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Abstract

This thesis explores novel approaches for the estimation of demographic outcomes in con-

texts where data are limited.

In the first part, we investigate the potential of an emerging non-traditional data source

for demographic research: online genealogies. Harnessing FamiLinx, a big genealogical

database with over 86 million observations, we show that the availability of accurate and

non-missing demographic information in online genealogical data is selective. Our findings

reveal that individuals with a non-missing value in a demographic variable are more likely

to present non-missing data in the other demographic variables, and to be embedded in

family networks, whose members exhibit demographic information of superior quality and

completeness.

In the second part, we develop a Bayesian method for estimating the total fertility rate

(TFR) indirectly from defective data. By combining online genealogical data from FamiL-

inx populations with information from more reliable sources, the proposed method allows

to obtain TFR estimates for seven European countries and the US during the historical

period 1751 − 1910, a time when many of these countries lacked well-functioning civil

registration systems.

In the third part, we build a Bayesian model for the estimation of subnational male and

female TFRs. Using real data from the United States and simulated data from Australia,

we demonstrate that the proposed method can produce reasonably accurate TFR esti-

mates in contexts, such as small areas, where data tend to be sparse and highly variable.

Throughout the second and third parts of this thesis, we leverage indirect estimation

techniques within a flexible Bayesian modeling framework. This approach allows to in-

corporate multiple data sources, to capture regularities in demographic trends over time

and space, and to account for uncertainty.
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Chapter 1

Introduction

1.1 Overview

Starting from the early 1990s, massive technological improvements in information storage

and computing have led to a ’data revolution’ (Hilbert and López, 2011). The emergence

of the ’big data’ era has radically reshaped demography as a discipline (Kashyap, 2021).

Since its inception with the seminal study ’Natural and Political Observations Made

upon the Bills of Mortality’ by Graunt (1662), the field of demography has been devoted

to the employment of large-scale population data and the repurposing of imperfect data.

Nonetheless, the explosion in the volume and in the variety of data, encouraged by

the unprecedented technological progress of the last three decades, has given rise to

unprecedented developments in the field of demography along three distinct dimensions.

First, demographic data have become increasingly granular and diverse, with novel

opportunities for data linkage that have strengthened the capabilities of traditional big

population data sources, such as censuses, administrative records and surveys (Kashyap,

2021). Second, there has been a growing interest in the analysis of population processes

using new ’big data’, such as digital trace data generated through Internet and social

media (Billari and Zagheni, 2017; Alburez-Gutierrez et al., 2019; Kashyap and Zagheni,

2023). Third, the emergence of sophisticated computational methods has enabled not

only to obtain more accurate estimates of demographic processes compared to traditional

demographic methods but also to quantify their uncertainty. In this regard, machine

learning and Bayesian statistics have acquired unprecedented prominence in demographic

1
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research. The former has provided population scientists with statistical approaches for

linking data sets by common variables (Abramitzky et al., 2020, 2021) and for producing

predictions of demographic outcomes (Arpino et al., 2022). The latter has flourished

because of its ability to integrate multiple data sources and to handle uncertainty in

a coherent manner (Bijak and Bryant, 2016). Applications of Bayesian modeling in

demographic studies include the estimation of demographic outcomes in presence of

limited data (Alexander et al., 2017, 2020; Rampazzo et al., 2021; Alexander and Alkema,

2022; Chong and Alexander, 2024), demographic forecasting (Raftery et al., 2012, 2013;

Yu et al., 2023) and the employment of sophisticated and structured models for the

examination of complex population dynamics (Poole and Raftery, 2000; Wheldon et al.,

2013).

In light of these reflections, a number of research questions arise.

(a) What are the promises and pitfalls of using non-traditional data sources in demog-

raphy?

(b) How can we measure the quality and the completeness of their demographic infor-

mation?

(c) How can we measure demographic outcomes, such as fertility, accurately in situa-

tions where data are limited?

(d) How can we coherently handle uncertainty in demographic estimates originating from

defective data?

This thesis is a collection of three papers that have the overarching aim to address these

research questions1. The first paper offers a detailed examination of an emerging non-

traditional data source for demographic research: online genealogies. This data source

originates from websites where a transnational network of users reconstructs their own

family trees, often including essential demographic information about their ancestors, such

as birth and death dates and locations. Due to the inclusion of individuals, who lived in

distinct historical periods and countries, online genealogies could serve as an alternative

1Although the papers share some similarities, they are designed to be read and interpreted indepen-
dently.
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historical census. However, unlike official population censuses, online genealogies are not

a representative picture of the general population, as they are not primarily designed for

demographic research. Hence, to accurately measure demographic outcomes from online

genealogical data, it is essential to employ appropriate bias-correcting statistical methods.

Building on the methodological framework by Schmertmann and Hauer (2019), the sec-

ond paper develops a Bayesian method for estimating historical fertility patterns in seven

European countries and the United States, combining online genealogical data with more

trustworthy data sources, such as censuses and population registers. The third paper

extends the same modeling framework by Schmertmann and Hauer (2019) to estimate

subnational male and female fertility in contexts with small populations and highly vari-

able data. Broadly speaking, both the second and third papers tackle fertility estimation

in situations where the available data are imperfect. In this regard, Bayesian modeling

proves to be an invaluable tool due to its ability of combining the limited available data

with plausible information coming from prior distributions, while taking uncertainty into

account.

The remainder of the introduction is structured as follows. First, the research objectives

of the thesis are described. Next, we provide a brief summary of the main topics of the

thesis, including online genealogies, fertility estimation and Bayesian modeling for demo-

graphic estimation. Finally, a summary of the main contributions of the three papers is

provided.

1.2 Research Aim

The overarching goal of this thesis is to address the challenges associated with the use

of non-traditional and imperfect data sources in demography. As a growing number of

demographers turn to digital and other non-traditional data sources for their own re-

search, a careful assessment of the demographic information that these sources provide

is needed. Demographic variables, such as birth and death locations and dates, are vital

for measuring demographic processes, making it crucial to investigate both their share of

missing values and their accuracy. The employment of defective data with a high share of
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missing values in demographic research can lead to biased demographic estimates that fail

to capture the true population trends. Hence, it is imperative to develop ad-hoc statistical

methods that enable the estimation of accurate demographic indicators from inherently

defective data sources while accounting for their limitations.

One objective of this thesis is to evaluate the potential of non-traditional data sources in

demography, using online genealogical data as a case study. This investigation has led

to the development of indicators designed to measure the completeness and quality of

demographic information derived from such data. In addition, since individuals from this

data source are embedded in family networks, the concept of completeness and quality

are also investigated not only at an individual level but also at a family level.

Another key goal of this thesis is to develop statistical methods for the estimation of de-

mographic outcomes in data-sparse contexts. In this thesis, we aim to develop a Bayesian

methodological framework that produces fertility estimates in settings where the avail-

able data are limited. By allowing for the incorporation of multiple data sources and for

their uncertainty, Bayesian modeling provides a valuable methodological framework for

the estimation of demographic outcomes with imperfect data.

In particular, we extend an existing Bayesian method by Schmertmann and Hauer (2019)

to estimate fertility from online genealogical data in combination with more trustworthy

data sources in the second paper of this thesis. We further adapt this method to produce

subnational fertility estimates for both men and women in the third paper of this thesis.

Broadly speaking, this thesis provides a detailed analysis of the promises and pitfalls of

using online genealogies for demographic research and introduces novel statistical methods

for fertility estimation in contexts where data are limited.

1.3 Key Concepts

1.3.1 Online Genealogies

Since its inception, one of the defining features of demography has been the repurposing

of non-traditional data sources for the study of demographic dynamics (Kashyap,
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2021), with genealogies representing a prime example. Genealogies are constructed

retrospectively, as individuals trace back their own ancestors, generally by compiling the

data themselves. After incorporating the descendants and the collateral relatives of the

ancestors into the family tree, a genealogy can be continuously updated to mirror births,

marriages and deaths occurring among the present and future members of the family

(Hollingsworth and Hollingsworth, 1976).

(a) Home page (b) Family tree

Figure 1.1: (a) Home page of the website geni.com and (b) Example of a family tree from
geni.com

During the last three decades, the digital revolution has facilitated the spread of on-

line platforms, known as online genealogies, where a transnational network of users can

reconstruct their own family trees and upload demographic information for each of their

ancestors. Popular websites include familysearch.org, geni.com and ancestry.com.

Online genealogies represent a milestone in family history and historical demography, in-

centivizing the process of ’democratizing’ the access to genealogical information. Once a

privilege of the wealthy, online genealogies became more accessible with the proliferation of

modern censuses and population registers in the late 18th and early 19th centuries, which

allowed for the systematic recording of basic demographic information about individuals

from a broader range of social classes. Nowadays, online genealogies enable people of all

backgrounds to reconstruct their family history and provide researchers with an unprece-

dented wealth of demographic information about individuals across different countries and

historical periods (Stelter and Alburez-Gutierrez, 2022; Colasurdo and Omenti, 2024).

However, online genealogies are not exempted from limitations. First, individuals recorded

in online genealogies tend to experience higher survival rates compared to the general pop-

https://www.geni.com
https://www.geni.com
https://www.familysearch.org/it/
https://www.geni.com
https://www.ancestry.com
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ulations. As online genealogies are generally constructed retrospectively, more longevous

individuals have a higher probability of being recorded. On the contrary, as noted by

Hollingsworth and Hollingsworth (1976), women, childless individuals, and individuals

dying at young ages are generally underrepresented. Second, online genealogies tend to

over-represent individuals coming from families of higher historical relevance and socio-

economic status. It is well-known that individuals, whose ancestors were historically

relevant figures or part of wealthy families, are facilitated in the reconstruction of their

family history (Hollingsworth and Hollingsworth, 1976). For instance, harnessing a big

genealogical database, FamiLinx, which was created by Kaplanis et al. (2018) by scraping

data from the website geni.com, Stelter and Alburez-Gutierrez (2022) showed that male

mortality patterns before the end of the 19th century in the Netherlands and Germany

resembled those of elite groups in both territories. Third, since online genealogies were

not primarily designed for demographic research, the accuracy of their demographic in-

formation depends on the knowledge of the user compiling the family tree (Colasurdo

and Omenti, 2024). Fourth, the ascending construction of the family trees reduces the

probability of including more distant ancestors (Calderón Bernal et al., 2023). Despite

these limitations, the vast majority of the previous demographic studies using online ge-

nealogies have operated under the assumption that this data source is representative (Hsu

et al., 2021; Cozzani et al., 2023; Pojman et al., 2023; Blanc, 2024a,b; Corti et al., 2024).

The first and second papers of this thesis address crucial gaps in the use of online genealo-

gies for demographic research. The first paper investigates the extent to which populations

scientists can employ online genealogies for demographic research by analyzing the com-

pleteness and the accuracy of their demographic variables at both individual and family

levels. The second paper develops a Bayesian model for fertility estimation by combing

online genealogical data with more trustworthy data sources.

https://www.geni.com
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1.3.2 Fertility Estimation

Fertility estimation is an essential part of this thesis, as both the second and third

papers aim to produce fertility indicators in data-limited contexts. In this subsection, we

provide a brief introduction of fertility estimation in demography.

In demography, fertility data are usually provided in the form of live births occurring to

women across distinct reproductive age groups (usually covering the reproductive age

span 15 − 49) and the corresponding population of women at risk of giving birth.

The focus of the estimation has generally been towards the calculation of age-specific

fertility rates (ASFR), which denote the number of live births per women in a certain

age-group per time. One of the most widely recognized fertility indicators is the TFR

that is obtained by summing over the age-specific fertility rates. The TFR is interpreted

as the average number of children that are born to a woman over her lifetime, if they

were to experience the exact current age-specific fertility rates (ASFRs) throughout their

lifetime, and they were to live from birth until the end of their reproductive life (Wachter,

2014)2.

In human populations, fertility is a complex and dynamic process, shaped by a wide

range of social, economic and biological factors (Balbo et al., 2013). Human fertility is

influenced by two major components: tempo (i.e., timing of childbearing) and quantum

(i.e., total number of children). The TFR is the most commonly used measure of the

fertility quantum, whereas the mean age at childbearing (MAB) is one of the most

important measures of fertility timing. The MAB is the average age of mothers at the

birth of their children, assuming women were to experience throughout their lives the

age-specific fertility rates observed in a given year.

2These fertility indicators are period-based measures. However, they can be equivalently defined from
a cohort perspective.



8 1. Introduction

0.0

0.1

0.2

15 20 25 30 35 40 45

Age

A
S

F
R

Year
1940 1960 1980 2000 2020

2.0

2.5

3.0

3.5

15

20

25

30

19
33
19

40
19

50
19

60
19

70
19

80
19

90
20

00
20

10
20

21

Year

T
F

R

M
A

B

MAB TFR

Figure 1.2: ASFR, TFR and MAB in the US during the period 1933-2021. Data are from the
Human Fertility Database.

As a woman can bear more than one child during her reproductive ages, a substan-

tial effort in fertility research has been devoted to the estimation of transitions from

lower-order births to higher-order births. The most common demographic indicator for

estimating such transitions is represented by the parity progression ratio (PPR), which

measures the proportion of women with a certain number of children who go on to have

another child. Unlike the TFR and the MAB, PPR is generally measured by cohort rather

than by period.
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Figure 1.3: Parity Progression Ratios for US women born between 1918 and 1971. Data are
from the Human Fertility Database.

Nonetheless, the calculation of the previous indicators via standard demographic tech-

niques generally require either live births stratified by maternal ages (TFR, MAB) or live

births classified by maternal ages and parity (PPR). In case unavailability of such de-
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tailed information, demographers must opt for alternative measurement techniques such

as indirect estimation.

1.3.3 Indirect Fertility Estimation

Indirect estimation is also a crucial component of this thesis. In this regard, the Bayesian

methodological framework of the second and third papers builds on the idea that we can

estimate the TFR indirectly without the need of knowledge about the number of live

births classified by parental ages. This subsection provides a brief overview of indirect

estimation for fertility estimation in demography.

Despite the unprecedented improvements in data collection over the past three decades,

the availability of high-quality birth data is not always guaranteed. Many developing coun-

tries still lack high-quality vital registration systems and timely nationally-representative

surveys. Meanwhile, register and census data from developed countries may not always

provide direct access to data needed for the calculation of specific demographic indicators,

especially at a subnational level. For instance, if a country does not disclose information

on the number of births classified by maternal ages within its regions, it becomes unfea-

sible to estimate subnational TFRs using standard demographic techniques.

In the contexts where data are limited or lacking, demographers have often relied on

indirect estimation methods. As stated by the United Nations in their 1983 manual (UN-

DESA, 1983), indirect estimation refers to ’techniques suited for analysis of incomplete

or defective demographic data’. Several indirect estimation methods have been developed

to obtain fertility indicators from incomplete data. One of the most well-known is the

own-children method (OCM), which was first introduced in the 1960s by Grabill and Cho

(1965). The OCM consists in reconstructing women’s fertility behavior from censuses

in absence of retrospective birth histories. It relies on the principle of reverse survival,

meaning that children aged x at time t are survivors of births that occurred x to x+1

years before. Similarly, exposed women are back-survived to time when children of age x

were born. This method has been widely applied in historical demography to study fertil-

ity dynamics in historical populations (Breschi et al., 2003; Garrett et al., 2010; Scalone
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and Dribe, 2017; Reid et al., 2020) as well as for the estimation of fertility experienced

by minority groups in contemporary populations (Abbasi-Shavazi and McDonald, 2000;

Dubuc, 2009).

More recently, Hauer et al. (2013) developed an indirect estimation method that allows

to approximate the TFR with minimal input, namely, the number of children aged 0-4

and of women aged 15-49. This method produced accurate TFR estimates, especially

in countries with the low child mortality. A refined version of this indirect estimation

method, which also accounts for child mortality, was introduced by Hauer and Schmert-

mann (2020).
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Figure 1.4: Comparison between the indirect TFR estimates based on methods from Hauer
et al. (2013) and Hauer and Schmertmann (2020), and TFR estimates taken from the United
Nation World Population Prospects (UNDESA, 2024) for the period 1950 − 2023.

One of the major drawbacks of indirect estimation is its inability to account for the

reliability of the data sources and for the stochastic nature of demographic processes.

While obtaining numerical estimates of demographic trends from incomplete data is es-

sential, it is equally important to assess the uncertainty surrounding these estimates. To

overcome this challenge, Bayesian methods have shown much promise as they allow for

the use of indirect estimation methods while accounting for the uncertainty coming from

the different sources as well as the randomness of the demographic processes (Bijak and
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Bryant, 2016).

In the context of Bayesian indirect estimation, Schmertmann and Hauer (2019) proposed

a Bayesian version of the indirect method by Hauer et al. (2013). This approach pro-

vides accurate TFR estimates along with their associated uncertainty while accounting

for mortality experienced by children under 5 and women aged 15-49. The second and

third papers of this thesis extend the methodological framework by Schmertmann and

Hauer (2019) and consistently compare the new estimates with those obtained from other

indirect methods.

1.3.4 Male Fertility Estimation

The third paper of this dissertation deals with the estimation of male fertility. Unlike fe-

male fertility, male fertility has received much less attention in the context of demographic

research (Coleman, 1995). A lack of focus on male fertility in data collection efforts has

been attributed to two major factors. First, the definition of the female population at risk

of childbearing is more precise and limited within a specific age range, generally women

aged 15-49 (Coleman, 1995). Second, in many settings, women have shown a greater

availability to respond to surveys (Greene and Biddlecom, 2000). Nonetheless, limiting

the fertility research to women can lead research scientists to ignore the specificities of

male reproductive behavior or to assume that men and women display similar fertility

patterns (Schoumaker, 2019).

Previous research (Dudel and Klüsener, 2016; Schoumaker, 2017, 2019) has shed new light

on the distinct fertility patterns experienced by men in comparison to women. Specifi-

cally, these studies have underlined that the age-specific fertility curves of men and women

tend to be fairly similar, even though the reproductive age period is larger among men.

The total level of fertility has been shown to vary by sex. In low-fertility countries, male

and female TFRs tend to be very close to one another, with women experiencing slightly

higher fertility levels (Dudel and Klüsener, 2016, 2021; Dudel et al., 2023). In high-fertility

settings, Schoumaker (2019) demonstrated that the male TFR can be up to 50% higher

than the female TFR. In addition, non-negligible differences between men and women
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have been also observed in terms of age at childbearing. For instance, in high-income

countries, the age at fatherhood tends to be 3-4 years higher than the age at motherhood

(Dudel and Klüsener, 2016, 2021). This difference can be as high as 12 years in certain

developing countries as noted by Schoumaker (2017).

DEN

ESPEST

FIN

ITA

POL

PRT

SWE

UK

USA

0.90

0.95

1.00

1.05

1.10

19
68
19

70
19

75
19

80
19

85
19

90
19

95
20

00
20

05
20

10
20

16

Year

T
F

R
 R

at
io

A

DEN

ESP

EST

FIN

ITA

POL

PRT

SWE
UK

USA

2.4

2.8

3.2

3.6

19
68
19

70
19

75
19

80
19

85
19

90
19

95
20

00
20

05
20

10
20

16

Year

M
A

B
 D

iff
er

en
ce

B

Figure 1.5: (A) Ratio of male TFR to female TFR during period 1968-2016 for 10 selected
countries (B) Difference between mean age at fatherhood and mean age at motherhood during
period 1968-2016 for 10 selected countries. The indicators were computed using data from the
Human Fertility Collection.

Concerning the measurement of male fertility, previous research has developed meth-

ods to compute common male fertility indicators, that is TFR and MAB, from either birth

registers (Dudel and Klüsener, 2016) or nationally representative surveys (Schoumaker,

2017). Dudel and Klüsener (2016) relied on data from birth registers of developed

countries, imputed the missing ages at fatherhood using common imputation methods

and computed the previous fertility indicators via standard demographic techniques.

Schoumaker (2017) relied on Demographic and Health Surveys (DHS) data and used

imputation techniques to infer the missing paternal ages. To compute the male fertility,

Schoumaker (2017) developed a “masculine” version of the OCM method. Overall, both

of these methods produce accurate male fertility indicators if accurate information on

parental ages for a certain country are available. For this reason, it is essential to develop

statistical methods that allows for the estimation male fertility indicators in contexts,
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where detailed birth data are not available, while also accounting for the incompleteness

of the data sources being used.

1.3.5 Bayesian Modeling

Bayesian methods for demographic estimation represent another fundamental topic of this

dissertation. In the second and third papers, we develop Bayesian methods to produce

TFR estimates and their corresponding uncertainty in contexts with limited data. This

subsection provides a brief overview of Bayesian modeling and of its usefulness for demo-

graphic estimation.

Over the last three decades, the increasing computational power has determined a surge

in the employment of Bayesian methods in statistical modeling. In traditional frequentist

methods, the observed data x are modelled using a likelihood function f(x∣θ) that de-

pends on some fixed parameters θ. The goal is to estimate the parameters θ so that the

observed data are the most probable. Conversely, Bayesian methods treat the parameters

θ as random variables by assigning them prior probability distributions. The objective

of Bayesian methods is to estimate the posterior probabilities for the parameters θ us-

ing a combination of the observed data and prior beliefs about the parameters’ values.

More formally, according to the Bayes rule, the posterior probability distribution of the

parameters θ given the observed data x, f(θ∣x), is expressed as follows

f(θ∣x) = f(x∣θ) ⋅ f(θ)
f(x) (1.1)

where f(x; θ) is the likelihood function, f(θ) is the prior distribution of the parameters

θ and f(x) is the marginal probability of the data. In most Bayesian models, priors are

usually hierarchical, i.e., the parameters governing the priors are themselves given hyper-

priors governed by hyper-parameters (Gelman et al., 1995).

A key advantage of Bayesian modeling is that the outcome of analysis is a probability

distribution, which can be summarized in more intuitively meaningful ways (Bijak and

Bryant, 2016). For example, 95% Bayesian credible intervals represents a 95% probabil-
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ity of containing the true value of the parameter; a more straightforward probabilistic

interpretation than frequentist confidence intervals, which refers to the proportion of hy-

pothetical intervals that would contain the true value if the study were to be repeated

many times.

The posterior estimates of the parameters θ, which are summary statistics, usually means

or medians, from their corresponding posterior distributions, are a combination of the

information in the prior and what it is observed in the data. The less informative the

priors assigned to the parameters θ are the more dependent the posterior estimates are on

the observed data. When the observed data are sparse or limited, the Bayesian estimates

tend to be more heavily influenced by the information in the priors.

