.62 17.93

% Women 51.8% 58%

Mean age 35 45

% Tertiary education 65% 72%

Table A5: Performance of the Senegal Demographic Survey incentive and no-

incentive campaigns in Dakar.
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Age group
DHS

Benchmark

Respondents

unweighted

Respondents

weighted

Difference

unweighted

Difference

weighted

Proportion of

Women

20-24 25.4 35.7 33.4 10.3 8.0

25-29 21.0 25.7 26.6 4.7 5.5

30-34 19.9 19.3 17.6 -0.6 -2.3

35-39 16.4 9.6 9.4 -6.8 -7.0

40-44 12.3 8.6 11.4 -3.7 -0.9

45-49 5.0 1.1 1.6 -3.9 -3.4

Total 100.0 100.0 100.0 0.0 0.0

Proportion of

Births

20-24 28.9 15.8 15.3 -13.1 -13.6

25-29 27.5 26.3 28.5 -1.1 1.1

30-34 24.2 31.6 29.0 7.4 4.8

35-39 14.2 15.8 15.5 1.6 1.3

40-44 4.8 8.8 9.1 4.0 4.3

45-49 0.5 1.8 2.6 1.3 2.1

Total 100.0 100.0 100.0 0.0 0.0

Table A6: Age-specific share distribution for number of women and births between

2018 and 2023 for the respondents and the DHS benchmark data.
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Age group
DHS

Benchmark

Network

unweighted

Network

weighted

Difference

unweighted

Difference

weighted

All

15-19 13.0 10.9 7.9 -2.1 -5.1

20-24 25.1 22.7 19.9 -2.4 -5.3

25-29 23.9 36.4 40.6 12.5 16.7

30-34 21.0 13.6 14.7 -7.4 -6.3

35-39 12.4 5.5 7.3 -6.9 -5.1

40-44 4.2 6.4 6.5 2.2 2.4

45-49 0.4 4.5 3.1 4.1 2.7

Total 100.0 100.0 100.0 0.0 0.0

Rural

15-19 15.2 15.3 12.6 0.1 -2.6

20-24 25.9 25.4 24.3 -0.5 -1.6

25-29 22.7 27.1 30.3 4.4 7.6

30-34 20.1 10.2 7.7 -10.0 -12.5

35-39 11.9 6.8 11.4 -5.1 -0.5

40-44 3.7 8.5 9.3 4.8 5.6

45-49 0.5 6.8 4.5 6.3 4.0

Total 100.0 100.0 100.0 0.0 0.0

Urban

15-19 9.7 5.9 4.8 -3.8 -4.8

20-24 24.2 19.6 16.9 -4.6 -7.3

25-29 25.5 47.1 47.4 21.6 21.9

30-34 22.5 17.6 19.4 -4.8 -3.1

35-39 13.1 3.9 4.6 -9.2 -8.6

40-44 4.8 3.9 4.7 -0.8 0.0

45-49 0.3 2.0 2.2 1.6 1.9

Total 100.0 100.0 100.0 0.0 0.0

Table A7: Age-specific share distribution for number of births between 2018 and

2023 for the network and the DHS benchmark data.
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Age group
DHS