θ ~ N(2.5, 1002)

0.0

0.5

1.0

1.5

2.0

1.5 2.0 2.5 3.0 3.5
θ

uninformative prior likelihood posterior

A

θ ~ N(2.5, 12)

0.0

0.5

1.0

1.5

2.0

1.0 1.5 2.0 2.5 3.0 3.5
θ

weakly informative prior likelihood posterior

B

θ ~ N(2.5, 0.012)

0

1

2

3

4

1.0 1.5 2.0 2.5 3.0 3.5
θ

informative prior likelihood posterior

C

Figure 1.6: Simulated TFR distribution for n =20 randomly selected countries in 2022 with
mean θ and known variance σ2 = 1 (TFRc ∼ N(θ,12)). Panel (A) shows the posterior distribution
for θ∣TFR assuming an informative prior on θ. Panel (B) shows the posterior distribution for
θ∣TFR assuming a weakly informative prior on θ. Panel (C) shows the posterior distribution for
θ∣TFR assuming an informative prior on θ. TFR estimates are taken from the United Nations
World Population Prospects (UNDESA, 2024).

In the context of demography, Bayesian methods were first applied to produce popula-

tion forecasts with uncertainty (Daponte et al., 1997; Booth, 2006). Further advancements

in Bayesian population forecasting were implemented by Alkema et al. (2011) and Raftery
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et al. (2012), whose population projection estimates were adopted by the United Nations

Population Divisions. In parallel, researchers have increasingly applied Bayesian methods

for producing estimates and forecasts of all the major demographic processes, including

mortality (Girosi and King, 2008; Alkema and New, 2014; Raftery et al., 2013; Alexan-

der et al., 2017; Schmertmann and Gonzaga, 2018; Chong et al., 2022; Alexander and

Root, 2022), fertility (Schmertmann et al., 2014, 2013; Ellison et al., 2020, 2024; Alkema

et al., 2011; Schmertmann and Hauer, 2019; Batyra et al., 2023) and migration (Bijak

and Wiśniowski, 2010; Disney et al., 2015; Alexander et al., 2020; Rampazzo et al., 2021;

Bijak, 2022; Aparicio Castro et al., 2024).
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Figure 1.7: Median TFR estimates from United Nations World Population Prospects (UN-
DESA, 2024) during the period 1950-2100 in US, India and Nigeria. Uncertainty in the TFR
forecasts is incorporated by including the upper and lower limits of the 80% and 95% credible
intervals for the forecasting period 2024-2100.

Bayesian methods provide several advantages in demographic estimation. First, mul-

tiple sources of uncertainty can be incorporated within a single modeling framework. Pos-

sible sampling and non-sampling errors in the observed data as well as the randomness of

the demographic process are captured by the likelihood, whereas parameter uncertainty is

introduced by using priors. Indeed, Bayesian methods not only allow to combine different
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data sources within a single modeling framework but also to account for the reliability of

each of these sources.

Second, prior information on the parameters can be incorporated into the model. This

feature is especially valuable when the observed data are limited or defective. For in-

stance, if fertility in a country was being estimated from defective data within a Bayesian

framework, more robust fertility estimates could be produced by calibrating priors with

information from more trustworthy data sources either from the same country or other

countries with similar fertility patterns.

Third, the hierarchical nature of many Bayesian models allows to flexibly capture regular-

ities over age, time and space. For example, in the context of fertility estimation, spatial

and temporal auto-correlations in fertility trends could be captured by placing time-series

and spatial models on the relevant parameters.

Overall, Bayesian methods represent a flexible and powerful framework for performing

demographic estimation in various contexts.

1.4 Main Contributions of the Thesis

1.4.1 Online Genealogical Data for Demographic Research

The first paper of this thesis examines the strengths and weaknesses of online genealogical

data for demographic research. Online genealogical data arise from the collaborative

efforts of users willing to reconstruct their own family trees. Specifically, this project

relies on FamiLinx, a big crowd-sourced genealogical database, that was developed by

Kaplanis et al. (2018) by scraping data for over 86 million profiles from the website

geni.com. This data source records demographic variables, including birth and death

dates and locations, and kinship ties for individuals that lived in the last 400 years mostly

in the Global North (Kaplanis et al., 2018). In this paper, we show that the share

of missing values in the reported demographic variables is selective. Individuals with

a non-missing demographic variable are more likely to have non-missing values in the

other demographic variables. This finding underlines the importance of a careful sample
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selection when using FamiLinx for the study of population dynamics. This thesis also

reveals that individuals with more complete and accurate demographic information tend

to be embedded within family networks of individuals whose demographic variables are

of higher accuracy and completeness. In addition, a comparison with more trustworthy

data from Human Mortality Database (Wilmoth et al., 2007), reveals that populations

from FamiLinx experience lower mortality than the general population in alignment with

previous findings by Stelter and Alburez-Gutierrez (2022).

To conclude, this paper can be regarded as a guide for other researchers interested in

harnessing online genealogical data for demographic research.

1.4.2 Correcting Fertility in Online Genealogical Data

The second paper introduces a methodological framework to estimate fertility from de-

fective data using data from FamiLinx as an example.

Building on the Bayesian modeling framework by Schmertmann and Hauer (2019), this

research paper combines FamiLinx data with more traditional data sources to compute

accurate TFR estimates in seven European countries and the United States of America

during the historical period 1751 − 1910.

The original model by Schmertmann and Hauer (2019) allows to estimate the TFR using

a minimal data input: the number of children under 5, the number of women aged 15-49

and the probability of death under age 5. The proposed extension consists in adding a

bias-adjustment model into the Bayesian methodological framework to account for the

fact that the proportions of children aged 0-4 and women aged 15-49 generally do not

mirror those observed in the general population. The bias-adjustment model is specified

to flexibly capture temporal patterns in the non-representativeness of online genealog-

ical populations. The findings reveal the ability of the proposed Bayesian method to

produce fairly accurate TFR estimates in countries and historical periods lacking well-

functioning national civil registration systems. In addition, in the majority of the coun-

tries, the proposed Bayesian method outperforms a similar indirect estimation based on

the work by Hauer and Schmertmann (2020) that we have extended to account for the
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non-representativeness of children and women in online genealogical populations.

In conclusion, this paper provides a major contribution to the development of Bayesian

methods and indirect estimation techniques for fertility estimation in settings with defi-

cient data.

1.4.3 Estimating male and female fertility at a subnational

level

The third paper of this thesis extends the modeling framework by Schmertmann and

Hauer (2019) for the estimation of male and female fertility at a subnational level. Male

fertility measurement has proven to be challenging due to the more uncertain and broader

reproductive age interval, as well as the lower information quality in surveys (Greene and

Biddlecom, 2000) and birth registers (Dudel and Klüsener, 2016). Additionally, in small-

area populations, information on births stratified by the parental ages may not be recorded

or may be restricted due to privacy concerns. Hence, the model by Schmertmann and

Hauer (2019) represents a suitable alternative as it does not require births to be disag-

gregated by parental ages.

This study develops a Bayesian model, extending the original framework by Schmertmann

and Hauer (2019) in two important ways. First, the model is extended to allow for the

estimation of male fertility by considering men aged 15 − 59 as exposed to the risk of

having children and by incorporating prior knowledge on national age-specific male fer-

tility patterns as well as subnational mortality patterns. Second, spatial and temporal

components are added to account for potential dependencies in fertility patterns observed

among adjacent areas and in consecutive years. As a data example, the model is applied

to simulated data from Australia and to real population data from US counties during

the period 1982 − 2019.

The analysis reveals a substantial heterogeneity in the fertility patterns. While the ma-

jority of US counties have shown an overall decline in the TFR, considerable disparities

persist, with some counties experiencing fertility levels well above the replacement value

of 2.1 and with others presenting extremely low fertility levels below 1.3. Regarding sex-
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specific differences, the analysis displays that in the majority of US counties women and

men tend to display fairly similar fertility levels, with female fertility being slightly higher.

This result aligns with previous findings by Dudel and Klüsener (2021) and Dudel et al.

(2023).

To conclude, this paper provides a novel statistical framework for subnational male and

female fertility estimation in absence of detailed birth data, paving the way for new ap-

plications to other countries.
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Abstract

Background: Online genealogies are promising data sources for demographic research,
but their limitations are understudied. This paper takes a critical approach to evaluating
the potential strengths and weaknesses of using online genealogical data for population
studies. We focus on the FamiLinx dataset, which contains demographic information and
kinship ties across multiple countries and centuries.

Objective: We propose novel measures to assess the completeness and the qual-
ity of demographic variables in the FamiLinx data at both the individual and the familial
level over the 1600-1900 period. Utilizing Sweden as a test country, we investigate how
the age-sex distribution and the mortality levels of the digital population extracted from
FamiLinx diverge from the registered population.

Method: We employ descriptive statistics, negative binomial regression modeling,
and standard life table techniques for our measures of completeness and quality.

Results: Missing values and accuracy in demographic information from FamiLinx
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are selective. When one demographic variable is available, researchers can effectively
anticipate the availability of other demographic information. The completeness and
quality of demographic variables within kinship networks are markedly higher for
individuals with more complete and accurate demographic information. Populations
from FamiLinx display lower mortality levels compared to the registered population and
their representativeness improves towards the end of the 19th century.

Contribution: This study sheds new light on the opportunities and challenges of
harnessing online genealogies for demographic research. Although this data source
offers much promise, its usability in population studies is dependent on the quality and
completeness of its recorded demographic information and their selectivity.

Keywords: ⋅ Online Genealogies ⋅ Digital Data ⋅ Data Quality ⋅ Kinship networks

⋅ Completeness ⋅ FamiLinx
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2.1 Introduction

The digital revolution has provided researchers with access to an unprecedented wealth

of non-traditional data sources that can be used in population studies (Cesare et al.,

2018; Kashyap, 2021). Among these emerging sources, online genealogical data have gar-

nered significant attention (Gavrilova and Gavrilov, 2007; Hsu et al., 2021; Stelter and

Alburez-Gutierrez, 2022; Cozzani et al., 2023; Blanc, 2024a,b; Minardi et al., 2024; Corti

et al., 2024). These data sources present themselves as vast repositories of information

from genealogical websites that enable users to reconstruct their own family trees. On-

line genealogical data are micro-level data that a) are scraped from digital family tree

information stored in genealogical websites; b) link individuals not only to their parents,

but also to more distant relatives; and c) provide additional details on the demographic

characteristics of individuals, such as their dates and locations of birth and death (Song

and Campbell, 2017).

Although online genealogical data were not primarily designed for use in social science

research, they hold significant potential. First, they serve as exclusive repositories of

data on extended family networks that span multiple centuries and cross-national bor-

ders. These data allow researchers to link individuals not only to their parents, but also

to their more distant ancestors. Additionally, the kinship structure of these data sources

enables researchers to examine multi-generational processes, and thus to go beyond the

traditional two-generation approach that primarily focuses on parent-offspring associa-

tions (Mare, 2011; Song and Campbell, 2017). Second, the large volume of demographic

information in these data sources, including details about birth and death locations and

dates, permits researchers to investigate long-term population dynamics in regions and

historical periods for which official population data may be scarce or unavailable (Stelter

and Alburez-Gutierrez, 2022).

The use of genealogies in demography has emerged in response to the lack of historical data

on the demographic experiences of kin groups (Post et al., 1997). Scholars have turned

to genealogical data to advance the field of historical demography, to analyze historical

trends in key demographic behaviors over time, and to study past mortality patterns
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and the influence of heredity and family dynamics (Zhao, 2001; Otterstrom and Bunker,

2013). Louis Henry is recognized as the pioneer of family reconstitution. His work, which

identified genealogies as rich sources for demographic research, has enabled researchers to

pose a broader range of questions about family history, and to trace ancestors and more

distant kin further back in time (Henry, 1968; Hollingsworth and Hollingsworth, 1976;

Wrigley, 1981). Early genealogies and existing historical studies relying on genealogical

data mainly focused on the ancestors and descendants of specific social groups living in

specific areas (Henry, 1968; Otterstrom and Bunker, 2013). Furthermore, most genealogi-

cal reconstitution efforts suffered from incomplete location specificity and family networks

(Kasakoff and Adams, 1995; Post et al., 1997). More recently, thanks to the digital rev-

olution, genealogies have become powerful resources for tracing multiple generations of

relatives over time using online platforms (Otterstrom and Bunker, 2013).

While their inherent structure makes the use of online genealogical data in population

studies appealing, we should be critical of the claims that have been made about their

merits. We contend that a thorough explanation of their limitations, including issues of

data quality and potential biases, is imperative to ensure the responsible use of these

data in population studies. The presence of individuals in a genealogy typically hinges

on genealogists’ knowledge of their relatives or their decisions about whom to include

in their family trees (Calderón Bernal et al., 2023). Hence, these databases generally

overrepresent the family networks of individuals who experienced more favorable demo-

graphic conditions than the general population, including higher fertility, lower mortality,

and higher nuptiality (Zhao, 2001). Conversely, individuals with matrilineal and extinct

lineages are often neglected. In genealogies, certain subpopulations are consistently un-

derrepresented, including children who passed away at an early age and childless women.

Online genealogies are also affected by selective remembering and the inclusion of individ-

uals in online genealogical trees is contingent upon having a living descendant interested in

tracing their family history (Zhao, 2001; Chong et al., 2022; Cozzani et al., 2023; Minardi

et al., 2024). Genealogy users are more inclined to remember ancestors with important

roles in their family history (Chong et al., 2022) and may tend to downplay relatives
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who dishonored the family (Zhao, 2001). These problems combine to create considerable

demographic selectivity issues, including the underestimation of mortality and the overes-

timation of fertility (Calderón Bernal et al., 2023). At the same time, the underreporting

of individuals dying at young ages might result in an underestimation of fertility levels

(Calderón Bernal et al., 2023; Hollingsworth and Hollingsworth, 1976). When genealogies

exhibit inadequate coverage and representativeness, particularly when recording only a

few generations or closer relatives, biases become more pronounced, consequently reduc-

ing the accuracy of estimations (Zhao, 2001; Calderón Bernal et al., 2023).

Additionally, online genealogical data may suffer from a high prevalence of missing values

for essential demographic variables, such as birth and death locations and dates. This is

not unexpected, as users of genealogical websites are more focused on tracing their ances-

tors than on meticulously recording precise information about the locations and the dates

of their relatives’ vital events. Limited familiarity with one’s own relatives may also con-

tribute to imprecise or missing information. Furthermore, certain subpopulations within

genealogies are typically underrepresented and more likely to feature missing information.

Examples include children who passed away at a young age and childless women. Ge-

nealogies often commence with a patriarch documenting his family history, with women

typically recorded solely as wives or daughters, resulting in their information being less

comprehensive compared to that of males (Zhao, 2001). In light of these issues, we argue

that a comprehensive examination of missing value patterns in crowdsourced genealogies

is warranted.

Despite the previously mentioned limitations of crowdsourced genealogical databases (as

shown by Stelter and Alburez-Gutierrez (2022), Chong et al. (2022) and Calderón Bernal

et al. (2023)), the majority of population studies relying on these data sources have

operated under the assumption that their selected individual samples accurately mirror

the broader population (Hsu et al., 2021; Cozzani et al., 2023; Blanc, 2024a,b; Minardi

et al., 2024). Prior research has attempted to illustrate the biases stemming from as-

cending genealogies and their impact on crucial demographic measures, such as life ex-

pectancy at birth and the total fertility rate, by means of simulations (see Zhao (2001) and
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Calderón Bernal et al. (2023)). To the best of our knowledge, our study represents the first

attempt to evaluate the accuracy and the completeness of demographic variables at both

the individual and the family network level in a big genealogical digital database, and to

analyze the implications for the use of this database in population studies. We look at the

age structure of the population drawn from the genealogical data and a key demographic

measure, life expectancy, to illustrate how the quality of the reported demographic infor-

mation can vary. Our aim is to offer scholars a more comprehensive understanding of the

dataset’s strengths and limitations, thus enabling them to make more informed decisions

when utilizing the FamiLinx data for their research projects.

In this paper, our objective is to investigate the challenges associated with missing in-

formation in extensive genealogical data, and to highlight the critical issues that may

hinder the usability of these data for demographic research. Specifically, we assess the

accuracy and the comprehensiveness of vital demographic variables in online genealogies,

including birth and death dates and locations, for individuals and their associated family

networks. In our analysis, we rely on the concepts of completeness and quality. Com-

pleteness refers to the quantification of the percentage of non-missing values for common

demographic variables, while quality indicates the accuracy of the reported demographic

information. Further details on the measurement of completeness and quality are pro-

vided in the method section. Although we focus on the FamiLinx database, we believe our

findings and methods are also applicable to other genealogical databases. In a nutshell,

this paper seeks to address the following research questions:

(a) What are the potential advantages and pitfalls of using online genealogies for de-

mographic research?

(b) How do the completeness and the quality of the demographic information in online

genealogical data affect their usability? Are completeness and quality clustered

within selected kinship networks?

(c) How are the age-sex distributions and the demographic estimates derived from on-

line genealogical populations impacted by the completeness and the quality of the

reported demographic information?
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2.2 Data

2.2.1 The FamiLinx Database

The analysis relies on the FamiLinx database, which is sourced using publicly available

genealogies accessible on the geni.com website. These digital data are derived from fam-

ily trees that have been constructed by a network of users from multiple countries with a

common interest in tracing their own ancestral lineages. Since these genealogies have been

built using a bottom-up approach, they are of the ascending type. This means that the

genealogist begins the construction of their family tree from the bottom and then traces

their lineage backward in time, including their parents, grandparents, great-grandparents,

and so on. This process allows for the creation of a family tree that “ascends” through the

generations, illustrating the kinship ties between individuals when moving from present

relatives to earlier ancestors.

Furthermore, FamiLinx has a passive registration system where only the main vital events,

i.e., births and deaths, are recorded and the genealogists are not aware of the individuals’

status at all the time points. This limitation hampers the applicability of FamiLinx to

examine more complex demographic phenomena, such as migration trends and marriage

patterns.

In recent years, scholars have increasingly turned to FamiLinx for population research.

Leveraging the dataset’s rich information spanning numerous centuries, FamiLinx has

primarily served as a tool to investigate historical demographic trends. Existing studies

have predominantly delved into historical mortality dynamics (Chong et al., 2022; Stelter

and Alburez-Gutierrez, 2022; Cozzani et al., 2023; Minardi et al., 2024), scrutinizing the

dataset’s biases and representativeness compared to more reliable data sources (Chong

et al., 2022; Stelter and Alburez-Gutierrez, 2022) or examining disparities in lifespan

(Stelter and Alburez-Gutierrez, 2022; Cozzani et al., 2023; Minardi et al., 2024). Other

research initiatives utilizing FamiLinx have centered on historical fertility patterns (Gay

et al., 2023; Blanc, 2024a,b) and the correlation between fertility and longevity (Hsu et al.,

2021). Blanc (2024a) additionally utilized the dataset to uncover patterns of internal mi-

geni.com
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gration to and from urban centers. Overall, FamiLinx has emerged as a valuable resource

for analyzing pivotal historical processes such as demographic transitions, shedding light

on the potential of online genealogies in population research while acknowledging their

inherent limitations in terms of bias and representativeness.

Our focus on FamiLinx derives from its easy accessibility, which makes it appealing to

researchers. All the dataset’s records are anonymized, and no formal request to access

the information is needed. Additionally, compared to other genealogies, FamiLinx cov-

ers more countries and provides quite detailed information about the location of events,

surpassing the limited geographic scope of traditional genealogies. The demographic in-

formation stored in FamiLinx spans multiple generations of individuals, and thus covers

a long period of time. Among the database’s strengths is the ease with which the individ-

ual profiles can be linked to their family networks, thus facilitating a more comprehensive

tracing of both ancestors and collateral kin.

The dataset was curated by Kaplanis et al. (2018), who gathered an extensive collection

of 86 million profiles from the geni.com website. This social media platform allows users

to upload their family trees and establish individual profiles for each member of their

familial network. FamiLinx includes a dataset containing anonymized individual-level

records for all 86 million individuals, as well as a dataset with information about the

kinship ties between children and parents for approximately 43 million of these individ-

uals. By leveraging these two types of records, researchers can identify distinct types of

kin beyond parents and children, such as siblings and grandparents. Additionally, Ka-

planis et al. (2018) eliminated implausible kinship ties, e.g., individuals with more than

two parents. The task of linking the two datasets is made easier by the fact that each

individual is assigned a unique identification number. Specifically, the dataset with all

the individual-level records incorporates vital demographic variables, including birth and

death dates and locations, as well as gender. Each demographic variable is represented

by multiple columns. For instance, the demographic information about the dates is pre-

sented in separate columns for day, month, and year. The locations of demographic events

are documented through a two-digit country code representing the country name of the

geni.com
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vital event, and through the country name itself reported as a string of text. Building on

the information contained in the location-based text strings and two-digit country codes,

Kaplanis et al. (2018) assigned the latitude and longitude coordinates to profiles with

sufficiently detailed location information on the vital events.

Since all the individuals who were still alive as of 2015, when the profiles were scraped

from geni.com (see Kaplanis et al. (2018) for details), were omitted from the database,

the demographic analysis should be restricted to individuals from extinct cohorts (see

the appendix of Kaplanis et al. (2018) for details). Additionally, since the records in the

database are anonymized, it is not feasible to link them to other micro-level historical data

sources, such as parish records or censuses. Moreover, de-anonymization is not allowed

under the terms of use of the data.

2.2.2 Analytical Sample

We investigate how the completeness and the quality of the data are manifested within

family networks. As the individuals in genealogies are embedded within kinship networks,

we believe that it is essential to investigate how the quality and the completeness of the

demographic information on individuals in the genealogies are related to those of their kin.

To facilitate our analysis, we define a subsample comprising approximately seven million

“focal” (or anchor) individuals, which we refer to as the “analytical sample.” Based on

our selection, we recall that individuals with identifiable kinship networks are inherently

a subset of a larger population. To be included in the analytical subsample, individuals

must a) have at least one parent or one child, as this ensures that the size of the

kinship network of the focal individual is non-zero; and b) have at least one known

place of birth or death, as determined by the following criteria.

2.2.3 Determination of Birth and Death Locations

The locations of the demographic events experienced by focal individuals was deter-

mined by a three-tier method, which involved three algorithms ranked in order of prefer-

ence:

geni.com


30 2. Online Genealogies in Demographic Research

(a) Exact matching using the country code: birth and death locations are inferred

from the reported two-digit country code.

(b) Regular expression matching: birth and death locations are determined by a

set of text strings, known as regular expressions, that specify a matching pattern

for the name of the country of interest.

(c) Inferred coordinates: this method leverages the latitude and longitude coordi-

nates by Kaplanis et al. (2018) to identify the country of the vital event.

The motivation behind the implementation of this approach is that the inferred latitude

and longitude coordinates by Kaplanis et al. (2018) may be affected by reporting errors

due to historical changes in boundaries between countries.

To establish the definitive birth and death locations, we extract the country names from

inferred coordinates harnessing a geo-parsing algorithm available in the R package map-

data (see Becker et al. (2022) for the details). We identify the 20 countries with the

highest numbers of vital events.

Subsequently, we select the birth and death countries using the country codes and text

strings from the 20 countries according to the methods described above. For instance, if a

profile has two different birth locations, one determined by exact matching and the other

based on the inferred coordinates, we assign the birth country identified by the exact

matching method. Extending our analyses beyond these 20 countries would not affect

our results, given the extremely low numbers of reported birth and death events in the

remaining countries.

2.3 Method

Our analysis consists of four steps. In the first step, we measure the completeness and

the quality of the FamiLinx data. In the second step, we model the association between

focal individuals and their kin in terms of the completeness and the quality of the de-

mographic information. In the third step, we aim to generate population pyramids and

age-sex distributions to evaluate the representativeness of populations drawn from online
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genealogical data. In the fourth step, we calculate life expectancy at age 30 based on the

FamiLinx data. The methods applied in each of these steps are outlined.

2.3.1 Measurement of Completeness and Quality in FamiL-

inx

Our analysis relies on two pivotal concepts that determine the usefulness of FamiLinx for

population studies: completeness and quality. These two concepts are investigated by

considering the five main demographic variables present in the dataset: gender and birth

and death dates and locations.

Following the guidelines laid out by the United Nations (United Nations, 2016), we

measure completeness as the extent to which primary demographic variables (birth and

death years and countries) display non-missing values. Specifically, this concept is quan-

tified as the proportion of individuals with non-missing values for each of the aforemen-

tioned demographic variables. After the completeness of each demographic variable has

been computed, we can analyze the variations in the marginal distributions of these vari-

ables when one of them is non-missing. Through this approach, we are able to gain novel

insights into the overall level of completeness of individual records in FamiLinx. The

concept of quality refers to the accuracy of the reported birth and death dates.

Following the guidelines established by Kaplanis et al. (2018) and Minardi et al.

(2024), we consider an individual record to exhibit higher quality if the month of the

birth and/or death date is not missing. To measure the quality of the dates, we rely

on the concept of year heaping. By year heaping, we mean a preference for recording

years with a last digit that is either zero or five (see Stockwell and Wicks (1974) for a

review on year heaping measurement1). Depending on whether we are considering births

or deaths, we may use the term birth year heaping or death year heaping. When a sample

has year heaping issues, it typically displays a non-uniform distribution of the number

of births and deaths with unrealistic spikes in years ending in zero or five. Therefore,

1A similar measurement concept for year heaping was employed by Cummins (2017) to assess the
accuracy of the birth and death dates when analyzing the lifespan of the Western European nobles from
800 up to 1800.



32 2. Online Genealogies in Demographic Research

to examine the quality of the data in FamiLinx, we can only consider individuals with

non-missing birth and death years. For this purpose, we define an indicator measuring

the level of year heaping in the data. This indicator is calculated separately for the birth

events and the death events in the data. Our strategy involves partitioning the selected

individuals into two groups: one consisting of individuals with the non-missing month of

the vital event and the other consisting of individuals for whom only the year of the vital

event is available. Following this primary division, we group these individuals into 25-year

intervals, and calculate the proportion whose reported year ends in zero or five. If the

proportion in a group is close to 20%, we assume that there is no year heaping. Conversely,

if it exceeds this threshold value, we conclude that there are year heaping issues in the

data. In our example, if the proportion of individuals with the non-missing month of

the vital event is around 20%, we can conclude that the demographic information for this

group is relatively accurate Spoorenberg and Dutreuilh (2007) for a review on age-heaping

measurement). In our examination of the quality of the data, we restrict our analysis to

individuals who were born or died between 1600 and 1900. We do so because the records

of individuals with a birth or a death recorded before 1600 are considered unreliable

(Kaplanis et al., 2018), whereas the cohorts born after 1900 might include individuals

who were still alive as of 2015, which could result in ascertainment bias.

2.3.2 Measurement of Completeness and Quality within Kinship

Networks

After examining the completeness and the quality in the whole dataset, we explore how

these concepts are applicable within the extended family networks (which include grand-

children, children, siblings, cousins, parents, aunts and uncles, and grandparents). Since

researchers may be interested in examining the size and the structure of kin at any time

point (Post et al., 1997) or investigating the multigenerational transmission of demo-

graphic behaviors, we believe that it is crucial to investigate the quality and the com-

pleteness of demographic information not only for focal individuals, but also for their

kin. This investigation could provide novel insights that are of value to researchers in-
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terested in using FamiLinx to carry out studies in the domains of historical and family

demography.

To carry out this analysis, we rely on the individuals in the analytical sample and

their respective kinship networks. We consider the demographic variables of birth and

death countries and years. We disregard gender in the set of demographic variables due

to the high percentage of non-missing values for this variable in the dataset.

To study the association between the completeness of demographic information for a

focal individual and that of their kinship network, we use a negative binomial regression

model. This model can be seen as a generalization of the Poisson regression model (Hilbe,

2011). In both models the interpretation of the regression coefficients remains the same.

However, in the negative binomial regression model the equi-dispersion assumption is not

required in that the mean of the response does not need to be equal to its variance.

Hence, the modeling approach is appropriate given the over-dispersion present in the

data. Concerning our model, for each combination of demographic variable j and type of

relative k, we outline the following negative binomial regression model.

Y completeness
ijk ∣α0jk, α1jk, θjk ∼ NegBinom(µijk, θjk) (2.1)

E[Y completeness
ijk ∣α0jk, α1jk, θjk] = µijk = exp(α0jk + α1jkz

completeness
ij + ψjkcik) (2.2)

VAR[Y completeness
ijk ∣α0jk, α1jk, θjk] = µijk +

µ2
ijk

θjk
(2.3)

Where the dependent variable Y completeness
ijk denotes the number of relatives of type k of

the focal individual i with a non-missing value in the demographic information j and the

independent variable zcompleteness
ij indicates whether focal i has demographic information

j non-missing. The parameter µijk denotes the mean of the dependent variable and can

be interpreted as the expected number of relatives of type k with non-missing values in

demographic information j for a focal individual i. The parameter θjk is the reciprocal
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dispersion parameter is included to account for overdispersion in the response variable.

cik denotes the number of relatives of type k of the focal individual i2.

To evaluate the association between the focal individual and the quality of their

kinship network’s demographic information, we implement a negative binomial regression

model for each type of relative. For the implementation of this set of negative binomial

regression models, we selectively include only focal individuals and their kin conditional

on possessing non-missing birth (death) years. We aim to assess whether the dates of

vital events reported for the relatives of a focal individual are more likely to be accurate

when the month of the event for the focal individual is known.

The examination of the quality of the reported dates is based on the following multi-

variate negative binomial model.

Y quality
ijk ∣γ0jk, γ1jk, ϕjk ∼ NegBinom(νijk, ϕjk) (2.4)

E[Y quality
ijk ∣γ0jk, γ1jk, ϕjk] = νijk = exp(γ0jk + γ1jkzquality

ij + β ′ijXi + δjkdijk) (2.5)

VAR[Y quality
ijk ∣γ0jk, γ1jk, ϕjk] = νijk +

ν2ijk
ϕjk

(2.6)

where the independent covariate zquality
ij denotes whether the month of the demo-

graphic event j experienced by the focal individual i is non-missing; and the dependent

variable Y quality
ijk indicates the number of relatives of type k of the focal individual i with a

non-missing value in the month of the date for the demographic event j. The parameter

νijk is the expected value of the outcome variable and is interpretable as the expected

number of relatives of type k with non-missing month in demographic information j for a

focal individual i. The parameter ϕjk retains the same meaning as the parameter θjk in

the previous model. Xi denotes a matrix of fixed effects made up of dummies referring

2We included the number of relatives of type k as a control variable since having a higher number
of relatives of a certain type may increase the probability of having a larger number of relatives with a
non-missing value in a demographic variable.
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to the period in which the demographic event of interest occurred. We believe that we

should account for fixed effects, since the degree of heterogeneity in the quality of the re-

ported demographic information may be higher for individuals with vital events in earlier

historical periods. dijk indicates the number of relatives of type k of the focal individual

i with the non-missing year of the demographic event j3.

To advance our understanding of the representativeness of digital populations drawn from

online genealogies, we compare the age-sex distribution extracted from genealogical data

with that of the registered population. In this analysis, we identify two samples with

distinct quality levels. One sample consists only of individuals with non-missing birth

and death months, while the other is made up of individuals with missing birth or death

months. This allows us to examine the impact of different sample selections on the age-

sex distribution of the genealogical populations. To carry out this comparison, we employ

population pyramids, which enables us to visually investigate the extent to which the

digital population drawn from online genealogies aligns with the registered population.

In addition, we calculate the differences between the genealogy-based age-sex percentages

and those based on census data for the same time period.

Finally, we leverage data from online genealogical populations to compute life expectancy

at age 30. We aim to compute the demographic estimates from samples with distinct

quality levels. This is again motivated by our interest in examining the impact of sample

selection in online genealogical populations on the estimation of common demographic

indicators, such as life expectancy at age 30. The previous measure is calculated using

life tables with mortality rates smoothed over both ages and years. This calculation allows

us to examine the ability of online genealogical data to capture historical trends in adult

mortality. We smooth our estimates to avoid unrealistic shocks in life expectancy trends

due to the small sample sizes. The smoothing is carried out utilizing two-dimensional

P-splines implemented through the R package mortalitysmooth developed by Camarda

3We added the number of relatives of type k as a control variable since having a higher number of
relatives with a non-missing birth or death year may increase the probability of having a higher number
of relatives with a non-missing birth or death month.
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(2012). For more details on the mortality smoothing and its implementation in R, see the

appendix.

2.4 Results

2.4.1 Completeness of Individual Demographic Information in

FamiLinx Data

In Figure 1, we present the percentage of individuals with non-missing information for

the considered demographic variables (gender and birth and death dates and locations) to

describe their availability in the initial dataset and in other subsamples (selected from the

initial dataset). The characteristics of the initial full dataset and the subsamples are shown

in Table A.2 in the appendix. The radar charts (Figure 2.1) show that in the initial full

dataset, most of the observations have missing information for the considered demographic

variables, but the presence of at least one available variable considerably reduces the like-

lihood that other demographic variables are unavailable. The latter condition includes

the analytical sample used for this study and several samples of observations, conditioned

on having a specific demographic variable available. In the initial full dataset, the year

of birth, the year of death, the location of birth, and the location of death are available

for only 25% of the individuals, or even less. However, in the analytical sample, the per-

centage of observations with available demographic information is larger. In particular,

while the availability of gender information does not guarantee that other demographic

information is available, knowing an individual’s place of death increases the probability

of having non-missing information for the other variables. Thus, when information on one

variable is available, researchers can effectively expect that other demographic informa-

tion is available, which contributes to a more comprehensive understanding of individual

profiles in FamiLinx.

When we look at the completeness of the demographic information for those individuals

born in specific countries (Canada, Germany, Sweden, United Kingdom, United States

of America) (see Figure A.1 in the appendix), we see that the percentage of individuals
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with non-missing information on the selected demographic variables is much higher than

that observed in the initial full dataset. In general, the individuals in the genealogies who

were born in the UK have more incomplete demographic information, and indeed have

the highest percentage of missing information for all the considered variables. While the

percentages are quite similar for the other analyzed countries, individuals born in the US

seem to have a larger share of non-missing values for the demographic variables, especially

those concerning the date of death and the place of death.

Figure 2.1: (a) Percentage of non-missing values for five demographic variables in the initial full
dataset (N=86,124,644) and in the analytical subsample (N=7,618,651). (b) Percentage of non-
missing values for five demographic variables in different samples, identified by the availability
of specific information.

2.4.2 Completeness of Demographic Information within Kinship

Networks

The negative binomial models reveal a positive association between the completeness of

the demographic variables for the focal individuals and those for their kin, independent

of the size of the kinship network (see Table A.3 in the appendix). This means that

the presence of more complete variables for a focal individual is associated with having

a higher number of relatives with more complete demographic information. These asso-

ciations are found across distinct types of relatives and all the considered demographic

variables, albeit with heterogeneous degrees of magnitude. Among all the demographic
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variables, the strongest association is observed for the birth year. As a robustness check,

we ran a logistic regression model using as the response a binary variable equal to 1 if

at least one of the relatives of a given type for a focal individual has a non-missing value

in a demographic variable. As an additional sensitivity check, we implemented two other

regression models: a negative binomial regression model, where the number of relatives is

treated as offset, and a binomial regression model. The results of the alternative models,

included in the appendix (Table A.5, Table A.7, Table A.9), are consistent with those of

the negative binomial model presented in the main text.

Regarding the specific types of relatives, horizontal kin, namely cousins and siblings, tend

to exhibit stronger associations for all demographic variables. The associations are weaker

for more distant kin, such as grandparents. For instance, the expected number of siblings

with a non-missing birth year for a focal individual with non-missing birth year is over

three times bigger than that of a focal individual with a missing birth year.

The expected number of children, cousins and parents with non-missing birth year for the

same focal individual is approximately twice higher than that of a focal individual with

missing birth year. If we focus on the number of grandparents and, aunts and uncles with

non-missing birth year for a focal with non-missing birth year, their expected number is

more than 50% higher than that of a focal individual with missing birth year.

The expected number of siblings, parents, children and cousins with non-missing values in

the death year, birth and death countries increases by at least 50% for a focal individual

with non-missing values in the same demographic variables. For more distant kin, such

as grandparents, grandchildren and aunts and uncles, these estimates are still above the

unit, but are smaller in magnitude.

The observed differences in magnitude can be attributed to the higher proximity between

the year of demographic events experienced by focal individuals and those experienced

by their horizontal kin. When considering more distant kin, the temporal gap between

the demographic events widens. Hence, for genealogists willing to reconstruct their own

family trees, knowing the year of a demographic event experienced by the focal individ-

ual increases the likelihood of recollecting the same piece of demographic information for
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relatives who lived in the same temporal period, e.g. by searching in parish records. Con-

versely, gathering demographic information for more distant kin proves challenging not

only due to the higher temporal distance between the demographic events but also to a

more substantial effort to link the focal individual to their more distant relatives.

Overall, these results underscore how the completeness of demographic information tends

to be shared among relatives. A focal individual with more complete demographic infor-

mation has a higher likelihood of being embedded in a kinship network whose members

have more complete demographic variables. This finding highlights the potential for

studying demographic outcomes (fertility, longevity, etc.) within extended kinship net-

works beyond the classic parents-focal or children-focal relationships. Consequently, it

opens up new opportunities for the exploration of demographic dynamics in the context

of extended kinship networks.

Figure 2.2: Exponentiated coefficients from negative binomial regression measuring the associ-
ation between a focal individual and their relatives in terms of the completeness of the reported
demographic variables.
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2.4.3 Quality of Individual Demographic Information in FamiL-

inx data

Figure 2.3 indicates that observations with complete dates of birth and death (i.e., that

specify the years and the months of birth and death) do not seem to show a preference

for those years. Individuals for whom only information on the years is available are more

prone to year heaping issues. Thus, observations with complete dates of birth and death

are of higher quality. We can see an increase in quality over time for birth year heaping.

Indeed, in the 19th century, the percentages for individuals with complete dates are closer

to the percentages for individuals with incomplete dates. Overall, the prevalence of death

year heaping is lower than the prevalence of birth year heaping, which suggests that when

the year of death is available, it is more likely to be correct and precise. When we look

at the occurrence of birth and death year heaping across different countries of birth (see

Figures A.2 and A.3 in the appendix) we note similar trends, but in different magnitudes.

In general, among all the considered countries, observations with complete birth dates

do not seem to be affected by birth year heaping. Moreover, among those with missing

birth months, the proportion of birth years ending in 0 or 5 decreases over time. There is

no evident improvement in the quality of the reported death dates over time. However,

observations with complete death dates exhibit fewer instances of death year heaping than

those with incomplete death dates across all the considered countries.

Figure 2.3: Percentages of years of birth and years of death ending with zero or five by com-
pleteness of the dates of birth and death, and by historical period.
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2.4.4 Quality of Dates within Kinship Networks

We find a positive association between the quality of the birth and death dates for the

focal individuals and those for their kin, net of the size of the kinship network (see Table

A.4 in the appendix). This implies that possessing more accurate demographic infor-

mation is associated with a higher number of relatives with demographic information of

higher quality. These associations are observed across distinct types of relatives for both

birth and death dates, with the former showing the strongest association. As a robustness

check, we ran a logistic regression model using as the response a binary variable equal to

1 if at least one of the relatives of a given type for a focal individual has a non-missing

month in the birth or death dates. As an additional sensitivity check, we tested two other

modeling approaches, namely a negative binomial regression model, where the number of

relatives is treated as offset, and a binomial regression model. The results, included in the

appendix (Table A.6, Table A.8, Table A.10), are consistent with those of the negative

binomial model presented in the main text.

Horizontal kin, especially siblings, tend to exhibit stronger associations for the variable

birth month. The expected number of siblings with a non-missing month in the birth

date is almost four times higher for a focal individual with a non-missing month in the

birth date compared to a focal with a non-missing month. Focusing on the death month,

slightly higher associations are observed for siblings, parents and children. The expected

number of parents, siblings and children with non-missing month in the death date is 50%

higher for a focal individual with non-missing death month compared to a focal individual

with missing death month. Concerning the other relatives, the number of relatives with

a non-missing month in death/birth date for a focal individual with a non-missing month

in death/birth dates increases by over 20% compared to a focal with a missing month in

the birth/death date.

Table A.4 in the appendix displays all the regression coefficients, including the effects of

the distinct birth and death cohorts on the number of relatives without a non-missing

month in the birth/death date. In general, an increase in the magnitude of these cohort

effects is observed implying an improvement in the quality of the reported demographic
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information. Nonetheless, if we focus on grandchildren of focal individuals from more re-

cent birth/death cohorts, the associations are slightly lower due to the fact that FamiLinx

excludes individuals that were still alive in 2015.

Figure 2.4: Exponentiated coefficients from negative binomial regression measuring the asso-
ciation between a focal individual and their relatives in terms of the quality of the reported
demographic variables.

2.4.5 Discrepancies between the Age-sex Distribution in FamiL-

inx and in the Registered Population

We now compare the age-sex distribution of the digital population derived from online

genealogies with that of the registered population. As an illustrative example, we con-

centrate on the Swedish genealogical population over the historical period of 1751-1900.

Compared to other countries, Sweden stands out for its rich wealth of demographic data

starting from the year 1751, including detailed population counts disaggregated by sex

and age, which are available from population registers.

In Figure 2.5, we display the percentage differences in age-sex proportions between

the Swedish genealogical population extracted from FamiLinx and the registered Swedish

population over four calendar years: 1751, 1800, 1850, and 1900. These differences are

computed for two distinct quality levels: one comprising individuals with precise birth
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Figure 2.5: Population pyramids for the Swedish population from FamiLinx for the calendar
years 1751, 1800, 1850, and 1900 by quality level.

and death dates (non-missing birth and death months), and the other comprising indi-

viduals with at least one less precise date (the birth or the death month is missing).

Notably, these disparities seem to be more modest for the genealogical group with higher

information quality throughout the historical period under scrutiny. If we focus on the

sample of Swedish individuals with precise birth and death dates, the age-sex distribu-

tion derived from this subsample mirrors the estimates for the total Swedish population

toward the end of the 19th century from the Human Mortality Database. Nonetheless,

regardless of the quality of the data used, a consistent pattern is observed for the Swedish

genealogical population before the end of the 19th century. Individuals at younger ages

and women tend to be underrepresented, whereas more longevous male individuals are

overrepresented.

Figure 2.6 shows that the underestimation of the proportions of individuals in the 0-14 age

group with more accurate dates increases until the mid-19th century, but then declines

rapidly toward bias levels that are close to zero. Among adult individuals (aged 15-64)

with higher quality information, males exhibit an upward bias that decreases toward the

end of the 19th century. Conversely, females in the same age group are underrepresented
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in the second half of the 18th century (1751-1799) and of the 19th century (1851-1900),

whereas they seem to be well-represented in the first part of the 19th century (1800-1850).

Turning our attention to individuals aged 65 or older, we observe a consistent upward bias

in the proportions for both men and women, which decreases slightly starting in the second

half of the 19th century.

Figure 2.6: Difference between the age-sex distribution in percentage between the Swedish
population from FamiLinx by quality level (precise birth and death dates against at least one
non-precise date) and the registered Swedish population over the historical period 1751-1900.

2.4.6 Discrepancies between Life Expectancy in FamiLinx and in

the Registered Population

We now focus on investigating life expectancy at age 30 in Sweden over the historical

period of 1751-1900, specifically considering the two quality levels defined above. Our

decision to evaluate life expectancy at age 30, as opposed to at birth, is motivated by the

underestimation of child mortality inherent in the online genealogies (see Figure A.5 in the

appendix), and the recommendation of Stelter and Alburez-Gutierrez (2022). Again, we

focus on Sweden due to its long time series of national demographic estimates. However,

we acknowledge that our results for Sweden may not extend to populations from other

countries.

In Figure 2.7, we present the estimates of life expectancy at age 30 stratified by quality

level and sex. To provide a benchmark, we incorporate life expectancy estimates from
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the Human Mortality Database. It is essential to note that our analysis is limited to

individuals with non-missing birth and death years who were born and died in Sweden;

i.e., to a sample of highly selected individuals. The results show a pronounced survivorship

bias within the genealogical Swedish male population. In line with Stelter and Alburez-

Gutierrez (2022) for Germany and the Netherlands, we find that the male life expectancy

at age 30 estimated from genealogical data toward the end of the 19th century seems to

be slightly closer to the life expectancy derived from Swedish register data. In contrast

to our analysis of male longevity, our investigation of female longevity reveals unexpected

trends in life expectancy at age 30. Throughout the 18th century, this demographic

indicator is consistently overestimated for the Swedish female population in FamiLinx.

For the first half of the 19th century, the estimates of life expectancy at age 30 based on

genealogical data align with those from the Human Mortality Database. Nonetheless, a

noteworthy shift can be observed toward the end of the 19th century, as the genealogical

data consistently underestimate life expectancy at age 30 for women. In general, our

analysis highlights that the observed trends in life expectancy at age 30 hold true across

the quality groups under comparison. Nonetheless, our results also suggest that the bias

in the life expectancy at age 30 differs by gender. A possible explanation is suggested

by Figure 2.6 in the appendix, in which the percentage of women in the age range 15-64

in Sweden is closer to the actual one from population registers during the period 1800-

1870 in comparison to the share of men, which is more severely overestimated. On the

contrary, in the last part of the 19th century, women aged 15-64 become more and more

underrepresented, whereas the representation of men in the same age range improves.