Benchmark

Network

unweighted

Network

weighted

Difference

unweighted

Difference

weighted

All

15-19 24.6 23.4 21.9 -1.2 -2.7

20-24 19.2 26.4 24.0 7.2 4.8

25-29 15.9 18.8 19.8 2.9 3.9

30-34 15.0 11.4 12.7 -3.6 -2.3

35-39 12.4 4.6 5.7 -7.8 -6.7

40-44 9.3 9.9 10.5 0.7 1.2

45-49 3.7 5.5 5.5 1.8 1.8

Total 100.0 100.0 100.0 0.0 0.0

Rural

15-19 25.0 22.1 21.3 -2.9 -3.7

20-24 19.0 28.0 27.2 9.0 8.2

25-29 15.8 17.8 18.5 1.9 2.7

30-34 15.3 10.8 10.8 -4.5 -4.5

35-39 12.6 4.2 5.0 -8.4 -7.6

40-44 8.6 11.0 11.4 2.4 2.8

45-49 3.7 6.1 5.8 2.4 2.1

Total 100.0 100.0 100.0 0.0 0.0

Urban

15-19 24.1 25.6 22.5 1.5 -1.6

20-24 19.3 23.5 20.6 4.2 1.3

25-29 15.9 20.5 21.1 4.7 5.2

30-34 14.7 12.3 14.6 -2.4 -0.1

35-39 12.2 5.3 6.5 -6.9 -5.7

40-44 10.0 8.2 9.5 -1.7 -0.5

45-49 3.9 4.6 5.2 0.7 1.3

Total 100.0 100.0 100.0 0.0 0.0

Table A8: Age-specific share distribution for number of women between 2018 and

2023 for the network and the DHS benchmark data.

A Full Survey Instrument

The survey was conducted in french. The survey items listed below show the english

translation of the instrument.
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A.1 Sociodemographic Information

First, we would like to ask you some questions about you and your living conditions.

Question 1

In which year were you born?

Choose one of the following answers.

2006 2005 2004 2003 2002 2001 2000 1999 1998 1997 1996

1995 1994 1993 1992 1991 1990 1989 1988 1987 1986 1985

1984 1983 1982 1981 1980 1979 1978 1977 1976 1975 1974

1973 1972 1971 1970 1969 1968 1967 1966 1965 1964 1963

1962 1961 1960 1959 1958 1957 1956 1955 1954 1953 1952

1951 1950 1949 1948 1947 1946 1945 1944 1943 1942 1941

1940 1939 1938 1937 1936 1935 1934 1933 1932 1931 1930

1929 1928 1927 1926 1925 1924 1923 1922 1921 1920 1919

1918 1917 1916 1915 1914 1913 1912 1911 1910 1909 1908

1907 1906 1905

Question 2

What is your gender?

a) Female

b) Male

c) No answer

Question 3

What is the highest level of school you attended?

a) Primary

b) General lower secondary

c) Technical/ vocational lower secondary

d) General upper secondary

e) Technical/ vocational upper secondary

f) Tertiary

g) No schooling

h) No answer
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Question 4

What is the highest year you completed at that level?

Please choose:

1 2 3 4 5

6 7 8 9 10

11 12

Other:

Question 5

What is your current employment status?

a) Unemployed

b) In Education/ Training

c) Employed

d) Self-Employed

e) Retired

f) Other:

g) No answer

Question 6

Are you currently married or living together with someone you have a relationship

with?

a) Yes, currently married

b) Yes, living with someone

c) In relationship, but not living together

d) No, not in union

e) Other:

f) No answer

Question 7

Have you ever been married or lived together with someone with whom you had a

relationship?
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a) Yes, formerly married

b) Yes, lived with someone

c) No

d) No answer

Filter / Skip logic: Only shown if Question 6 = d.

Question 8

What is your marital status now?

a) Widowed

b) Divorced

c) Separated

d) Other:

e) No answer

Filter / Skip logic: Only shown if Question 7 = a or b.

Question 9

In which region do you mainly live?

Please choose:

a) Dakar

b) Diourbel Region

c) Saint- Louis

d) Tambacounda Region

e) Thiés Region

f) Louga

g) Fatick

h) Kaolack

i) Kolda

j) Ziguinchor
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k) Matam

l) Kaffrine

m) Kédougou

n) Sédhiou

o) Prefer not to say

p) Other:

Question 10

How would you classify the place you mainly live in?

a) Urban area

b) Rural area

c) Other

d) No answer

Question 11

How many people do usually live in your household including yourself?

Please choose:

a) 1 — I live alone

b) 2

c) 3

d) 4

e) 5

f) 6

g) 7

h) 8

i) 9

j) 10

k) 11
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l) 12

m) Prefer not to say

n) Other:

Question 12

What source of lighting does your mainly household use?

a) Electricity (Senelec)

b) Generator

c) Solar

d) Torch,

e) Gasoline lamp

f) Tempet lamp

g) Handmade kerosene lamp

h) Wood

i) Candle

j) No lighting in household

k) Other:

Question 13

What is your religion?

a) Muslim

b) Catholic

c) Protestant

d) Animist

e) Other religion

f) No religion

g) No answer
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A.2 Fertility

Now we would like to ask you about any children you have. We are interested in all

of the children that are biologically yours, even if they are not legally yours or do

not have your last name, or do not share the same household as you.