As a consequence, after 1870, we see a continuous increase in the underestimation of life

expectancy at age 30 for women and a decrease in the overestimation for men. While this

is an intriguing result, which would need further investigation, we lack sufficient tools to

provide a robust explanation for the observed gender differences.
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Figure 2.7: Life expectancy at age 30 in Sweden for the historical period (1751-1900) by sex and
quality level (precise birth and death dates against at least one non-precise date) in FamiLinx
and Swedish life expectancy at age 30 from the Human Mortality Database.
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2.5 Discussion

The extensive sample size and the availability of cross-border kinship networks render

FamiLinx an asset for social scientists interested in exploring past population dynam-

ics (Hsu et al., 2021; Stelter and Alburez-Gutierrez, 2022; Cozzani et al., 2023) and the

intergenerational transmission of demographic behaviors (Blanc, 2024b; Minardi et al.,

2024). The availability of kinship ties and demographic information enables researchers

to explore how demographic outcomes have changed within family networks. A notewor-

thy aspect is the extensive time period covered by the FamiLinx data, which facilitates

the examination of long-term demographic processes. By drawing online digital trees,

FamiLinx opens up new avenues for understanding the demographic behaviors of past

populations through the lens of digital data that are less common in the field of Histori-

cal Demography compared to other non-conventional data sources (e.g. Parish Records,

Obituaries, Military records, Wills). The coverage of various countries over the past four

centuries provides researchers with the unique opportunity of analyzing the composition

of transnational kinship networks.

In this study, we showed that when information on one demographic variable is known

it is more likely that information on other demographic variables will also be known.

Individuals with non-missing months in birth and death dates tend to have more precise

demographic information whose quality improves over time. Furthermore, our analysis

revealed that individuals with higher-quality demographic information are likely to have

relatives who also have more complete and accurate demographic information available.

Additionally, using Sweden as example, we observed that individuals with non-missing

demographic information tend to experience higher life expectancy in comparison to the

registered population throughout the considered historical period.

The majority of the previous studies portrayed FamiLinx in a positive light and underlined

its potential for demographic research, leading to significant contributions, especially in

the domain of Historical and Family Demography. However, we advocate for a cautious

approach and provide a few recommendations to scholars who want to utilize FamiLinx

for their own research.
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First, as outlined in table A.1, the overrepresentation of individuals with vital events

(births and deaths) in Western Countries markedly restrict the geographical scope of the

possible population studies. In fact, the previous studies (Hsu et al., 2021; Stelter and

Alburez-Gutierrez, 2022; Chong et al., 2022; Pojman et al., 2023; Gay et al., 2023; Cozzani

et al., 2023; Blanc, 2024a,b; Minardi et al., 2024; Corti et al., 2024), which relied on this

data source, predominantly concentrated on the United States of America or countries

in Western Europe. Unfortunately, this is also almost inevitable in our study, as the

vast majority of the individuals in the dataset lived in these countries and it is here that

their family networks are extended. Furthermore, when assessing the quality of the demo-

graphic information and comparing it with the population recorded in a given historical

period, it becomes necessary to limit the analysis to countries where such information is

accessible.

Second, the high share of missing values in vital demographic variables, namely birth and

death locations and dates, leads to a substantial reduction of the initial sample size of

the data. This limitation is anticipated, as this data source was not primarily designed

for population studies. Additionally, the omission of individuals who were alive in 2015,

only permits the analysis of extinct birth cohorts. Hence, scholars who want to employ

FamiLinx may enhance the robustness of their research by performing a careful sample

selection. This selection fosters increased confidence in the completeness and the quality

of the chosen kinship network, enabling researchers to conduct population studies with

a more solid foundation. Nonetheless, the restriction to individuals with demographic

information of higher completeness and quality results in non-negligible selectivity issues.

Potential FamiLinx users approaching this dataset should be critical of the information

available. Most of these individuals possess missing demographic information, and even

when some of their relatives may be identified, the available information may be scarce.

Third, the age-sex distribution of online genealogical populations tends to diverge system-

atically from that observed in the general population. These observed divergences are a

direct consequence of the under-representation of women and of individuals dying at young

ages. By overlaying the age-sex distribution derived from the population register to the
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genealogy-based one male individuals in older ages are overrepresented, whereas women

and individuals in younger age groups are generally underrepresented. Hence, scholars

who are interested in examining the evolution of demographic processes in populations

originating from FamiLinx are encouraged to implement bias-correcting methods to take

into account the representation issues of this data source. The implementation of such

methods allows researchers to obtain more accurate measures of common demographic

processes, e.g., fertility, mortality and migration. In this regard, a Bayesian modeling

framework can enable researchers to calibrate genealogy-based demographic indicators

with more accurate estimates originating from more traditional data such as censuses and

parish records while accounting for the uncertainty of each source. For instance, Chong et

al. 2022 proposed a Bayesian modeling framework to correct age-specific mortality rates

by combining online genealogical data with more precise estimates from the Human Mor-

tality Database. Future research could employ a similar modeling framework to examine

other demographic processes such as fertility by integrating information from multiple

data streams.

Fourth, by using Sweden as a test country, our results suggest that, regardless of the

quality of demographic information, individuals from online genealogies are characterized

by a persistently higher survival compared to the general population. Hence, researchers

intending to harness this data source to gauge demographic outcomes should exercise cau-

tion. In general, demographic trajectories observed among individuals with non-missing

birth and death years in FamiLinx are not representative of those of the broader popula-

tion.

Another key consideration concerns the availability of relatives in the dataset and the

completeness and quality of demographic information for the entire kinship network.

FamiLinx’s strength lies in its ability to provide information about relatives, facilitat-

ing the identification of kinship networks spanning across multiple generations. Notably,

our regression analyses have underlined that completeness and quality are clustered at

the family level. In this regard, a careful sample selection would allow researchers to con-

duct family-level demographic analysis. Specifically, researchers can employ the FamiLinx
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database to examine how fertility and longevity spread among different types of relatives

beyond parents and children. Nonetheless, while the latter analysis can provide new

knowledge about the transmission of demographic behaviors over time, the results should

be interpreted with caution. It should be acknowledged that genealogical populations are

highly selected under a set of favorable conditions, including higher survival and higher

SES. This finding aligns with the existing literature about bias and selectivity in genealo-

gies (Hollingsworth and Hollingsworth, 1976; Zhao, 2001; Calderón Bernal et al., 2023)

and in FamiLinx (Stelter and Alburez-Gutierrez, 2022; Minardi et al., 2024).

In conclusion, we encourage researchers to employ the FamiLinx data with caution. This

data source displays great opportunities for demographic research, especially in the field

of historical demography, due to its rich wealth of demographic information about indi-

viduals from various historical populations and its recorded kinship ties. Nonetheless, the

inherent limitations of online genealogical data need to be addressed through the imple-

mentation of appropriate bias-correcting methods and through a careful sample selection.

The findings and implications derived from this study are not automatically applicable

to all (online) genealogical datasets. Specifically, the presented investigation is tailored

to the unique attributes of the FamiLinx dataset, characterized by its availability of de-

mographic information and linked relatives. It is essential to acknowledge that different

datasets may exhibit completely distinct temporal and geographical scopes, affecting the

missingness of the data and their representativeness. Nevertheless, we are confident that

the methodologies and approaches employed in this study can be replicated for other

genealogies, to assess the completeness of their demographic information and explore the

association of these concepts within family networks.

2.6 Note on Reproducibility

To facilitate reproducibility of this research, we provide access to FamiLinx data as well

as to the R codes needed to reproduce the tables and figures provided in the paper at the

following Open Science Framework (OSF) repository: https://osf.io/ydzfq/.

https://osf.io/ydzfq/
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However, the non-representativeness of this data source requires the development of bias-
adjusting methods that would enable to obtain more accurate measures of demographic
processes. We address this need by proposing a Bayesian modeling framework and an
indirect estimation technique to investigate fertility trends in seven European countries
and the United States of America for the historical period 1751-1910, leveraging data
from the big genealogical database FamiLinx. The proposed methods estimate the period
total fertility rate (TFR) using minimal data, specifically women aged 15-49 and children
under age 5, while incorporating information about child mortality and data accuracy
from various historical sources such as population registers and censuses. The results in-
dicate that, with our methodological approach, online genealogical data can be fruitfully
used to examine fertility patterns in regions and historical periods lacking well-functioning
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3.1 Introduction

The increasing availability of non-traditional data sources driven by the so-called “Data

Revolution” (Cesare et al., 2018; Alburez-Gutierrez et al., 2019; Kashyap, 2021) highlights

the need for the development of new statistical methods that are able to identify sources

of biases and to apply appropriate corrections. Among these novel data sources, online

genealogical data have gathered significant attention due to their unprecedented wealth

of historical information about human societies (Alburez-Gutierrez et al., 2022). Online

genealogical data are scraped from websites where users upload their own genealogical

tree and insert individual-level demographic information about their ancestors, such as

gender, birth and death dates and countries. Online genealogies offer an unprecedented

opportunity to examine population dynamics in historical periods and countries for which

we lack ground-truth population data (Stelter and Alburez-Gutierrez, 2022; Colasurdo

and Omenti, 2024). Nonetheless, as these data sources are not primarily designed for

population studies, they are affected by several biases that hamper their usability for

demographic research (Colasurdo and Omenti, 2024). First, the bottom-up construction

of the digital family trees amplifies the likelihood of omitting more distant ancestors.

Second, the under-representation of various population subgroups, including women and

children who died at an early age, and the over-representation of male individuals with

higher socioeconomic status and better demographic conditions lead to a significant se-

lection bias (Hollingsworth and Hollingsworth, 1976; Stelter and Alburez-Gutierrez, 2022;

Calderón Bernal et al., 2023; Minardi et al., 2024). Third, an individual’s inclusion in the

genealogy may be affected by the so-called “selective-remembering”, as the genealogist is

more likely to include ancestors with a prominent role in his (her) family history (Chong

et al., 2022) and to omit relatives who dishonored the family (Zhao, 2001). Fourth, the

high percentage of missing values in common demographic variables, specifically birth and

death dates and countries, makes only a small share of the profiles from online genealo-

gies usable for demographic research (Minardi et al., 2024; Colasurdo and Omenti, 2024).

Additionally, online genealogies are built through a bottom-up approach as users begin

the construction from the bottom of their family trees and trace their lineages backwards.
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As a consequence, online genealogies tend to underestimate childless individuals.

In this paper, we employ indirect estimation techniques coupled with Bayesian methods to

correct fertility estimates that are derived from online genealogical populations by relying

on the big genealogical database FamiLinx constructed by Kaplanis et al. (2018). Indirect

estimation techniques allows for the measurement of demographic indicators using lim-

ited data inputs by borrowing information from multiple data sources. Bayesian methods,

albeit more complex and computationally more intensive, not only enable to incorporate

multiple data sources but also to carry out the estimation of demographic outcomes within

a probabilistic framework and to quantify the uncertainty surrounding the estimates. In

particular, we propose to extend the class of indirect fertility estimates introduced by

Hauer and Schmertmann (2020) and the Bayesian model developed by Schmertmann and

Hauer (2019) to settings, such as data from online genealogies, in which the study sample

is not representative of the general population. The proposed methods yield period TFR

estimates by relying on minimal input, specifically the observed number of children under

age 5 and the observed number of women aged 15-49, while accounting for child mor-

tality and sample over- and under-reporting. Importantly, our approach diverges from

traditional methods by eliminating the need for information on the number of births by

maternal age. In the context of populations derived from online genealogies, which are

characterized by incomplete family trees, the conventional calculation of TFRs based on

births disaggregated by maternal ages becomes impractical.

The employment of Bayesian methods for the measurement of demographic processes in

populations, where the available data are limited or imperfect, has become increasingly

popular. Bayesian methods in demography have been developed to measure migration

by combining social media data with more traditional sources (Alexander et al., 2020;

Rampazzo et al., 2021), to generate subnational population estimates in data-sparse con-

texts (Alexander and Alkema, 2022), to reconstruct past populations (Wheldon et al.,

2013; Voutilainen et al., 2020), to estimate mortality in historical populations from online

genealogical data (Chong et al., 2022).

In this research paper, we harness online genealogical data coupled with more traditional
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data sources to estimate period TFR for seven European countries and the United States

of America during the historical period 1751-1910 by means of indirect estimation and

Bayesian modeling. Previous studies (Hsu et al., 2021; Cozzani et al., 2023; Gay et al.,

2023; Pojman et al., 2023; Minardi et al., 2024; Corti et al., 2024; Blanc, 2024a,b), which

relied on online genealogical data to study demographic outcomes in Europe and North

America, operated under the assumption that these data were representative of the gen-

eral population. The work by Chong et al. (2022) marked the first attempt to develop a

Bayesian modeling framework to calibrate mortality rates from online genealogical data

with estimates from more reliable data sources such as the Human Mortality Database.

To the best of our knowledge, this research paper represents the first study to propose a

method to correct the TFRs derived from online genealogical data. Overall, we believe

that our proposed methods could uncover new paths for fertility estimation not only in

the context of digital data from online genealogies but also in other data-sparse settings.

The remainder of the paper is structured as follows. First, we provide a description

of the big genealogical database FamiLinx. Second, we describe in detail the Bayesian

modeling approach and the indirect estimation method to estimate the TFR from online

genealogical data. Third, we apply the proposed methods to examine historical fertility

patterns in seven European countries and the United States (US) during the historical

period 1751 − 1910.

3.2 Data

3.2.1 The FamiLinx Database

This paper relies primarily on FamiLinx, a database derived from publicly available on-

line genealogies on the website geni.com. The database was curated by Kaplanis et al.

(2018) that scraped over 86 million profiles from the digital trees on the website geni.com.

This big genealogical database contains individual-level records about 86 million individ-

uals and information about kinship ties for approximately 43 million of these profiles.

Specifically, the data incorporate micro-level records containing information about essen-

https://www.geni.com
https://www.geni.com
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tial demographic variables, namely birth and death dates and countries. Thus, this data

source generates a sizable population of individuals with life courses unfolding across mul-

tiple centuries and countries.

Despite its massive size, this data set is subject to several limitations that hamper its

usability for demographic research. Besides the biases reported in the introduction, this

data source significantly over-represent individuals experiencing vital events, i.e., births

and deaths, in Western countries (Colasurdo and Omenti, 2024), and displays a large

amount of missing values in key demographic variables, i.e., birth and death dates and

locations (see table B.2 in the appendix). Furthermore, these data exhibit various report-

ing errors, which may include improbable ages at death or unreasonable years of birth

and death. Hence, before carrying out any demographic analysis, a careful sample se-

lection must be performed (Colasurdo and Omenti, 2024). In addition, this data set is

affected by passive registration. While in active registration systems the data collection

authority knows the status of the individual at all times, in passive registration systems,

such as FamiLinx, only births and deaths are recorded (Colasurdo and Omenti, 2024).

Consequently, this data source lacks precise information about other essential life course

events, including marriages and migrations1.

3.2.2 Sample Selection and Representativeness

Our analysis focuses on seven European (Denmark, England, Finland, France, Norway,

Sweden and the Netherlands) and the United States of America2. We have opted to select

these countries for two major reasons. First, they are among the twenty countries with

the highest number of recorded births and deaths in FamiLinx. Secondly, some of these

countries are characterized by a long-standing tradition of well-functioning national vital

registration systems that can be leveraged to inform the bias of demographic estimates

1We acknowledge the possibility of estimating the timing of migration and marriages indirectly. For
instance, Corti et al. (2024) used FamiLinx to examine trends in assortive mating in the US for birth
cohorts from 1700 to 1910, approximating the year of marriage of a couple by the birth year of their first
child.

2The final countries of birth and death have been established according to the rule proposed by
Colasurdo and Omenti (2024). This means that text strings containing information on birth and death
locations were deemed more accurate in comparison to the reported latitude and longitude that were
inferred by Kaplanis et al. (2018).
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calculated from online genealogical populations.

In order to create the country-specific analytical samples of online genealogical popula-

tions, we apply the following criteria:

(a) The variables sex, birth and death years and countries must not be missing.

(b) The profile must have at least one parent or one child. This ensures that each

individual belongs to a family network of size strictly greater than one.

(c) The birth year must not be greater than 1910.

(d) The earliest death year cannot be less than 1751.

(e) The age at death must fall between 0 and 110.

(f) The countries of birth and death of the profile must be the same.

We do not consider individuals born later than 1910, since Kaplanis et al. (2018) omitted

profiles that were still alive as of 2015 for privacy-related concerns. Hence, we can only

include individuals from birth cohorts that were almost surely extinct in 2015. The

earliest year of analysis is 1751 since it represents the year in which accurate demographic

data started to become available for at least one country, that is Sweden, among those

included in the analysis. Additionally, the age restriction enables to omit individuals

with biologically implausible ages at death. We exclude migrants, defined in this study

as individuals with distinct birth and death countries, due to the lack of information

about the exact time of migration.

Figure 3.1 displays the age-sex distributions of the genealogy-based populations by

country in selected years using population pyramids. The thick black lines indicate the

true age-sex distribution when accurate population estimates are available. Overall, figure

3.1 accentuate no clear convergence in the extent to which the age-sex distributions of

the genealogical populations resemble the ones obtained from more reliable data sources

(see table B.1 for a detailed description). The genealogy-based age-sex distributions

for the US, Sweden and France seem to become more representative towards the end

of the nineteenth century. On the contrary, in England & Wales the age-sex structure

of the genealogical population appears to mirror the true one more closely at the

beginning of the study period and to worsen in the nineteenth century. In the other
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countries we observe no clear improvement over time in terms of representativeness of

online genealogical populations. Nonetheless, a general tendency of genealogical data to

under-represent women and children, albeit with distinct magnitudes, is evident across

the entire historical period under examination.

Figure 3.1: Genealogy-based and expected population counts by age and sex for selected
calendar years.

3.3 Bayesian Model

The upcoming subsections provide a detailed description of the proposed Bayesian model,

which builds upon the framework developed by Schmertmann and Hauer (2019). The orig-

inal method by Schmertmann and Hauer (2019) is designed to estimate the TFR indirectly

without needing the counts of live births classified by maternal ages. Instead, it relies on
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a minimal data input: the accurate number of children under 5, the accurate number of

women aged 15 − 49, and prior information on child mortality and standard age-specific

fertility patterns.

In the original method, the number of children under 5 is modeled using a Poisson distri-

bution, with the number of women aged 15 − 49 as offset and with a mean that depends

on parameters with a clear demographic interpretation. Our proposed model extends the

original method by modeling the number of children under 5 from online genealogical

populations, which are usually not representative of the general population, and the num-

ber of children under 5 derived from more reliable data sources when available for seven

European countries and the US during the historical period 1751 − 1910.

To account for the non-representativeness of the expected number of children under 5

per woman aged 15-49 in online genealogical populations, a time-varying country-specific

bias-adjustment parameter is incorporated. The parameter is modeled hierarchically to

allow countries with accurate data to partially inform bias-patterns in countries lacking

reliable population data.

The first subsection is devoted to explaining the data model, while the subsequent sub-

sections will provide a detailed explanation of the statistical models and prior distribu-

tions for the demographic and bias-adjustment parameters used in the mean of the data

model.

3.3.1 Data Model

Drawing inspiration from the modeling framework by Schmertmann and Hauer (2019), we

propose a Bayesian hierarchical model to measure the TFR using the number of children

under age 5 and the number of women aged 15−49, while accounting for infant mortality,

for the age-specific fertility schedules and for the non-representativeness of the online

genealogical populations.

We model simultaneously the number of children aged 0-4 (C(gen)
a,t ) in the genealogical

population of country a in year t and the true number of children (C(true)
a,t ) based on the
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true age-sex distribution for country a and year t.3 We assume that both variables are

Poisson-distributed:

Cgen
a,t ∣Kx,a,t, τa,t ∼ P(

45

∑
x=15

Kx,a,t ⋅W gen
x,a,t ⋅ τa,t) t ∈ T gen

a , a ∈ A (3.1)

Ctrue
a,t ∣Kx,a,t ∼ P(

45

∑
x=15

Kx,a,t ⋅W true
x,a,t) t ∈ T true

a , a ∈ A (3.2)

where W gen
x,a,t is the number of women in age group x in country a and year t based on the

genealogical sample, while W true
x,a,t denotes the true number of women in the maternal ages

based on the true age-sex distribution of country a in year t. Kx,t,a denotes the expected

number of children aged 0 − 4 per woman in the maternal age group x during year t at

the end of five-year period. In this paper, we assume that fertility outside the age interval

[15,50) is zero and that maternal ages are split into five-year age groups. The additional

term τt,a allows to adjust the expected number of children aged 0 − 4 per woman aged

15 − 49 from the genealogical sample to take into account the non-representativeness of

this data source.

A denotes the set of countries considered for the analysis, while T gen
a and T true

a indicate

the set of calendar years for which genealogy-based and true population counts by age

and sex are available for country a. T gen
a spans over the temporal period 1751 − 1910 for

all the countries under analysis. T true
a does not cover the entire period and varies across

countries as official population estimates by age and sex for most of the countries are not

available for the entire historical period.

Figure 3.2 displays a graphical summary of the proposed Bayesian modeling framework.

An insightful description of the model parameters is provided in the upcoming subsections.

3Given the total population size (P (gen)a,t ) from the genealogical sample in country a during year t, we
calculate the “true” number of children under 5 and of exposed women by maternal age by multiplying
P
(gen)
a,t by the true age-sex proportions for country a and year t.
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Figure 3.2: Graphical representation of the Bayesian modeling framework. Primitive parame-
ters denote the fundamental parameters in a model that are directly assigned a prior probability
distribution. Derived parameters are functions of primitive parameters and do not have prior
probability distribution directly assigned to them.
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3.3.2 Construction of Kx,a,t

The term Kx,t,a follows a simple rearrangement of the Leslie matrix formulas (Wachter,

2014). However, unlike in standard cohort-component projection methods, this term

defines the age of the mother as being attained at the end of the age interval rather than

at the beginning.

Following the parametrization of Schmertmann and Hauer (2019), the component Kx,t,a

is defined as follows.

Kx,a,t = TFRa,t ⋅
L0,a,t

5
⋅ 1
2
⋅
⎡⎢⎢⎢⎢⎣

Lx−5,a,t

Lx,a,t

⋅ ϕx−5,a,t + ϕx,a,t

⎤⎥⎥⎥⎥⎦
(3.3)

where TFRa,t denotes the TFR in country a during year t, Lx,a,t indicates the person-

years lived by women in the age group x during year t in country a, ϕx,a,t denotes the

fraction of fertility experienced by women in age group x during year t in country a.

Mathematically, ϕx,a,t is equal to 5
Fx,t,a

TFRa,t
where Fx,t,a is the fertility rate in age group x,

year t and country a. The latter quantity is assumed to be zero outside the age interval

[15,50). The implementation of a Bayesian modeling framework allows for the specifica-

tion of statistical models and prior probability distributions to estimate the parameters

in equation 3.3.

3.3.3 Model for Age-specific Fertility

Following Schmertmann and Hauer (2019), to incorporate knowledge about the age-

specific fertility patterns, we model the ratio of the share of life time fertility in an age

group x to the share of life time fertility in the earliest reproductive age group 15− 19 on

the log scale as

γa,t =m + y1β1,a,t + y2β2,a,t (3.4)

where γx,a,t = log( ϕx,a,t

ϕ15,a,t
) is an index defined as the log transformation of the ratio of the

share of life time fertility in age group x to the share of life time fertility in age group

15 − 19. γa,t is vector whose elements are γx,a,t defined at the distinct reproductive age
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groups4. The transformation of ϕx,a,t ensures that the elements of the vector γa,t on the

left hand-side of the above equation can assume both positive and negative values5.

y1 and y2 are components derived from a set of standard age-specific fertility curves.

In particular, m is a vector containing the age-specific means of the log-transformed

fertility schedules (γx,a,t), while y1 and y2 are the first and second left-singular vectors

which are obtained via a Singular Value Decomposition on the matrix Y whose columns

are log-transformed age-specific fertility schedules. For example, in our application to

online genealogical data we employ all the available national age-specific female fertility

curves available from the Human Fertility Collection (Grigorieva et al., 2015) covering the

historical period 1751 − 1910. The mean and the first two principal components of the

log-transformed age-specific fertility schedules are displayed in figure 3.3. The mean m
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Figure 3.3: Example data (Panel A), mean (Panel B) and principal components of transformed
age-specific fertility schedules (Panels C and D).

describes the overall age-specific fertility curve. As expected, age-specific fertility patterns

increase up to the age class 25−29 and then start to taper off. The first principal compo-

nent represents the tendency to postpone childbearing. The second principal component

allows the modal reproductive age classes 20− 24 and 25− 29 to have lower fertility levels

compared to the other maternal age groups.

415 − 19, 20 − 24, 25 − 29, 30 − 34, 35 − 39, 40 − 44 and 45 − 49
5Alternatively, a logit transformation could have been applied.
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We place standard normal priors on the parameters β1,a,t and β2,a,t.

β1,a,t, β2,a,t ∼ N(0,1) (3.5)

From γx,a,t, we can easily derive the parameter ϕx,a,t that can be interpreted as the pro-

portion of fertility experienced by women in age class x during year t in country a.

ϕx,a,t =
exp(γx,a,t)

45

∑
x=15

exp(γx,a,t)
(3.6)

3.3.4 Prior on Total Fertility Rates

We assign the Total Fertility Rate Parameters (TFRa,t) a normal distribution centered

around the corresponding historical estimate with a non-informative standard deviation

parameter. Specifically, if the historical estimate ( ˆTFRa,t) is available for the year t, we

use it as a mean. Otherwise, the mean of TFRa,t is set to be equal to the historical

estimate closest in time to year t ( ˆTFRa,t∗)6.

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

TFRa,t ∼ N( ˆTFRa,t∗ , σ2
TFR) t < t∗

TFRa,t ∼ N( ˆTFRa,t, σ2
TFR) t ≥ t∗

(3.7)

where t∗ denotes the year closest to year t for which an historical TFR estimate is available

for country a. The standard deviation parameter σTFR is assigned a non-informative prior,

namely a half-normal distribution with standard deviation equal to 10.

σTFR ∼ N +(0,102) (3.8)

The practical implication of this choice is that the marginal posterior distribution of the

TFR is almost entirely be determined by the observed data and by the prior information

from the other model parameters governing the data model.

6An alternative approach could involve either back-projecting the TFR in the model using a reverse
random walk or replacing the earliest available historical estimates with back-extrapolated values.
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3.3.5 Model and Priors for Age-specific Mortality

The model for Kx,a,t also requires the estimation of the person-years Lx,a,t parameters.

Hence, building on Schmertmann and Hauer (2019), we model child and adult mortality

employing the two-dimensional mortality model by Wilmoth et al. (2012). In this model,

the logarithmic transformation of the age-specific mortality risk (µx,t,c) is a function of

two main parameters q0−4,a,t and κa,t. q0−4,a,t indicates the probability of dying under age

5, while κa,t is a parameter affecting the shape of the age pattern of mortality. This model

can written as follows.

log (µx,a,t) = ax + bx log (q0−4,a,t) + cx[ log (q0−4,a,t)]
2 + dxκa,t (3.9)

ax, bx, cx, dx are age-specific fixed constants derived from various age-specific mortality

schedules in the Human Mortality Database. µx,t,c indicates the risk of dying in the age

group x at time t in country c. In order to derive the age-specific life table person-years, we

employ well-known demographic relationships. The model parameters q0−4,t,c are assigned

a Beta distribution as prior.

q0−4,t,c ∼ B(a(q̂0−4,t,c), b(q̂0−4,t,c)) (3.10)

where a(q̂0−4,t,c) and b(q̂0−4,t,c) are chosen so that P (0.9 ⋅ q̂0−4,t,c ≤ q0−4,t,c ≤ 1.1 ⋅ q̂0−4,t,c) = 0.9.

This ensures that the infant mortality in country c at time t lies fairly close to its estimated

value with 90% probability. In our example, we calculate the two parameters by means

of the utilities available in the R package LearnBayes (Albert, 2018).

The parameters κt,c are assigned a standard normal prior.

κt,c ∼ N(0,1) (3.11)

By relying on standard relationships of life table quantities, we are able to derive the

person-years. Specifically, we know that the survival column from an abridged life table
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lx,a,t can be written as a function of µx,a,t.

lx,a,t =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

1 if x = 0

e−µ0,a,t if x = 1

l1,a,t ⋅ e−4µ1,a,t if x = 5

lx−5,a,t ⋅ e−5µx−5,a,t ∀x > 5

(3.12)

Similarly, the life table person-years can be determined as follow.

Lx,a,t =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

1
2 ⋅ (l0,a,t + l1,a,t) + 4

2 ⋅ (l1,a,t + l5,a,t) x = 0

5
2 ⋅ (lx,a,t + lx+5,a,t) ∀x ≥ 5

(3.13)

A detailed discussion on how we estimate child mortality (q0−4,a,t) in the countries under

analysis can be found in the appendix in section B.6.

3.3.6 Bias-adjustment Priors

The modeling framework by Schmertmann and Hauer (2019) relies on the assumption that

the number of children and women is representative of the true population of interest.

Nonetheless, this assumption is violated from online genealogical populations, whose age-

sex distribution generally diverge from that of the true population. For this reason, we

introduce the parameter τa,t that governs the extent to which the expected number of

children per woman aged 15 − 49 during year t in country a is under- or over-estimated.

This parameter, positive by construction, is modeled on a log-scale and is assumed to be

generated from a normal distribution centered around a common time-varying parameter

νt, which can be interpreted as a transnational mean and allows to share information

across countries. In our example, in absence of ground truth population estimates for a

certain country in a given year t, its patterns of non-representativeness will be informed

by those of countries with accurate population data during the same year t.

log (τa,t) ∼ N(νt, σ2
τ) (3.14)
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In addition, to ensure that τa,t varies in a relatively regular pattern over time, we impose

a first-order autoregressive model (AR(1)) on νt7.

νt ∼ N(ρ ⋅ νt−1, σ2
ν) (3.15)

The parameter ρ is assigned a uniform distribution on (0,1) to ensure stationarity

(Gelman et al., 1995).

ρ ∼ U(0,1) (3.16)

The standard deviation parameters are assigned half-Normal weakly informative pri-

ors.

στ ∼ N +(0,12) (3.17)

σν ∼ N +(0,12) (3.18)

3.3.7 Model Implementation

The model was fitted using the R statistical package nimble (de Valpine et al., 2017).

The latter enables to specify the main structure of the model in R, compiles it in C++,

and employs a Metropolis-within-Gibbs Markov Chain Monte Carlo (MCMC) algorithm

to sample from the posterior distribution of the model’s parameters.

Since our ultimate objective is the estimation of the period TFR, we focused on the

posterior distribution of the parameter TFR and utilized its median as best estimate. In

order to quantify the uncertainty around this estimate, we built 95% credible intervals by

computing the 2.5% and 97.5% quantiles of the posterior distribution of the parameter

TFR. For the sake of simplicity, we denote the median of the posterior distribution of the

TFR parameter calculated from our proposed model by bTFR∗. We indicate the same

estimate obtained using the Bayesian model by Schmertmann and Hauer (2019), which

does not include any bias-adjustment process, with bTFR. Convergence was assessed

7We carried out sensitivity checks where τa,t was modeled via a random walk of order 1 (RW(1)) and
a random walk of order 2 (RW(2)). TFR estimates were remarkably similar. The results are reported in
figure B.3 in the appendix.
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visually via trace plots (Gelman et al., 1995) and numerically via the potential scale

reduction factor.

3.3.8 Validation of the Proposed Methods

We evaluate the performance of our proposed methods against competitors by means of

the root mean squared error (RMSE) between the proposed estimates and the ground

truth.

RMSE =

¿
ÁÁÁÁÀ

∑
t∈T true

a

( ˆTFRa,t − TFRtrue
a,t )2

∣T true
a ∣ (3.19)

where ˆTFRa,t is the estimated TFR for country a during year t according to a certain

method, TFRtrue
a,t indicates the TFR value computed from more trustworthy data sources8

for a country a in year t, T true
a is the set of years for which accurate historical values for

the TFR are available for country a and ∣T true
a ∣ denotes the number of years in the set

T true
a .

3.4 Indirect Estimation

The employment of a Bayesian modeling framework allows for the estimation of TFR

from imperfect data by integrating multiple data sources while accounting for their un-

certainty. The main drawback of Bayesian methods is their computational complexity.

For this reason, using indirect estimation, we show how the class of TFR indicators de-

veloped by Hauer and Schmertmann (2020) can be extended to account for the biases in

the counts of women and children in online genealogical populations. The idea behind the

construction of these demographic indicators is similar to the Bayesian one. First, they

only require the number of children under age 5 and of women aged 15-49, eliminating

8We acknowledge that the trustworthiness of the data sources used to produce the ’true’ historical
TFRs varies significantly by country. The majority of the TFR historical estimates were taken either
from the Human Fertility Collection (mostly for the Scandinavian countries) or from previous studies in
historical demography. Additionally, these sources do not report any measure of uncertainty around the
TFR estimates, making it challenging to assess the exact accuracy of their estimates.



70 3. Correcting Fertility in Online Genealogical Data

the need for knowledge of the number of births classified by maternal ages. Second, they

allow to incorporate information about child mortality, age-specific fertility patterns and

under-/over-reporting of children under age 5 and of women aged 15-49.

In contrast to the Bayesian setting, where demographic parameters are derived from

probability distributions and statistical models, in indirect estimation, the values of these

parameters are calculated deterministically from various data sources and are directly in-

corporated into the demographic indicators in the form of multipliers. Consequently, the

employment of indirect estimation offers a more straightforward approach by allowing for

the calculation of the TFR estimates without relying on complex statistical models. Nev-

ertheless, it lacks the capability to incorporate the uncertainty surrounding the estimation

of each demographic quantity.

3.4.1 Method description

By rearranging equation 3.3, Hauer and Schmertmann (2020) proposed to decompose the

TFR as a product a three major factors.

TFR = 1

pa,t
⋅ 1

sa,t
⋅
C
(gen)
a,t

W
(gen)
a,t

(3.20)

The previous equation states that the TFR calculated for a country a in year t can be

factorized into three major components, which includes the ratio of children aged 0-4

(C(gen)a,t ) to the number of women aged 15-49 (W (gen)
a,t ), a multiplier for the child survival

( 1
sa,t
), a multiplier for the age distribution of mothers at childbearing ( 1

pa,t
). In this

setting, ( 1
sa,t
) and ( 1

pa,t
) are treated as numerical constants derived from different data

sources, while in the Bayesian modeling framework they are generated from statistical

models and probabilistic distributions. Hauer and Schmertmann (2020) have set ( 1
sa,t
)

to be equal to ( 1
1−0.75⋅q0−4,a,t). By changing the approximation for ( 1

pa,t
), Hauer and

Schmertmann (2020) have identified two major classes of indicators. The first set of

measures is called implied total fertility rate (iTFR, iTFR+) with ( 1
pa,t
≈ 7) and assumes

that fertility levels are constant across the maternal age classes. The second measure is
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named extended total fertility rate (xTFR, xTFR+) allows ( 1
pa,t
) to be different from

7 and to depend on the proportion of women aged 25 − 34 (π2534,a,t)in the age pyramid,

specifically ( 1
pa,t
) is approximated by 10.65 − 12.55π2534,a,t.

In general, the foundational assumption underlying equation 3.20 is that the number

of children under the age of 5, as observed in an age pyramid for country a in year

t, following adjustments for mortality ( 1
sa,t
) and fertility age patterns, can serve as a

reliable proxy for recent births to women aged 15 − 49 within the same age pyramid.

Additionally, this approach hinges on the assumption that the child-woman ratio (CWR)

calculated from the age pyramid accurately reflects the ratio observed in the general

population.

Nonetheless, this assumption encounters challenges when applied to populations sourced

from online genealogies. Such populations are prone to various biases that compromise

their representativeness. Consequently, we propose an extension to the decomposition

by Hauer and Schmertmann (2020). This extension introduces a bias multiplier (ra,t)

designed to address the non-representativeness of the genealogy-based CWRs. The

inclusion of this multiplier aims to refine the estimation of fertility rates when counts of

children under 5 and of women aged 15 − 49 from the population pyramids are biased.

Hence, by including the bias-adjustment multiplier in equation 3.20, we obtain the

following expression.

TFRa,t = ra,t ⋅
1

pa,t
⋅ 1

sa,t
⋅
C

(gen)
a,t

W
(gen)
a,t

(3.21)

ra,t =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

True CWR in country a
Genealogical CWR in country a if a ∈ T true

a

True CWR in country a∗
Genealogical CWR in country a∗ if a ∉ T true

a

(3.22)

In order to mimic the borrowing of information across countries from our proposed

Bayesian modeling framework, we assume that the multiplier ra,t is calculated from the

ratio of the true CWR to the genealogical CWR when ground-truth population estimates

are available for country a and year t. If this is not the case, we set the value of this

multiplier to be equal to the one of another country a∗ for which ground-truth population
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counts are available. In our example, we borrow such information from Sweden due to

its availability of high-quality demographic estimates for the entire period 1751 − 1910.

By applying the previous correction factor to the decomposition proposed by Hauer and

Schmertmann (2020), we proposed two new indicators for the classes of implied total fer-

tility rates (iTFR∗) and extend total fertility rates (xTFR∗). In general, the multiplier

ra,t is fairly similar to the parameter τa,t in that it denotes the extent to which we are

under-/over-estimating the number of children per woman aged 15−49 in country a during

year t. Nevertheless, ra,t corrects the genealogy-based CWR based on the bias patterns

observed in a country with more reliable population estimates, whereas τa,t calibrate the

genealogy-based CWR by borrowing information from multiple countries.

One of the key advantages of the proposed Bayesian method over indirect estimation is its

ability to model the bias-adjustment multiplier more flexibly by imposing a hierarchical

structure. On the contrary, the proposed indirect adjustment is simpler and straightfor-

ward but also results in a more rigid correction in the final TFR indirect estimates.

iTFR∗ = ra,t ⋅ 7 ⋅
⎛
⎝

1

1 − 0.75 ⋅ q0−4,a,t
⎞
⎠
⋅
C

(gen)
a,t

W
(gen)
a,t

(3.23)

xTFR∗ = ra,t ⋅ (10.65 − 12.55π2534,a,t) ⋅
⎛
⎝

1

1 − 0.75 ⋅ q0−4,a,t
⎞
⎠
⋅
C

(gen)
a,t

W
(gen)
a,t

(3.24)

3.5 Results

We illustrate the results of the proposed model-based estimates and indirect indicators

in the eight countries of interest for the historical period 1751 − 1910. Although our

analysis is limited to North America and Europe, the countries under analysis exhibit

considerable heterogeneity in their fertility patterns. France stands as a notable example

of a country experiencing an exceptionally early fertility transition, which dates back to

the beginning of the eighteenth century, roughly seventy years earlier than other nations

under examination(Weir, 1984; Wrigley, 1985). United States of America and England &

Wales initiated their fertility decline around 1860s and 1870s, while the other countries
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did not begin their transition before 1880s (Lee, 2002).

Figure 3.4 illustrates the historical estimates of TFR by country from studies in historical

demography or other reliable data sources listed in table B.1 (red asterisk), the fertility

estimates based on the Bayesian model by Schmertmann and Hauer (2019), which does not

account for the non-representativeness of online genealogical populations (purple squares),

the estimates derived from our proposed model (green triangles). A detailed inspection

of the plot underlines that our proposed Bayesian model provides TFR estimates that

are closer to the historical TFR estimates. If we consider the TFR estimates obtained

without any bias-adjustment, we note that they are generally downward biased as they

do not account for the underestimation of children under age 5 and women aged 15 − 49

in online genealogies 9. As illustrated in table B.1, by comparing the performance of our

method against the one by Schmertmann and Hauer (2019), we observe a wide reduction

in the MSE.
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Figure 3.4: Model-based and historical TFR estimates for eight countries during the period
1751-1910. Shaded areas denote 95% credible intervals. Model-based estimates refer to the TFR
medians from the corresponding posterior samples. bTFR refers to median posterior estimates
from the original model by Schmertmann and Hauer (2019), which does not accout for biases in
population structures from FamiLinx. bTFR∗ indicates the median posterior estimates from our
proposed model, which accounts for the non-representativeness of FamiLinx populations through
the inclusion of bias-adjustment parameters.

9In the original model by Schmertmann and Hauer (2019), the TFR was assigned an informative
uniform prior (Unif(0,20)). When we fit the model, we opted to place on the TFR parameter the same
prior that was used in our proposed model.
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This result suggests that our proposed model effectively adjusts the biases in online

genealogical populations to estimate fertility patterns more accurately. In addition, we

observe a higher uncertainty around the TFR estimates in countries and historical period

for which more trustworthy population data by age and sex are lacking. Nonetheless, when

accurate data on children under 5 and of women aged 15−49 are available, the uncertainty

around the TFR estimates decreases and the model estimates mirror the historical TFR

values even more closely.
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Figure 3.5: iTFR estimates and historical TFR estimates for eight countries during the period
1751-1910. iTFR refers to the simplest indicator from the decomposition by Hauer and Schmert-
mann (2020), which does not account for child mortality and for the non-representativeness of
online genealogical data. iTFR+ is an extended version of the indicator iTFR that adjusts for
child mortality. iTFR∗ further refines the indicator iTFR by accounting not only for both child
mortality and the non-representativeness of online genealogical data.

Figure 3.5 depicts the historical estimates of TFR by country where data are avail-

able (red asterisk), the un-adjusted estimates iTFR (blue stars), the mortality-adjusted

estimates (purple x symbol) and our proposed estimate iTFR∗ (green triangles). In agree-

ment with the Bayesian framework, our proposed estimate exhibits superior performance

relative to both the un-adjusted and mortality-adjusted estimates. Similar results are

found for xTFR∗ (see figure B.2 in the appendix). This finding underlines the necessity

of including a multiplier which accounts for the bias in the CWR when applying the

indirect estimation method by Hauer and Schmertmann (2020) to defective data.
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Table 3.1: Performance of the different TFR estimation methods using the RMSE as a metric.

Country bTFR∗ iTFR∗ xTFR∗ bTFR iTFR+ xTFR+ iTFR xTFR
DEN 0.11 0.12 0.12 0.67 0.83 0.82 1.15 1.14
ENG 0.15 0.31 0.38 1.67 1.63 1.67 2.12 2.16
FIN 0.23 0.34 0.39 1.64 1.58 1.62 2.21 2.25
FRA 0.14 0.19 0.19 1.10 1.01 0.99 1.17 1.16
NLD 0.25 0.38 0.45 2.41 2.31 2.36 2.86 2.90
NOR 0.14 0.30 0.36 1.67 1.37 1.41 1.76 1.79
SWE 0.17 0.26 0.27 1.21 1.15 1.17 1.61 1.63
USA 0.36 0.51 0.50 1.18 1.15 1.17 1.63 1.65

Table 3.1 illustrates the performance of the proposed Bayesian model (bTFR∗) in

comparison with the other TFR estimation methods using the RMSE as metric. We

observe that our proposed Bayesian model outperforms all the other estimators in all

countries. In general, adjusting for non-representativeness of online genealogical data im-

proves the accuracy of the fertility estimates in both the Bayesian modeling and indirect

estimation setting. In both estimation settings, the US exhibit the lowest improvement in

the RMSE. While the other countries display a more substantial wealth of information on

fertility and mortality levels during the historical period 1751−1910, reliable national de-

mographic data for the US tend to be more scant. As pointed out by Hacker and Roberts

(2019), measuring fertility in the US during the previous historical period is inherently

challenging as a national birth registration system was not completed until 1933. In addi-

tion, the majority of the national demographic estimates for the US are only available for

the white population. In our example, we believe that this limitation is mitigated since

the majority of the genealogical US population is most likely white, given the high share

of individuals with ancestors from Europe in FamiLinx (Kaplanis et al., 2018; Pojman

et al., 2023). The US TFR estimates (bTFR∗) from the proposed model seems to mirror

the historical TFR values by Coale and Zelnik (1961) quite closely before 1850 and after

1870. Conversely, in the period between 1850 and 1870 our proposed method seems to

slightly overcorrect the TFR. This finding likely arises from the unavailability of yearly US

demographic estimates by age and sex, which does not allow us to properly capture the

temporary TFR decline following the American Civil War during the period 1861-1865.