Question 14

How many children do you have in total?

If you do not have any children please choose 0.

a) 0

b) 1

c) 2

d) 3

e) 4

f) 5

g) 6

h) 7

i) 8

j) 9

k) 10

l) 11

m) 12

n) Other:

Question 15

In what month and year were the children born?

Please choose:

Month

• January

• February

• March

43
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• April

• May

• June

• July

• August

• September

• October

• November

• December

Year

2024 2023 2022 2021 2020 2019 2018 2017 2016 2015 2014

2013 2012 2011 2010 2009 2008 2007 2006 2005 2004 2003

2002 2001 2000 1999 1998 1997 1996 1995 1994 1993 1992

1991 1990 1989 1988 1987 1986 1985 1984 1983 1982 1981

1980 1979 1978 1977 1976 1975 1974 1973 1972 1971 1970

1969 1968 1967 1966 1965 1964 1963 1962 1961 1960 1959

1958 1957 1956 1955 1954 1953 1952 1951 1950 1949 1948

1947 1946 1945 1944 1943 1942 1941 1940 1939 1938 1937

1936 1935 1934 1933 1932 1931 1930 1929 1928 1927 1926

1925 1924 1923 1922 1921 1920 1919

A.3 People you had a meal with yesterday

Now we would like to ask you some questions about the people that you had a meal

with yesterday. These people could be family members, neighbors, or other people,

that you met in any venue where food or drink was consumed, including at home,

at work, at a cafe, or in a restaurant. Please note that the information you share

is anonymous and we will not try to locate or identify these people. The reason for

this question is to get an idea about the number of interactions people have.

Question 16

How many people did you have a meal with yesterday?

Choose one of the following answers. This question is mandatory. If you choose

“Other:’” please also specify your choice in the accompanying text field.
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a) 0

b) 1

c) 2

d) 3

e) 4

f) 5

g) 6

h) 7

i) 8

j) 9

k) 10

l) 11

m) 12

n) 13

o) 14

p) 15

q) Other:

Question 17

You just stated that you did not have a meal with anyone yesterday. How did you

mostly spend your day yesterday?

Choose one of the following answers.

a) Working

b) Education (e.g. research, homework, etc.)

c) Traveling

d) Being sick

e) Housework (e.g. cleaning, laundry, etc.)
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f) Maintenance (e.g. building, gardening, etc.)

g) Arts and craft hobby (e.g. writing, collecting, etc.)

h) Using media (e.g. watching television, listening to music, surfing the internet,

reading, etc.)

i) Competing in individual sports (e.g. running, swimming, hiking, etc.)

j) Relaxing (e.g. being at home)

k) Sleeping

l) Other

m) Prefer not to say

n) No answer

Filter / Skip logic: Only shown if Question 16 = a.

A.4 People you had a conversation with yesterday

Now we would like to ask you some questions about people with whom you had a

conversation yesterday. By conversation, we mean any two-way conversation with

three or more words in the physical presence of the other person. Please note that

the information you share is anonymous and we will not try to locate or identify

these people. The reason for this question is to get an idea about the number of

interactions people have.

Question 18

How many people did you have a conversation conversational contact yesterday?

Choose one of the following answers. This question is mandatory. If you choose

“Other:’” please also specify your choice in the accompanying text field.

a) 0

b) 1

c) 2

d) 3

e) 4

f) 5
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g) 6

h) 7

i) 8

j) 9

k) 10

l) 11

m) 12

n) 13

o) 14

p) 15

q) Other:

Question 19

You just stated that you had no conversation with anyone yesterday. How did you

mostly spend your day yesterday?