While studying the timing of the fertility transition is outside the scope of this paper, all
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countries display trends that generally agree with previous studies in historical demogra-

phy. We can note that France has established itself as the front runner in fertility decline

(Pison, 2012). In agreement with Jaadla et al. (2020), England & Wales experienced an

increase in the TFR at the beginning of the eighteenth century and did not start their

secular decline until 1880s, whereas the United States of America entered their fertil-

ity transition after the Civil War (1861–65) (Hacker and Roberts, 2019). Regarding the

other countries, they do not experience any decline in fertility before 1880s with Finland

notably maintaining the highest fertility levels by the end of the study period. In addi-

tion, the time series of bTFR∗ estimates display the ability of our proposed method to

capture exogenous shocks such as famines that caused temporary declines in overall fer-

tility levels. For instance, temporary declines affected Sweden and Finland in 1868-1970

due to the last major Northern-European famine, while the Netherlands suffered from

the so-called ’Potato Blight’ during the historical period 1846-1847 which caused the loss

of roughly 70% of the potato crop (Bergman, 1967) and an unprecedented reduction in

overall fertility.

3.6 Discussion

The spread of technology has furnished population scientists with an unprecedented

wealth of data sources, significantly enriching the demographic research landscape

(Kashyap, 2021). This surge has led to a growing body of literature in demographic

research relying on digital data. Although the majority of studies in ’digital’ demogra-

phy have focused on contemporary populations, we believe that historical demography

stands in a unique position to benefit from these novel data streams. The digitization

of traditional data sources such as parish records and censuses, alongside the develop-

ment of platforms where users from different parts of the world can share their family

history, offer much promise for the examination of demographic processes in the past at

a more global scale. In this paper our focus is on data derived from digital genealogical

trees, generated by a transnational network of genealogy enthusiasts dedicated to recon-

struct their family history. As they contain demographic information about individuals
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whose life courses unfolded in the last 400 years across different countries, these reposi-

tories provide an unprecedented opportunity to study population dynamics in the past.

Nonetheless, as pointed out by Colasurdo and Omenti (2024), this data source presents

several pitfalls, which hamper its employment in demographic research, including the

under-representation of various subgroups such as women and children as well as issues

related to the accuracy of the reported demographic information.

In response to these challenges, this paper proposes a methodological framework to obtain

accurate TFR estimates from data that are inherently defective. Our proposed methods

combine data from online genealogical populations with more traditional data sources in

order to obtain TFR estimates in various historical populations. Specifically, we added

a bias-adjustment process to the modeling framework developed by Schmertmann and

Hauer (2019) to incorporate information about the extent to which the number of chil-

dren under 5 per woman aged 15 − 49 is under- or over-estimated in online genealogical

data. In parallel, we extended the decomposition by Hauer and Schmertmann (2020) by

incorporating a multiplier that allows for the correction of the CWR derived from the

online genealogical data and for the exchange of information across countries within an

indirect estimation setting.

The results suggest that the proposed adjustments, both within the Bayesian and indirect

estimation frameworks, yield fairly plausible TFR estimates. While both methods enhance

noticeable gains in the accuracy of the fertility estimates, the Bayesian model generally

outperforms the indirect estimation approach in the majority of countries. Although the

employment of indirect estimation is appealing due its straight-forward implementation,

it does not allow to account for the uncertainty coming from the different data sources.

Conversely, the Bayesian approach is favored as it allows to quantify the uncertainty sur-

rounding the fertility estimates, despite being computationally more intensive.

However, this research paper is not free from limitations. First, by pooling information

across countries we assume that biases observed in countries with accurate population data

are similar to those observed in countries that lack such estimates. We acknowledge that

this may not be the case as the extent to which population subgroups, stratified by age
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and sex, in online genealogies are under- or over-represented not only varies across time

but also across countries. Second, the assumption of constant child mortality in countries

and historical periods lacking accurate estimates may be unrealistic. As demographic the-

ory suggests, in historical pre-transitional populations child mortality was both high and

subjected to significant fluctuations in response to exogenous factors such as pandemics

and famines (Pozzi and Fariñas, 2015). Third, the lack of variables such as education and

socio-economic status limits our ability to examine heterogeneity in fertility behaviors

across population subgroups. Fourth, the absence of information about migration events

in FamiLinx prevents us from investigating differences in fertility patterns between native

and migrant women. Fourth, the anonymity of the records in FamiLinx does not allow

for the implementation of statistical matching techniques to link these data with other

more informative micro-level data sources such as censuses. Last but not least, another

non-negligible limitation is the inability of the proposed method to produce fertility mea-

sures other than the TFR. The capability to estimate other fertility indicators, such as

the cohort fertility rate (CFR) and the mean age at childbearing (MAB) would certainly

allow for a more detailed overview of the fertility dynamics of the historical populations

included in the analysis.

While our paper has employed digital data from online genealogies to examine fertil-

ity levels in past historical populations, we believe that our methodological framework

holds much promise for applications in both historical and contemporary data-sparse

settings such as countries lacking well-functioning civil registration systems, where non-

conventional data sources could be leveraged for fertility measurement. For instance, our

method could be employed to examine fertility patterns using other digital trace data

such as those from Facebook’s Advertising Platform that provides counts of Facebook

users stratified by relevant characteristics such as age, sex and location.

To summarize, we have proposed novel extensions to existing indirect estimation tech-

niques by Hauer and Schmertmann (2020) and to the Bayesian modeling framework by

Schmertmann and Hauer (2019) to gauge fertility levels in eight countries during the

historical period 1751−1910. Both methods allow for the combination of online genealog-
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ical data with other historical data sources, whose information was included by means

of multipliers in the case of indirect estimation, or through the incorporation of a sta-

tistical models and priors within the Bayesian modeling framework. To conclude, this

research paper sheds new light on the potential of Bayesian and indirect estimation meth-

ods to investigate the fertility patterns in countries and historical periods with imperfect

demographic data.
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4.1 Introduction

Accurate subnational fertility estimates represent an essential tool for analyzing fertil-

ity patterns within a country. Reliable subnational fertility estimates help researchers

to identify compositional and contextual factors influencing fertility behaviors at a local

level.

We emphasize the importance of examining fertility not only among women but also

among men at a subnational level. While female fertility has been well-documented glob-

ally, male fertility tends to be neglected due to a significant lack of high quality information

(Coleman, 1995). This bias mirrors the focus on female fertility in data collection efforts.

Collecting data on the fertility behavior of women is comparatively easier due to a more

precise definition of the childbearing age interval and the superior information quality in

surveys (Greene and Biddlecom, 2000). Nonetheless, confining fertility studies exclusively

to women leads researchers to neglect the distinctive aspects associated with fertility be-

haviors among men (Schoumaker, 2019).

In addition, estimating male fertility is crucial for matrix-oriented kinship models de-

veloped by Caswell and Song (2021). This approach requires time-varying demographic

rates, namely age- and sex-specific fertility and survival rates, for the calculation of the

expected number of different types of kin implied by such rates. Due to unavailability of

male fertility estimates for multiple countries, the global kinship projections developed by

Alburez-Gutierrez et al. (2022) assumed that the male age-specific fertility rates mirrored

those of females. Incorporating accurate male fertility estimates into these models could

improve the accuracy of the kinship projections by Alburez-Gutierrez et al. (2022).

Paget and Timæus (1994); Ratcliffe et al. (2000); Zhang (2010); Keilman et al. (2014);

Dudel and Klüsener (2016); Schoumaker (2017); Schmertmann and Hauer (2019); Dudel

et al. (2023) have documented substantial differences between male and female fertility.

In general, the age-specific fertility curves of men have been found to be somewhat similar

to that of women. However, unlike women, men typically have a broader reproductive

age span, with lower age-specific fertility at younger ages and higher levels at older ages

(Schoumaker, 2019). In addition, non-negligible disparities in sex-specific TFRs have
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been found (Ratcliffe et al., 2000; Zhang, 2010; Dudel and Klüsener, 2016; Schoumaker,

2017, 2019). In low-fertility settings, fertility levels among men and women tend to be

similar, with female fertility being slightly higher than male fertility (Zhang, 2010; Dudel

and Klüsener, 2016)1. Conversely, in high-fertility settings, especially in polygynous soci-

eties2, male fertility have been shown to be disproportionately higher than female fertility

(Tragaki and Bagavos, 2014; Schoumaker, 2017). In the context of developing countries,

Schoumaker (2019) found that higher differences between male and female fertility are as-

sociated with a higher prevalence of polygynous unions and with larger disparities between

age at motherhood and age at fatherhood. In addition, sex ratio imbalances have been

found to be major drivers of the observed differences between male and female fertility.

For instance, Dudel and Klüsener (2016) found that male fertility was much lower than

female fertility in eastern Germany during the 1990s, due to a high proportion of female

out-migrants after the fall of the Soviet Union. Similarly, Coleman (1995) documented

substantially higher male fertility in France during the 1920s due to the shortage of men

following the World War I.

In general, while variations in male and female fertility have been documented at a na-

tional level, less attention has been devoted to the study of male and female fertility at a

subnational level. One of the major challenges in producing subnational fertility estimates

can be attributed to small populations in which variations in birth counts tend to be fairly

high. Furthermore, detailed information on births classified by parental ages, especially

fathers, is often lacking for subnational populations due to various reasons: data confi-

dentiality concerns, unavailability of paternal information in birth records, low coverage

of certain areas within a country, lack of well-functioning vital registration systems, lack

of nationally-representative surveys.

Building on the methodological framework by Schmertmann and Hauer (2019), this re-

search paper proposes a Bayesian model for estimating the period TFR across multiple

1Dudel and Klüsener (2021) explained the slightly higher fertility levels observed among women in
high-income countries with the so-called “birth squeeze” hypothesis. In many couples from high-income
countries, the male partner tends to be older than the female partner, who comes from smaller birth
cohorts. Hence, this move from bigger to smaller cohorts puts males at a disadvantage.

2Polygyny refers to a form of polygamy entailing the marriage of a man to several women.
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geographical areas without the knowledge of the number of births classified by parental

ages. The proposed model allows for the estimation of the period TFR using minimal

input data, specifically the number of children aged 0 − 4, the number of women in the

reproductive age interval 15 − 49 and the number of men aged 15 − 59. Unlike the origi-

nal model by Schmertmann and Hauer (2019), which focuses solely on the estimation of

female TFRs, our objective is to expand this model in two ways: first, by enabling the

estimation of male fertility, and second, by accounting for temporal and spatial depen-

dencies among adjacent areas and consecutive years.

To the best of our knowledge, this research paper represents one of the first attempts to

develop a Bayesian model for estimating male fertility at a subnational level. Our pro-

posed model relies on a Bayesian hierarchical structure, which allows for the incorporation

of prior information about subnational mortality schedules and standard age-specific fer-

tility patterns. In addition, it allows to construct credible intervals for the TFR estimates,

helping to understand fertility patterns in smaller geographical areas where uncertainty

is higher.

The following section will briefly describe existing methods for the estimation of male

fertility from traditional data sources, such as surveys and birth registers, and provide

a brief overview on the use of Bayesian methods for demographic estimation. We then

provide a detailed description of the proposed model followed by a model-based simula-

tion using Australian subnational fertility data. Finally, following a brief outline of the

data sources, we present an application of the proposed model to population data from

US counties over the period 1982-2019.

4.2 Background

4.2.1 Existing Methods for Male Fertility Estimation

Previous research on the estimation of male fertility indicators has relied mostly on either

nationally-representative surveys or birth registers. For instance, Schoumaker (2017) pro-

posed a revised version of the own-children method to compute male fertility indicators
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in developing countries from the Demographic and Health Surveys (DHS). Focusing on

countries with well-functioning registration systems, Dudel and Klüsener (2016) employed

standard demographic techniques to estimate male fertility from birth register data. To

account for births with missing ages at fatherhood, both methods used imputation tech-

niques.

These methods have shown to measure male fertility accurately when high quality birth

register data and nationally representative surveys are available. However, these data

sources are not always accessible. Many low-income countries lack well-functioning vital

registration systems, which would provide the necessary data to compute male fertility

according to the method by (Dudel and Klüsener, 2016). While nationally-representative

surveys have been conducted in many developing countries, they are typically available

only for selected years, being both time-consuming and expensive to implement. Further-

more, both of these methods do not account for potential measurement errors in the data

or random variation in demographic processes, which is particularly crucial for subna-

tional populations.

Our proposed Bayesian model is particularly useful in a subnational setting. First, it

allows to account for various types of errors and to effectively incorporate spatial and

temporal dependencies. Second, our proposed model does not require information on

births classified by parental ages. Instead, it requires accurate subnational age-sex popula-

tion counts, along with standard age-specific fertility schedules and subnational mortality

estimates. Generally, subnational population estimates by age and sex are more readily

available in comparison to subnational birth data classified by parental ages. In developed

countries, accurate subnational population estimates by age and sex are generally pro-

vided by statistical offices without restrictions. In low-income countries, obtaining these

estimates can be significantly more challenging (Alexander and Alkema, 2022). Nonethe-

less, several efforts have been made to produce subnational population estimates by age

and sex in developing countries. For instance, subnational population estimates and pro-

jections by age and sex are provided by the US Census Bureau for several developing
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nations for the period 2000−2030 using data from the most recent censuses (U.S. Census

Bureau, 2017).

4.2.2 Bayesian Methods in Demography

Bayesian methods3 have become increasingly common in demography due to their abil-

ity to combine multiple data sources in the same model and to account for various

types of errors (Bijak and Bryant, 2016; Bryant and Zhang, 2018). The employment of

Bayesian methods has allowed unprecedented advancements in the estimation and fore-

cast of national populations (Raftery et al., 2012, 2014), migration (Bijak, 2008; Bijak and

Wiśniowski, 2010; Abel et al., 2013), fertility (Alkema et al., 2011; Schmertmann et al.,

2014; Ellison et al., 2020; Batyra et al., 2023; Ellison et al., 2024) and mortality (Raftery

et al., 2013; Alkema and New, 2014; Alexander and Alkema, 2018).

In the context of subnational estimation, Bayesian methods have also been widely used.

For subnational mortality, Alexander et al. (2017) and Schmertmann and Gonzaga (2018)

developed Bayesian hierarchical models to estimate subnational mortality in contexts

where data availability is limited. Regarding subnational populations, Bayesian methods

have again played a crucial role. Bryant and Graham (2013) proposed a formal Bayesian

framework to obtain subnational population estimates for six regions in New Zealand re-

lying on multiple data sources. More recently, Alexander and Alkema (2022) developed a

Bayesian method to estimate and forecast subnational population estimates by age and

sex in contexts with limited data. In addition, the “digital revolution” has led researchers

to produce subnational population estimates from non-conventional data sources within a

Bayesian framework. For instance, Leasure et al. (2020) developed a Bayesian hierarchical

model to obtain subnational population estimates using geo-located data.

Concerning subnational fertility estimation, Ševčíková et al. (2018) proposed a Bayesian

model to estimate and forecast subnational TFRs that are consistent with the national

3The literature review of Bayesian methods in demography presented in this chapter is an expanded
version of the concise overview provided in Section 3.1 of Chapter 3. While Section 3.1 of Chapter 3
offers a brief introduction to Bayesian approaches for demographic research, Section 4.2.2 provides a
more comprehensive examination of this research field, exploring recent advancements and applications
in greater detail.
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estimates produced by the United Nations. Schmertmann et al. (2013) employed empir-

ical Bayesian methods to smooth volatile regional fertility data and then applied a new

variant of the Brass relational model.

Despite the unprecedented developments in demographic estimation with Bayesian meth-

ods, male fertility estimation has been largely neglected, especially at a subnational level.

Building on the methodological framework by Schmertmann and Hauer (2019), we present

a Bayesian model to examine the evolution of subnational male and female TFR estimates

over time and space. By combining multiple data sources, this model allows uncertainty

to be incorporated and estimates to be driven by the available data.

While the proposed model requires the availability of accurate population estimates by

age and sex, it does not require any knowledge of subnational age-specific fertility pat-

terns. Instead, we utilize a statistical model based on principal components derived

from national age-specific fertility patterns. To incorporate the mortality experienced by

children and their parents, our model demands the availability of subnational mortality

estimates. Although this is a strong requirement, we acknowledge that this limitation

could be overcome by using more complex mortality model to address situations where

accurate subnational mortality estimates are unavailable.

4.3 Method

4.3.1 Model Setup

Following the approach by Schmertmann and Hauer (2019)4, we let Ca,t be the observed

number of children in area a and year t. We assume that it can be modeled as a Poisson

distribution:

Ca,t∣Ks
x,a,t ∼ Pois(

ωs

∑
x=15

Ks
x,a,tE

s
x,a,t) (4.1)

4The modeling framework outlined in Section 4.3 of this chapter resembles quite closely the approach
presented in Section 3.3 of Chapter 3, leading to the unavoidable repetition of some formulae. However,
the modeling framework from Chapter 3 aims to produce female TFR estimates by combining imperfect
population data with more accurate population data, while the modeling approach of this chapter lever-
ages accurate small-area population data classified by age and sex to obtain subnational male and female
TFR estimates.
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where Ks
x,a,t is the expected number of children per individual of sex s in age group x,

area a and year t at the end of the five-year period5, Es
x,a,t indicates the observed number

of individuals of sex s in age group x, area a and year t, ωs is the last reproductive

age group for individuals of sex s. The value of ωs is assumed to be 45 − 49 for women

and 55 − 59 for men. In addition, throughout this paper, we will consider demographic

quantities calculated for five-year age groups.

By harnessing standard approximations from cohort-component projection methods (see

Keyfitz et al. (2005) for a review), we can define Ks
x,a,t as follows.

Ks
x,a,t = [

Ls
x−5,a,t

Ls
x,a,t

⋅ F s
x−5,a,t + F s

x,a,t] ⋅
L0,a,t

2
(4.2)

where Ls
x,a,t denotes the expected person-years lived by individuals of sex s in age group x

in area a and year t. L0,a,t denotes the person-years lived by individuals in the age group

0 − 4 in area a and year t. F s
x,a,t denotes the expected fertility experienced by individuals

of sex s in the age interval [x,x+ 5) in area a and year t. We set F s
x,a,t to be zero outside

the interval [15,60) for men and outside the interval [15,50) for women.

Following Hauer and Schmertmann (2020), we can rearrange equation 4.2, which can be

rewritten as

Ks
x,t,c = TFRs

a,t ⋅
L0,a,t

5
⋅ 1
2
⋅ [
Ls
x−5,a,t

Ls
x,a,t

⋅ ϕs
x−5,a,t + ϕs

x,a,t] (4.3)

where ϕs
x,a,t =

5⋅F s
x,a,t

TFRs
a,t

is the fraction of life time fertility occurring to individuals of sex s

in the age group x if they are subject to the age-specific fertility rates observed in area a

and year t throughout their reproductive ages. L0,a,t

5 denotes the expected fraction of still

alive among children aged 0 − 4 in area a and year t. TFRs
a,t is the period total fertility

rate experienced by either men or women in area a and year t. This demographic measure

can be interpreted as the expected number of children per man (woman) in area a and

year t if he (she) is subject to the current period age-specific fertility rates throughout his

(her) parental ages.

5The term Kx,t,a follows a simple rearrangement of the Leslie matrix formulas (Wachter, 2014).
However, unlike in standard cohort-component projection methods, this term defines the age of the
mother as being attained at the end of the age interval rather than at the beginning.
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Our proposed Bayesian model 4.3 incorporates demographic knowledge and uncertainty

about demographic quantities by placing statistical models and priors on mortality and

fertility parameters in equation 4.2.

4.3.2 Model for Age-specific Fertility Schedules

To incorporate prior knowledge about age-specific fertility schedules, we model the log

transformation of the ratio of the share of life time fertility experienced by individuals of

sex s in the age group x (ϕs
x,a,t) to the share of life time fertility experienced by individuals

of sex s in the age group 15− 19 (ϕs
15,a,t). By applying this transformation, we make sure

that the age-specific fertility schedules can assume both positive and negative values.

γsx,a,t = log
⎛
⎝
ϕs
x,a,t

ϕs
15,a,t

⎞
⎠

(4.4)

Then, we model γsx,a,t as follows

γsx,a,t =ms
x + ys1,xβs

1,a,t + ys2,xβs
2,a,t + νsa + δst + ϵsa,t (4.5)

where ms, ys
1 and ys

2 are components derived from a set of standard age-specific fer-

tility curves. In particular, ms is a vector containing the age-specific means of the log-

transformed age-specific fertility schedules (γsx,a,t), while ys
1 and ys

2 are the first and second

left-singular vectors which are obtained via a singular value decomposition (SVD) on the

matrix Y s whose columns are log-transformed male (female) age-specific fertility sched-

ules (γsa,t).

For example, in our application to US counties we employ the US national age-specific fe-

male fertility curves for the period 1982−2021 retrieved from the Human Fertility Database

(Jasilioniene et al., 2015). US national age-specific male fertility curves are derived from

the Human Fertility Collection (Grigorieva et al., 2015) and cover the period 1982−2015.

The mean ms describes the overall age-specific fertility curve. As expected, both male

and female age-specific fertility patterns increase up to the age 30 − 34 and then start to

taper off. The decrease is substantially faster for women compared to men due the nar-
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Figure 4.1: The figure provides an example of the SVD applied to logged US age- and sex-
specific fertility proportions (γsx,a,t). The first plot illustrates the average logged fertility rates
proportions across the distinct reproductive age classes by sex (ms). The second and third
plots display the values of the first (ys

1) and second (ys
2) left-singular vectors of the matrix (Y s)

separately for men and women.

rower female reproductive age span. For both men and women, ys
1 seems to allow for the

postponement of the mean age at parenthood, strictly increasing for women throughout

the reproductive age period and for men up to the age class 40−44. This is coherent with

the “postponement transition” suggested by Kohler et al. (2002). ys
2 allows for higher

fertility levels in the reproductive age interval 35 − 44. For instance, in regions with a

large share of highly educated men and women in reproductive ages, fertility in the age

interval 35 − 44 may be higher than the mean age fertility pattern.

βs
1,a,t and βs

2,a,t are defined as shape parameters drawn independently from a standard

normal distribution for each combination of area a and time t.

βs
p,a,t ∼ N(0,1) (4.6)

The parameters νsa controls the spatial autocorrelation among adjacent areas. These

spatial effects are modeled via an intrinsic conditionally autoregressive model (ICAR)
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(Besag et al., 1991; Besag and Kooperberg, 1995).

νsa∣νsb ∼ N(
1

n∆a

⋅ ∑
b∈∆a

wa,bν
s
a, n∆aλ

s
ν) (4.7)

where wa,b is a weight being equal to 1 if area b is a neighbor of area a or 0 otherwise.

∆a indicates the set of neighbors for area a. n∆a denotes the number of neighbors of area

a. λsν is the precision of the spatial effect νsa. Following the suggestions by Knorr-Held

(2000), we assign a non-informative prior to λsν . Namely,

λsν ∼ gamma(1,0.01) (4.8)

The parameter δst accounts for the temporal dependence of age-specific fertility patterns

between consecutive years. This temporal effect is modeled via a first-order random

walk.

δst ∼ N(δst−1, σ2
δ) (4.9)

The parameter ϵsa,t captures the residual spatio-temporal autocorrelation that is not ac-

counted by the other independent spatial and temporal effects. It is assigned a normal

distribution with zero mean.

ϵsa,t ∼ N(0, σ2
ϵ ) (4.10)

We place weakly informative priors on the standard deviation parameters σδ and σϵ6.

σδ ∼ N +(0,1) (4.11)

σϵ ∼ N +(0,1) (4.12)

6A simulation exercise for understanding the ability of model 4.5 to capture age-specific fertility
patterns is included in the appendix (see figure C.1).
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Priors on Total Fertility Rates

The total fertility rate TFRs
t,a from equation 4.3 is assigned a normal distribution, whose

mean is assumed to be equal to the regional-level TFR observed in year t (TFRregion,s
t )7

for either men or women8.

TFRs
t,a ∼ N(TFRregion,s

t , σ2
TFRs

t,a
) (4.13)

The standard deviation parameter σTFRs
t,a

is assigned a weakly informative prior.

σTFRs
t,a
∼ N +(0,1) (4.14)

The practical implication of centering the prior distribution of TFRs
t,a to the state value

TFRregion,s
t is to shrink counties with a small population towards the state average. In

this manner, fertility levels in small counties are partially informed by the state fertility

level. On the contrary, fertility levels in larger counties are primarily determined by

the composition of their population in terms of age and sex. In addition, if state-level

TFR values are unavailable, we center the distribution of the TFR parameter around

the national value. In our example, US male TFR values are available until 2004 at the

state level. Therefore, starting from 2005, we let the mean of the male TFR parameters

be equal to the corresponding national values9.

7In the United States, “region” can refer to various geographic units when discussing the TFR, such
as individual states or broader areas. When state-specific TFR data is unavailable, national TFR figures
are often used.

8We acknowledge that the US is a country with a well-functioning civil registration system. National
or state-level male TFR estimates may be unavailable in other contexts, including several developing
countries. As an alternative, one could place an uninformative prior on the TFR parameter (e.g. a
uniform distribution on the interval [0,12]).

9National male TFR values are available from Human Fertility Collection until 2015. For the years
2016-2019, we assume that the mean of the TFR parameters to be equal to the national TFR value
recorded in 2015.
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4.3.3 Priors on Mortality Parameters

Schmertmann and Hauer (2019) modeled child and adult mortality with the log-quadratic

mortality model by Wilmoth et al. (2012). Without delving into technical details, they es-

tablished prior distributions for the two parameters of the log-quadratic model by Wilmoth

et al. (2012) and recovered the age-specific person-years using standard life table relation-

ships.

Our proposed model incorporates information about child and adult mortality by placing

a prior probability distribution directly on the person-years parameters (e.g. L0,a,t and

Ls
x,a,t) of equation 4.3. In our data example, we used county-specific life tables for the

historical period 1982−2019 from the US Mortality Database. However, we are aware that

the direct modeling of the person-years is feasible provided that subnational life tables

are available for the country of interest. In case we lack detailed subnational mortality

data, the person-years parameters could estimated via mortality models or using national

life tables from the United Nations World Population Prospects (UNDESA, 2024) or the

World Health Organization (WHO, 2022).

Operationally, in order to include the uncertainty associated to the subnational person-

years estimates in 4.3, we assume that the person-years for individuals of sex s in an age

group x in area a at time t (Ls
x,a,t) are normally distributed with a mean equal to the

corresponding person-years estimate for the age group x from the subnational life table

data referring to sex s, area a and, time t. The variance is calculated through empirical

simulations10.

L0,a,t ∼ N
⎛
⎝
L̂0,a,t, σ̂

2
L̂0,a,t

⎞
⎠

(4.15)

Ls
x,a,t ∼ N

⎛
⎝
L̂s
x,a,t, σ̂

2
L̂s
x,a,t

⎞
⎠

(4.16)

where L̂0,a,t indicates the estimated person-years for the age-group 0 − 4 from a pe-

riod life table constructed using mortality rates observed in area a at time t. L̂0,a,t

is included to incorporate information about mortality among children under age 5.

10More details on the calculation of the variances of the person-years parameters are provided in the
appendix in section C.1.
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Similarly, L̂s
x,a,t denotes the estimated sex-specific person-years for the age classes x =

10 − 14,15 − 19, . . . ,45 − 49 for women and x = 10 − 14,15 − 19, . . . ,55 − 59 for men. These

estimates are obtained from a sex-specific subnational life tables referring to area a and

year t. The inclusion of L̂s
x,a,t is to account for mortality experienced by men and women

during their reproductive ages. σ̂2
L̂s
x,a,t

and σ̂2
L̂0,a,t

indicate the variances of the person-years

parameters calculated by means of simulations11.

4.3.4 Model Summary

The model is fitted separately by sex and state. The figure 4.2 provides a graphical rep-

resentation of the proposed model. Broadly speaking, the number of children aged 0−4 is

Ks
x,a,t

ϕs
x,a,t

γs
x,a,t

βp,a,t

σνs
a

σδst

σϵsa,t

νsa

δst

ϵsa,t

derived
parameter

primitive
parameter

data

TFRs
a,t

L0,a,t

Ls
x,a,t

Es
x,a,t

Mortality PriorsData Model

Overall Fertility Prior

Age-specific Fertility Model

Ca,t

σTFRs

Figure 4.2: Graphical representation of the Bayesian modeling framework. Primitive parame-
ters denote the fundamental parameters in a model that are directly assigned a prior probability
distribution. Derived parameters are functions of primitive parameters and do not have prior
probability distribution directly assigned to them.

assumed to be Poisson-distributed. The fertility and mortality parameters, which govern

the mean of the Poisson distribution, are specified by imposing a hierarchical structure.

Preliminary information about the overall fertility level is included by placing a probabil-

ity distribution on the TFR parameter and on its standard deviation. Prior knowledge

about the age-specific fertility patterns is incorporated by specifying a statistical model
11Details on the estimation of the variances are reported in the appendix.



4. Modeling Male and Female Fertility at a Subnational Level 95

on national age-specific fertility patterns, in which we also account for spatial and tem-

poral dependencies, and probability distributions on its parameters. Finally, we include

prior knowledge about child and adult mortality by placing prior probability distributions

directly on the person-years parameters.

4.3.5 Model Implementation

Operationally, posterior samples for the TFR parameters were obtained using the R pack-

age nimble (de Valpine et al., 2017). This package allows to specify the main structure

of our model in R, compiles the model in C++ and implement an adaptive Metropolis-

within-Gibbs MCMC algorithm to simulate from the posterior distribution of the TFR

parameters.

Best estimates of the TFR parameters were taken to be the medians of the corresponding

posterior samples. 95% credible intervals for the TFR parameters were constructed by

computing the 2.5% and 97.5% quantiles from the relevant posterior samples.

4.4 Model Simulations

4.4.1 Simulations on Data from Australia

To evaluate the performance of our model, we created a simulated data set of children

generated using existing subnational fertility and mortality patterns for eight Australian

territories. Given the availability of subnational fertility and mortality estimates by age

and sex for the period 2001 − 202012, we computed the true number of expected children

(Ks
x,a,t) at each parental age group using equation 4.2. Next, we simulated the overall

number of children (Ca,t), according to the relationship shown in equation 4.113, and then

applied our proposed model to the simulated data14. The number of exposed men and

women were treated as fixed, and the dependency structure among regions was specified

12Details on the data used for the simulation are reported in table C.1 in the appendix.
13The ’true’ subnational age-specific fertility rates and person-years were incorporated in equation 4.2.
14Standard errors for subnational mortality data are not available. For this reason, we assumed

that the subnational values for the person-years were accurate and that the standard deviations of the
probability distributions of the person-years parameters were equal to 0.001.
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using an adjacency matrix matching the neighboring structure of Australian regions. Fig-
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Figure 4.3: True and model-based total fertility rates for eight Australian territories during
the period 2001-2020. 95% credible intervals are also provided via shaded areas. TFR estimates
are the medians from the corresponding posterior samples.

ure 4.3 displays the true and estimated TFRs for the eight Australian regions. The dots

indicate the true TFRs that are computed from national birth register data using stan-

dard demographic methods. The solid lines denote the TFR estimates that were obtained

by fitting the proposed model to the simulated data. The corresponding 95% credible in-

tervals are displayed via shaded regions. Male and female TFR estimates seem to mirror

the true TFR values quite closely. In addition, regions with larger absolute numbers of

births show lower uncertainty around their estimates. Regions such as Tasmania (TS)

and Northern Territory (NT) with smaller populations exhibit wider credible intervals.

To evaluate the performance of the model, we compare it with the implied total fertility

rate (iTFR) that is obtained via an indirect estimation method developed by Hauer and
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Schmertmann (2020). iTFR is computed as follows.

iTFR = 1

1 − 0.75 ⋅ q0−4
⋅ 7 ⋅ C0−4

W15−49
(4.17)

where q0−4 is the probability of death under 5 to account for child survival, C0−4 is number

of children under 4 and W15−49 is the number of women aged 15 − 49. The multiplicative

constant 7 allows age-specific fertility levels to be equal across the distinct childbearing

age groups, namely 15−19, . . . ,45−4915. By replacingW15−49 with the number of men aged

15− 59 and the multiplicative constant with 9, we can produce an indicator equivalent to

the iTFR by Hauer and Schmertmann (2020) for the measurement of male fertility.

For each region, we compare these methods of estimation using the root mean squared

error (RMSE), defined as

RMSE =

¿
ÁÁÀ 1

T
(

T

∑
t=1

ˆTFRa,t − TFR∗a,t)
2

(4.18)

where T is the total number of years, ˆTFRa,t is the TFR estimated from the model for

region a and year t, and TFR∗a,t is the true TFR of region a in year t. Table 4.1 compares

the performance of the proposed Bayesian model with the indirect estimation method

by Hauer and Schmertmann (2020), using the root mean squared error (RMSE) as the

evaluation metric.

Table 4.1: Performance of the proposed model and of the indirect method by Hauer and
Schmertmann (2020) using the RMSE as metric.

Male Female
State Model Indirect Model Indirect
ACT 0.0323 0.0954 0.0159 0.0720
NSW 0.0167 0.0709 0.0046 0.0534
NT 0.0445 0.1850 0.0380 0.1350
SA 0.0121 0.0437 0.0086 0.0336
QLD 0.0071 0.0437 0.0093 0.0230
TAS 0.0202 0.0997 0.0361 0.0742
VIC 0.0203 0.0826 0.0049 0.0600
WA 0.0131 0.0840 0.0075 0.0590

15A similar indicator with a different multiplicative constant for the age, called extended total fertility
rate is presented in the paper by Hauer and Schmertmann (2020).
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Table 4.1 demonstrates the superiority of our Bayesian method over the indirect es-

timation approach proposed by Hauer and Schmertmann (2020), as indicated by consis-

tently lower RMSE values across all Australian regions.

While the indirect estimation approach by Hauer and Schmertmann (2020) assumes as-

sumption that fertility remains constant across the different age groups, the proposed

model integrates information on age-specific fertility patterns through a principal com-

ponent regression on national age-specific fertility curves. Additionally, our proposed

modeling framework accounts for the survival of both children under 5 and their parents

by incorporating person-years estimates from subnational life tables, whereas the indirect

estimation method by Hauer and Schmertmann (2020) only accounts for child survival.

These incorporations allow our proposed model to generate more accurate TFR estimates

in comparison to the indirect estimation approach by Hauer and Schmertmann (2020).

Furthermore, in regions with smaller populations, such as Northern territories, our pro-

posed model exhibits a significantly lower RMSE compared to the indirect estimation

proposed by Hauer and Schmertmann (2020). This result highlights the ability of our

model to account for the higher stochastic variation in the number of children under 5 ob-

served in smaller populations, where fertility indicators are more challenging to estimate

with precision.

Regarding differences in model performance by sex, the proposed model performs slightly

better for female fertility compared male fertility. A potential explanation for this lies in

the higher accuracy of the age-specific female fertility rates used in the simulation. While

the maternal age is available for all births, the paternal age is missing in a non-negligible

number of cases. To address this issue, the births with missing paternal ages have been

redistributed according to the observed distribution of the births by paternal ages16. The

imputation of paternal ages for births lacking this information has inevitably introduced

greater imprecision into the male age-specific fertility estimates used to simulate the num-

ber of children under 5. As a result, the performance of the proposed model for men is

slightly worse than for women.

16This imputation technique was developed by Dudel and Klüsener (2016)
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4.5 Data

4.5.1 Mortality

To account for the mortality of parents and children, we model directly the age-specific

person-years. Our data example refers to the US context that provides a rich set of

subnational life tables. Information on county-level mortality are retrieved from the US

Mortality Database. This data source provides life tables by sex for both US states

(1969−2020) and counties (1982−2019). Additionally, to account for the uncertainty in the

county-level mortality indicators, standard errors for the age-specific death probabilities

are provided. Building on the standard errors of the age-specific death probabilities, we

can easily exploit simulations and life table relationships to obtain uncertainty measures

for the age-specific person-years.

4.5.2 Fertility

Neither male nor female age-specific fertility rates are available for all the US counties.

Hence, we rely on national age-specific fertility rates from the Human Fertility Database

for women (Jasilioniene et al., 2016) and from the Human Fertility Collection for men

(Grigorieva et al., 2015).

TFR estimates at the state level are available for women for the entire study (1982-2019)17

and for men for the period (1982-2004). The US National Bureau of Economic Research

provides birth records with information on the parental ages and on the state where the

birth occurred for the period 1982-2004 18. Using the method proposed by Dudel and

Klüsener (2016), we can easily obtain male and female TFR estimates for the period

1982−2004. Concerning the period 2005−2019, the National Center for Health Statistics

provides TFR values at the state level for only women. Hence, for the years after 2004,

we used as prior information the national male TFR values available from the Human

Fertility Collection.

17From 2005 to 2019, state-level female TFR values are taken from the National Vital Statistics.
18More information at the website https://data.nber.org/natality/

https://data.nber.org/natality/
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4.5.3 Population Counts by Age and Sex

Population counts by age and sex are taken from National Cancer Institute, which pro-

duces annual population estimates from 1969 on in collaboration with US Census Bureau

and the National Center for Health Statistics.

Using these data, we retrieved the number of children under age 5, the number of women

in the age group 15 − 49 and the number of men aged 15 − 59 for the period 1982 − 2019

and for all the US counties.

4.6 Results

4.6.1 Application to US Counties

We applied our proposed model to produce period male and female TFR estimates in US

counties for the historical period 1982−2019. As of 2019, there were 3,244 counties in the

US, including the states of Alaska and Hawaii. The population sizes of US counties dis-

play a significant heterogeneity ranging from counties with over 10 million residents such

as Los Angeles to others with less than 100 inhabitants. As a data example, we illustrate

the model results for the counties of two US states: California and Utah19. The former is

the state with largest population size in the country, while the latter was the state with

the highest recorded fertility levels until the middle of the 2010s20. The proposed model

was fitted separately by sex and state. Figure 4.4 displays the evolution of TFR estimates

from 1982 to 2019 of six counties, three in California and three in Utah, disaggragated by

sex. TFR estimates are the medians of the corresponding posterior samples.

The three counties in California, which present higher absolute numbers of children under

age 5, display TFR estimates with lower uncertainty in comparison to the counties in

Utah. When examining fertility differentials by sex, we observe no staggering discrepan-

cies between men and women in the counties of both states. This result is coherent with

previous research on male fertility in low-fertility countries (Dudel and Klüsener, 2021).

19Results for all the counties in continental US are presented in the appendix.
20South Dakota has been the US state with the highest TFR since 2016.
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Figure 4.4: Male and female period TFR estimates for six US counties across the period
1982 − 2019. 95% credible intervals are also provided via shaded areas. TFR estimates are the
medians of the corresponding posterior samples.

Concerning the temporal evolution of the TFR estimates by sex, we find distinct trajec-

tories in the counties of the two states. In California we observe an increase in the TFR

estimates for both sexes during the 1990s followed by a decline starting from the 2000s.

Previous research (Hill and Johnson, 2002; Johnson and Li, 2007) attributed this finding

to a growing population of young adult migrants from Latin American, who tended to

display higher fertility levels in comparison to the US-born population. In California, Tu-

lare consistently exhibited similar male and female TFR estimates above the replacement

level of 2.1 throughout the entire study period. In Yolo, men displayed slightly higher

TFR estimates in comparison to women. Nonethless, both men and women in Yolo were

found to be consistently below the replacement level for most of the period. San Francisco

showed extremely low fertility TFR estimates, with women experiencing slightly higher

fertility than men. This trend may be linked to the high living costs and to a relatively

high number of working-age individuals, who might temporarily reside in this county for

job-related reasons.

Counties in Utah experienced a continuous decline in male and female TFRs from the

1980s until the early 2000s. Men and women in these counties used to bear on average
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more than three children as early as 1982. Nonetheless, in the year 2000, their male and

female TFR estimates declined by at least one unit. Fertility remained roughly constant

throughout the period 2000 − 2009 with TFR estimates slightly above the replacement

level of 2.1. After year 2009, TFR estimates began to decline again in the Utah counties,

possibly a response to the global financial crisis (Comolli, 2017). In this regard, both

Sanpete and Cache counties in Utah reached levels below the replacement levels of 2.1

during the period 2010-2019. Hence, net of migration, the populations of these counties

would start to decrease.

Figure 4.5 shows the spatial distribution of male and female median TFR estimates for

Utah and California in 2019. TFR estimates are generally higher in Utah compared to

California. Most of the Utah counties display a TFR estimate higher than 2.1. Conversely,

in California, a high proportion of counties display male and female TFR estimates below

the replacement level.
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Figure 4.5: Spatial distributions of male and female TFR estimates for Utah and California in
2019. TFR estimates are the medians of the corresponding posterior samples.
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Figure 4.6: Spatial distributions of the male to female TFR ratios for Utah and California in
2019. Male and female TFR estimates are the medians of the corresponding posterior samples.

Figure 4.6 displays the ratio of the male TFR estimates to the female TFR estimates

in 2019 in Utah and California. In general, the majority of the counties in both states

exhibit ratios between 0.95 and 1.05, implying similar levels of fertility between men and

women. This is consistent with what has been found at the national level by Dudel and

Klüsener (2021) and at the state level by Schubert and Dudel (2024). However, a non-

negligible number of counties display TFR ratios lower than 0.95, with women presenting

higher fertility levels in comparison to men. On the contrary, only few counties display a

TFR ratio grater than 1.05 both in California and Utah.

4.7 Discussion

In this article, we propose a Bayesian modeling framework to estimate subnational TFRs

for both men and women in situations where the amount of available data is limited. The

proposed method extends the modeling framework developed by Schmertmann and Hauer

(2019) in two ways. First, it allows for the estimation of both male and female fertility

in contexts with limited birth data. Second, it accounts for possible spatial and temporal

dependencies in fertility patterns.

When tested with simulated data from Australian regions, the model outperforms the

indirect estimation method by Hauer and Schmertmann (2020). Additionally, in compar-
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ison to non-probabilistic indirect estimation methods, our Bayesian modeling framework

allows for the quantification of uncertainty around the TFR estimates.

After a validation with simulated data, the model was fitted to estimate male and female

TFR estimates at the county level in the United States from 1982 to 2019. The results

suggest that men and women in the US experience similar fertility patterns across this

period, with women exhibiting slightly higher fertility levels than men. The degree of

uncertainty around the TFR estimates is linked to the absolute number of children under

age 5, with higher uncertainty in counties with a smaller absolute number of children

under age 5. A comparison between Utah and California showed how states within the

same country may experience distinct fertility patterns. The majority of counties in Utah

displayed TFR estimates above the replacement level of 2.1 in 2019, whereas only a small

portion of counties in California did so.

One of the main advantages of the model is that it does not require any knowledge on

the births classified by parental ages. In developed countries, subnational information on

births by parental ages is often inaccessible to researchers due to privacy concerns. In

countries lacking well-functioning vital registration systems, births classified by parental

ages can only be computed from nationally-representative surveys that are not carried

out timely due to the high associated costs.

In addition, we argue that our modeling framework can be easily applied to other coun-

tries. In the majority of the high-income countries, subnational mortality estimates, e.g.

through the Human LifeTable Database (Shkolnikov et al., 2017), and subnational popu-

lation counts by age and sex, e.g. through national statistical offices, are made available to

researchers without particular restrictions. Regarding developing countries, subnational

population estimates by age and sex from the Census Bureau (U.S. Census Bureau, 2017)

could be leveraged to examine male and female fertility at a subregional level21. Since the

majority of the developing countries lacks subnational mortality estimates, national mor-

tality estimates from the United Nations World Population Prospects (UNDESA, 2024)

21The Census Bureau provides population estimates by age and sex for a limited amount of devel-
oping countries. Hence, fitting the proposed model to these population data would allow to investigate
subnational male and female fertility for a subset of developing countries.
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or from the World Health Organization Mortality Database (WHO, 2022) could be em-

ployed. The uncertainty coming from the absence of subnational mortality data could be

incorporated by placing higher variances on the mortality parameters or by modeling the

subnational mortality rates as a linear combination of the principal components computed

from national mortality data as previously done by Alexander and Alkema (2022).

However, we acknowledge that our proposed method is not free from caveats. First, it

relies on the knowledge of national age-specific male fertility patterns, which are only

available for only a limited amount of countries. In many countries, especially those with-

out well-functioning civil registration systems, age-specific male fertility rates can only be

estimated from nationally-representative surveys, such as DHS data.

Second, our chosen age range for male reproduction may be overly restrictive for some

countries. For example, Schoumaker (2017) showed that in world regions such as Sub-

Saharan Africa, male age-specific fertility rates can remain above zero until age 75.

Third, our model does not properly account for internal migration. For instance, counties

with a higher share of college students in comparison to the total population tend to ex-

perience temporary population surges in the reproductive age classes 15− 19 and 20− 24,

which can lead to an underestimation of the actual TFR. Fourth, the proposed model

only allows to measure fertility using the TFR. Even though the TFR is most popular

fertility indicator, the proper understanding of the fertility behavior of an area demands

the calculation of other measures such as the mean age at childbearing (MAB) or the

cohort fertility rate (CFR).

In conclusion, building on the methodological framework by Schmertmann and Hauer

(2019), the proposed method allows to obtain reliable male and female TFR estimates at

a subnational level. The Bayesian modeling framework integrates multiple data sources

while incorporating their corresponding uncertainty. In addition, in comparison to tra-

ditional indirect deterministic methods, our approach offers increased flexibility in mod-

eling fertility processes by accounting for spatial and temporal dependencies in fertility

patterns.
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5.1 Contributions

In this section, I present the main findings of the three studies included in this thesis and

briefly discuss their key contributions.