Choose one of the following answers.

a) Working

b) Education (e.g. research, homework, etc.)

c) Traveling

d) Being sick

e) Housework (e.g. cleaning, laundry, etc.)

f) Maintenance (e.g. building, gardening, etc.)

g) Arts and craft hobby (e.g. writing, collecting, etc.)

h) Using media (e.g. watching television, listening to music, surfing the internet,

reading, etc.)

i) Competing in individual sports (e.g. running, swimming, hiking, etc.)

j) Relaxing (e.g. being at home)

k) Sleeping
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l) Other

m) Prefer not to say

n) No answer

Filter / Skip logic: Only shown if Question 16 = a.

A.5 First person you had a meal with yesterday

Now we would like to ask you a few questions about the people you had a meal with

yesterday. Please start with the first person who comes to mind. Note that we will

repeat the same questions for up to 3 of the people you had a meal with yesterday.

We will not try to locate or identify this person.

Question 20

Do you think this person has used Facebook in the past 30 days?

a) Yes

b) No

c) Don’t know

d) No answer

Question 21

Does this person own a mobile phone?

a) Yes

b) No

c) Don’t know

d) No answer

Question 22

What is the gender of this person?

a) Female

b) Male

c) No answer
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Question 23

How old is this person in years?

If you do not know the age please make your best guess.

a) Numeric input (years), integer

b) Valid range: 0–80+

Question 24

Now we would like to ask about any children this person has. We are interested in

all of the children that are biologically theirs, even if they are not legally theirs, do

not have the same last name, or share their household. How many children does

this person have in total?

If you don’t know please make your best guess.

a) Don’t know

b) 0

c) 1

d) 2

e) 3

f) 4

g) 5

h) 6

i) 7

j) 8

k) 9

l) 10

m) 11

n) 12

o) Other:

Question 25

How old are these children?
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• Response type: Numeric entry (years)

• Valid range: 0–80+

Question 26

What is the highest level of school this person has attended?

a) No schooling attended

b) Primary

c) General lower secondary

d) Technical/ vocational lower secondary

e) General upper secondary

f) Technical/ vocational upper secondary

g) Tertiary

h) I don’t know

i) Other:

j) No answer

Question 27

What is this person’s current marital status?

a) Married

b) Divorced

c) Separated

d) Widowed

e) Single

f) I don’t Know

g) No answer

Question 28

Do they or does any member of their household own a moped, motorcycle or scooter?

a) Yes
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b) No

c) Don’t know

d) No answer

A.6 Contact: This question is an attention check to ensure

that you are not distracted.

Question 28

What is the capital of Senegal?

a) London

b) Dakar

c) Rome

d) Manila

e) No answer

Filter / Skip logic: Only shown if Question 16 or Question 18 is ≥ 2.

A.7 Second person you had a meal with yesterday

Now we would like to ask about the second person that you had a meal with yes-

terday that you thought of. We will not try to locate or identify this person.

Repetitions for the same questions (Question 20 to 28) for second network mem-

ber. Only shown if Question 16 is ≥ 2

A.8 Third person you had a meal with yesterday

At last, we ask you to think about the third person that came to your mind. We

will not try to locate or identify this person.

Repetitions for the same questions (Question 20 to 28) for second network mem-

ber. Only shown if Question 16 is ≥ 3
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A.9 First person, you had a conversation with yesterday

Now we would like to ask you a few questions about the people you had a conversa-

tion with yesterday. Please start with the first person that comes to mind. Note that

we will repeat the same questions for up to 3 of the people you had a conversation

with yesterday. We will not try to locate or identify this person.

Repetitions for the same questions (Question 20 to 28) for second network mem-

ber. Only shown if Question 18 is ≥ 1

A.10 Second person, you had a conversation with yesterday

Now we would like to ask about the second person that you had a conversation with

yesterday that you thought of. We will not try to locate or identify this person.

Repetitions for the same questions (Question 20 to 28) for second network mem-

ber. Only shown if Question 18 is ≥ 2

A.11 Third person you had a conversation with yesterday

At last, we ask you to think about the third person that came to your mind. We

will not try to locate or identify this person.

Repetitions for the same questions (Question 20 to 28) for second network mem-

ber. Only shown if Question 18 is ≥ 3
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