5.1.1 Using online genealogies for demographic research

Chapter 2 addressed the promises and pitfalls of online genealogical data for demographic

research. First, novel indicators to assess the quality and completeness of demographic in-

formation in the big genealogical database FamiLinx were introduced. Second, regression

analyses were conducted to investigate the behavior of the completeness and quality of

demographic variables across family networks. Third, the age-sex stracture and mortality

of the Swedish population from FamiLinx was compared with those derived from more

reliable data sources.

The first part of the study evaluated the concept of completeness of demographic variables

in FamiLinx by computing the percentage of non-missing values in common demographic

variables, namely birth and death years and countries. To assess the quality of the avail-

able demographic variables, the percentage of individuals with non-missing months in

their birth and death dates was computed. The latter was considered as an indicator of

more reliable demographic information, as individuals with available month information

were deemed to exhibit more accurate demographic information in comparison to those

with only the year available.

The second part of the study investigated the completeness and quality of demographic

information across family networks using negative binomial regression binomial regression

models. These models compared the expected number of relatives of a certain type with

a non-missing value in a demographic variable, based on whether a focal individual had

a missing or non-missing value in the same demographic variable. The results of the re-

gression models revealed that a focal individual with a non-missing demographic variable

was expected to be embedded in a family network of members with more accurate and

more complete demographic variables. This finding underscores the tremendous potential

of FamiLinx as an innovative data source for the investigation of the intergenerational
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transmission of demographic behaviors.

The third part of the study revealed two non-negligible findings by comparing mortality

indicators and the age-sex proportions of the Swedish population from FamiLinx to those

from more reliable data sources. First, in agreement with the previous literature on mor-

tality in genealogies (Zhao, 2001; Stelter and Alburez-Gutierrez, 2022; Chong et al., 2022),

individuals in genealogies tended to experience lower mortality levels in comparison to the

general population. Second, the age-sex distribution of populations from online genealo-

gies did not align with the expected one from more reliable data sources. Specifically,

the number of children and women was usually underestimated, whereas more longevous

individuals and men were generally overrepresented. This finding sheds new light on the

necessity of developing appropriate statistical methodologies to enable a more accurate

measurement of demographic processes at a population level from non-representative data

sources, including online genealogies.

To summarize, this chapter provided three significant contributions:

(a) Though a detailed analysis of the demographic information in FamiLinx, it was

revealed that the non-missingness of demographic variables is highly selective.

(b) One of the key relevant features of FamiLinx is the possibility to establish family

ties among its individuals. Standard regression models revealed the presence of two

distinct groups: one consisting of family networks with high quality and complete

demographic information, and another with a high share of missing demographic

information.

(c) The non-representativeness of FamiLinx prevents researchers to solely rely on

this data source for the estimation of demographic indicators when examining

population-level demographic trends in historical populations.

5.1.2 Correcting fertility in online genealogical data

Chapter 3 aimed to develop a Bayesian modeling framework for producing TFR estimates

by integrating online genealogical data from FamiLinx with more reliable data sources,

such as censuses and population registers. The proposed model allowed to reconstruct



5. Conclusion 109

historical TFR time series for seven European countries and the United States over the

period 1751 − 1910.

This approach extended the Bayesian modeling framework developed by Schmertmann

and Hauer (2019), which assumed that the observed age-sex structure in the data reflects

the structure of the true population. However, as demonstrated in Chapter 2, the age-sex

composition of online genealogical populations does not mirror that of the true population.

To address this discrepancy, the proposed method modeled simultaneously the number of

children aged 0−4 from FamiLinx and the true number of children aged 0−4 based on more

reliable data sources. A bias-adjustment parameter was introduced to correct for potential

biases in the expected number of children under 5 per woman aged 15 − 49 in FamiLinx.

This parameter was assumed to be governed by a global time-varying mean parameter,

which captures the overall bias across all countries over time. By incorporating this

parameter, bias patterns in countries with limited accurate data were partially informed

by those observed in countries with reliable population counts by age and sex.

In parallel, the indirect estimation method developed by Hauer and Schmertmann (2020)

was extended to account for the non-representativeness of children under 5 and women

aged 15 − 49 in online genealogical populations. Specifically, an additional multiplier was

introduced in the TFR decomposition by Hauer and Schmertmann (2020) to adjust for the

biases in the estimation of the child-woman ratio (CWR). In order to partially mimic the

exchange of information across countries proposed in the Bayesian, in absence of accurate

population data the multiplier was estimated based on the patterns observed in countries

with accurate population data available.

The results indicated that the proposed adjustments enabled to produce more accurate

TFR estimates in comparison to the original Bayesian model by Schmertmann and Hauer

(2019) and to the indirect estimation method by Hauer and Schmertmann (2020). This

finding underlined that using online genealogical data alone to estimate demographic

indicators in historical population could lead to severely biased TFR estimates. This

study also demonstrated that the reconstruction of fertility in historical populations from

online genealogies required the incorporation of information from more accurate data
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sources. Furthermore, the TFR estimates of the proposed Bayesian model closely aligned

with historical TFR values reported in historical demography studies or from reliable

sources such as Human Fertility Collection.

To summarize, this chapter provided four significant contributions:

(a) The Bayesian modeling framework by Schmertmann and Hauer (2019) was extended

to handle TFR estimation with imperfect data.

(b) The indirect estimation method Hauer and Schmertmann (2020) was expanded to

obtain TFR estimates with biased CWRs.

(c) New TFR estimates with their corresponding credible intervals were obtained from

multiple countries with partial availability of accurate population data for the his-

torical period 1751 − 1910.

5.1.3 Measuring male and female fertility at a subnational

level

In Chapter 4, the Bayesian modeling framework by Schmertmann and Hauer (2019)

was expanded to tackle male and female fertility estimation at a subnational level.

To estimate the male TFR, the number of men aged 15-59, classified in 5-year age

groups, was treated as offset, considering them as exposed to the risk of fathering a

child. A principal component regression based on national male age-specific fertility

curves was incorporated to capture age-specific fertility patterns. As an extentision

of the original modeling framework by Schmertmann and Hauer (2019), temporal and

spatial parameters were introduced into this regression model. The inclusion of temporal

parameters allowed TFR estimates to vary more smoothly over time, whereas spatial

parameters accounted for spatial dependencies in fertility behaviors among neighboring

areas. Additionally, unlike the original model by Schmertmann and Hauer (2019),

person-years parameters were directly informed by estimates from subnational life tables,

avoiding reliance on the log-quadratic mortality model by Wilmoth et al. (2012). TFR

parameters were partially informed either national or regional TFR values.

When tested with simulated data from Australian regions, the proposed model demon-
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strated superior performance compared to the deterministic indirect estimation method

developed by Hauer and Schmertmann (2020). The superiority of the proposed model

was particularly evident for regions with smaller populations.

An empirical application to population counts classified by age and sex from US counties

provided new subnational TFR estimates for both men and women during the period

1982-2019. These estimates offer novel insights into how male and female fertility

behaviors have changed over time and space, particularly in the context of the second

demographic transition (Lesthaeghe, 2014). Focusing on Utah and California as case

studies, male TFR estimates were found to be fairly similar to female TFR estimates.

However, the observed TFR estimates were found to be spatially heterogeneous. In Utah,

most counties in 2019 exhibited TFR estimate above the replacement level of 2.1, while

in California, an increasing number of counties was approaching TFR levels as low as 1.5.

Broadly speaking, this study made three notable contributions:

(a) The Bayesian modeling framework by Schmertmann and Hauer (2019) was extented

to obtain male TFR estimates at a subnational level.

(b) Temporal and spatial parameters were incorporated, accounting for dependencies in

fertility behaviors over time and between adjacent areas.

(c) The proposed model produced new subnational TFR estimates by sex for all US

counties over the historical period 1982 − 2019.

5.2 Limitations and Extensions

In this section, I reflect on the limitations of the studies presented in the thesis. Further-

more, I discuss how these studies can be extended and improved.

5.2.1 Online genealogies for demographic research

The first chapter of this thesis provided a detailed assessment about the potential of

online genealogical data in demographic research. By allowing users worldwide to recon-
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struct their family trees and insert information, including demographic data, about their

ancestors, online genealogies represent a rich data source, especially for historical demog-

raphers. The focus of the first chapter was on the big genealogical database FamiLinx,

which was constructed by Kaplanis et al. (2018) by merging individuals from digital fam-

ily trees available on the website geni.com.

One of the main limitations of this study is its sole focus on FamiLinx, whose features may

not always be generalized to other online genealogical data. A potential extension would

be to explore population data from other genealogical websites such as ancestry.com,

and investigate whether the biases observed in FamiLinx are generalizable to data from

other online genealogies. Additionally, as Kaplanis et al. (2018) only selected individuals,

who died by the end of 2015, the accuracy of demographic indicators from FamiLinx in

more contemporary periods cannot be properly assessed. A valuable extension in this

direction would be to scrape more data from geni.com, including data about individu-

als who are still alive at the time of data collection. Integrating the updated data with

modern population censuses would lead to a deeper understanding of the extent to which

we can online genealogies for population-generalizable measurements in a contemporary

setting.

In addition, while Sweden was used as a case study to investigate the degree to which

mortality indicators in FamiLinx are biased in comparison to those derived from more

reliable data sources, future studies should perform similar comparisons with other coun-

tries.

Another limitation is that most of the users in geni.com are based in western countries,

as are the majority of their ancestors. Consequently, FamiLinx severely under-represents

individuals from the Global South, hindering its use for the estimation of demographic

indicators in countries lacking well-functioning civil registration systems. A valuable step

moving forward would be to conduct similar analyses on the completeness and quality

of data stemming from genealogical websites, which may be commonly used in some

developing countries, and potentially combine these data with nationally representative

population surveys such as those from the Demographic and Health Surveys (DHS).

geni.com
ancestry.com
geni.com
geni.com
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5.2.2 Fertility estimation with imperfect data

Chapter 3 extends the Bayesian modeling framework by Schmertmann and Hauer (2019)

to enable the indirect estimation of the TFR in presence of imperfect population data.

One of the main limitations of this study is the inability to analyze fertility patterns

within population subgroups known to have distinct reproductive behaviors. The lack

of micro-level data on socio-economic status in FamiLinx prevents an investigation into

whether women from wealthier families were forerunners in the fertility decline observed

within the countries under analyses during the historical period 1751 − 1910. Similarly,

the absence of data on the exact time of migration of an individual in FamiLinx makes

it challenging to examine differences in fertility levels between native-born women and

migrants.

A potential solution to address this limitation could be to link FamiLinx data with micro-

level censuses from the Integrated Public Use Microdata Series (IPUMS) (Ruggles et al.,

2011). However, since micro-level data in FamiLinx are anonymized, performing data

linkage would become impractical. A promising advancement in this direction could in-

volve re-scraping data from geni.com while also collecting the first names and last names

of deceased individuals in the digital family trees. These names could be then linked to

micro-level census records using ad-hoc matching algorithms, such as the one proposed

by Abramitzky et al. (2020).

Concerning the proposed Bayesian model, a next step would be to model the bias-

adjustment parameters more flexibly. One interesting approach could involve modeling

these parameters through basis-splines, which would provide greater flexibility in captur-

ing variations in bias-patterns both over years and across countries.

Similarly, the calculation of the bias-adjustment multiplier in the indirect estimation

method could be made significantly more flexible. Specifically, instead of relying solely

on information from Sweden when a country lacks accurate data for a given year, a more

refined approach would involve modeling the observed adjustment multipliers from both

the country in question and Sweden for the years in which both have accurate population.

This could be done using generalized additive models (GAM), which would allow to flex-

geni.com
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ibly model the variation in bias-adjustment multiplier over time. This could be achieved

by modeling the bias-adjustment multiplier as a function of smooth time trends, such as

P-splines (Eilers et al., 2006), along with country-specific effects. This model could be

then used to predict the multiplier values for the years in which the country of interest

lacks accurate population data.

Furthermore, a noteworthy extension could involve the application of a similar modeling

procedures to other online genealogical data as well as to other types of historical data, in-

cluding parish records. A valuable contribution in historical demography would be to use

data from Italian parish records in combination with more trustworthy data sources, such

as the Human Fertility Collection and censuses, to obtain time series of TFR estimates

with the corresponding credible intervals across various Italian subregions.

5.2.3 Male and female fertility estimation with subnational pop-

ulation data

In Chapter 4, a Bayesian modeling framework was developed to allow for the indirect

estimation of the subnational male and female TFR.

One of the main limitations of this approach is its inability to produce fertility indicators

beyond the TFR. While the TFR is widely used to assess the overall fertility of a country,

it provides only a partial view of the reproductive behavior within the country. As a

quantum measure, the TFR denotes the average number of children a woman or a man

is expected to bear throughout her (his) reproductive ages.

Conditional on the availability of subnational birth counts classified by parental ages,

a promising extension would be the development of a Bayesian framework that directly

models the number of births across different maternal and paternal ages at a subnational

level. Modeling the subnational number of births classified by maternal and paternal ages

would allow to obtain subnational age- and sex-specific fertility estimates that could be

leveraged to compute a wide range of fertility measures at a subnational level. Further-

more, these age-specific fertility rates could be employed as input to perform subnational

projections of kinship networks using the matrix-oriented formal demographic method by
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Caswell and Song (2021).

Another limitation concerns the direct modeling of subnational person-years. While many

high-income countries provide subnational life tables, such data are usually unavailable

in middle- and low-income countries. Researchers willing to apply the proposed model to

these contexts may need alternative approaches to estimate person-years, such as mod-

eling subnational mortality rates through a principal component regression on national

mortality rates, as previously done by Alexander and Alkema (2022), and deriving the

corresponding person-year estimates using standard life table relationships.

Additionally, the proposed model does not allow for the TFR estimation for population

subgroups defined by socio-economic characteristics such as education level, household

income, or religious affiliation. Future work could incorporate these dimensions, offering

the opportunity to investigate how male fertility behaviors may change across various

socio-economic subgroups.

Furthermore, the modeling framework presented in Chapter 4 offers novel opportunities to

examine sex-specific differences in TFR estimates, particularly in regions where male and

female fertility patterns diverge. For example, in certain Sub-Saharan African countries,

where polygynous unions are common, men tend to have more children than women over

their reproductive lifetimes (Schoumaker, 2017). Conversely, in countries such as India

and China, a strong preference for sons has led to sex ratios at births above the biological

value of 1.05 (Alkema et al., 2014; Kashyap et al., 2015), resulting in notable differences

in male and female fertility in the opposite direction.

Another valuable application would be to investigate how subnational variations in male

and female TFR may correlate with macro-level socio-economic indicators. For instance,

an interesting application could involve investigating whether regions with male-to-female

TFR ratios significantly above or below 1 exhibit greater gender inequality compared to

regions where these ratios are close to 1.
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A.1 Details on Demographic Variables in FamiLinx

Table A.1: Number of births and deaths by country

Country Number of Births Number of Deaths
USA 2,479,761 2,122,063
UK 936,188 324,630
NORWAY 468,391 281,471
SWEDEN 359,999 222,005
NETHERLANDS 301,079 184,430
GERMANY 298,271 137,164
ESTONIA 267,137 121,194
CANADA 248,248 185,322
DENMARK 180,569 97,780
FRANCE 177,715 112,167
POLAND 112,382 58,575
FINLAND 111,272 73,401
AUSTRALIA 94,687 90,788
SPAIN 81,812 24,752
IRELAND 69,739 17,991
BELGIUM 67,638 46,338
INDIA 67,132 52,773
SWITZERLAND 55,116 17,388
SOUTH AFRICA 50,815 44,364
RUSSIA 49,605 24,145
ITALY 36,962 16,487
CZECH REPUBLIC 24,237 13,971
NEW ZEALAND 20,368 23,738
ISRAEL 10,890 35,030
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Table A.2: Absolute frequencies and percentage of missing and non-missing values in relevant
demographic variables in the complete sample and in the analytical sample.

Variable Complete Sample Analytical Sample

Sample Size 86,124,644 7,618,651

Gender
Missing 14,071,200 (16.34%) 4,708 (0.06%)
Male 37,998,030 (44.12%) 4,108,522 (53.93%)
Female 34,055,414 (39.54%) 3,505,421 (46.01%)

Birth Date Information
Missing 52,405,914 (60.85%) 677,215 (8.89%)
Only year 13,692,092 (15.90%) 2,389,882 (31.37%)
Year and Month 849,377 (0.99%) 195,874 (2.57%)
Complete Date 19,177,261 (22.27%) 4,355,680 (57.17%)

Death Date Information
Missing 64,383,957 (74.77%) 2,656,270 (34.87%)
Only year 6,736,492 (7.82%) 1,143,731 (15.01%)
Year and Month 853,888 (0.99%) 217,310 (2.85%)
Complete Date 14,150,307 (16.43%) 3,601,340 (47.27%)

Birth Location Information
Missing 70,464,808 (81.82%) 1,048,638 (13.76%)
Reported 15,659,836 (18.18%) 6,570,013 (86.24%)

Death Location Information
Missing 74,861,173 (86.92%) 3,290,684 (43.19%)
Reported 11,263,471 (13.08%) 4,327,967 (56.81%)

Parent/Child Linkage
Missing 47,172,309 (54.77%)
At least one link 38,952,335 (45.23%) 7,618,651 (100.00%)

A.2 Details on the Estimation of the Smoothed Mor-

tality Rates

To estimate life expectancy at age 30 from online genealogies, we rely on the R package

MortalitySmooth developed by Camarda (2012) that allows to smooth mortality rates

over years and ages.

We consider mortality experienced by individuals, who were born and died in Sweden,

during the historical period 1751-1900. To obtain smoothed estimates of mortality rates

by year and age, we model the number of deaths in a year t at an age x Yxt in Sweden as
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a Poisson distribution.

Yxt ∼ P(Ext ⋅ µxt)

x = 30, . . . ,80

t = 1751, . . . ,1900

Ext indicates the number of exposed Swedish individuals in year t and age x and µxt

denotes the risk of death for Swedish individuals aged x in year t.

For the performance of the mortality analysis, death counts, exposure and mortality risks

by year and age are arranged in rectangular matrices, called Y, M and E, in which rows

represent ages and columns refer to years. The smoothness is achieved by incorporating

two-dimensional P-splines. Specifically, we model the mean of the Poisson distribution of

the number of deaths as follows.

log (E(Y)) = log (E) + log (M) = log (E) +ByAB
′
a

In the model, the B-splines spaced over the ages are stored in the regression matrix Ba

of dimension ka × ka. The B-splines spaced over the years are stored in the regression By

of dimension ky × ky. Both Ba and By have an associated set of regression coefficients.

Note that the numbers ka and ky indicate the number of B-splines chosen over the ages

(ka) and years (ky). Following the guidelines by Camarda (2012), we chose B-splines that

are equally spaced over the years and the ages. The rows of the matrix A of dimension

ka×ky denote the regression coefficients for Ba, whereas its columns indicate the regression

coefficients for By. The estimation of the regression parameters is performed via Iterative

Regression Weighted Least Squares (IRWLS). We set the diagonal matrix of weights

required for this estimation procedure to be equal to be the identity.

To reduce the number of parameters in the model, we can choose the number of B-splines

with an additional two-dimensional penalty P on the regression coefficients.

P = λa(Iky ⊗D
′
aDa) + λy(Ika ⊗D

′
yDy)
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Where λaand λy are the smoothing parameters used for the ages and the years. Da and

Dy are the difference matrices. Iky and Ika are identity matrices of dimension ky and

ka respectively. The symbol ⊗ stands for the Kronecker product. The optimal values

for λaand λy are chosen so that either Bayesian Information Criterion (BIC) or Akaike

Information Criterion are minimized. To smooth mortality rates in R, we employed

the function mort2Dsmooth(x,y,Z,offset) from the R package MortalitySmooth by

Camarda (2012). The function requires the following arguments:

(a) A vector of ages named x (in our application x= 30,. . . ,80)

(b) A vector of years named y (in our application y=1751,. . . ,1900)

(c) A matrix of death counts over ages (rows) and years (columns) named Z (matrix Y

in the model notation)

(d) A matrix of logged population counts over ages (rows) and years (columns) named

offset (matrix E with log-transformed entries in the model notations)

Concerning the remaining arguments, we opted for the default options. Optional argu-

ments include:

(a) The degree of the polynomials for the construction of B-splines (q), whose default

option is set to be q=3 (necessary for the construction of matrix B)

(b) The order of the differences for the penalty matrix (d), whose default option is set

to be d=2 (necessary for the specification of penalty matrices Da and Dy)

(c) A matrix of weights over the ages and years (W) which is set by default to be

equal to the identity matrix (necessary for the specification of the diagonal matrix

of weights to be used in the estimation of the regression coefficients)

(d) The selection of the smoothing parameters (λaand λy in the model notation) is car-

ried out by default using Bayesian Information Criterion (BIC). Alternative selection

criteria can be specified via the option method

As part of the output, the function mort2Dsmooth provides a matrix of smoothed mor-

tality rates over the ages and the years. Exploiting standard life table relationships, these

smoothed mortality rates by ages and years are then used to obtain smoothed estimates

of life expectancy at birth and at age 30.
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A.3 Additional Plots on Quality and Completeness

of Demographic Information and Regression Ta-

bles

Figure A.1: Percentage of non-missing values for 4 relevant demographic variables in the
dataset, by country of birth of the focal individual.
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Figure A.2: Percentage of years of birth ending with 0 or 5, by country of birth and birth
cohort.

Figure A.3: Percentage of years of death ending with 0 or 5, by country of birth and death
cohort.
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Figure A.4: Difference between the age-sex distribution in percentage between the Swedish
population from FamiLinx by quality level (precise birth and death dates against at least one
non-precise date) and the registered Swedish population over the years 1751, 1800, 1850 and
1900.
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Figure A.5: Life expectancy at birth in Sweden for the historical period (1751-1900) by sex and
quality level (precise birth and death dates against at least one non-precise date) in FamiLinx
and Swedish life expectancy at birth from the HMD.
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B.1 Additional Descriptive Tables and Figures

Table B.1: Data sources for mortality, fertility and population estimates by country

Country Child Mortality (q0−4) Fertility (TFR) Age-sex
proportions

USA
Hacker (2010) (1790-1899) †,
Human Life-Table Database

(1900-1910)

Coale and Zelnik (1961)
(1800-1910) ‡

IPUMS censuses
(1850-1910)†

Norway Human Mortality Database
(1846-1910)

Human Fertility Collection
(1845-1910)

Human Mortality
Database

(1846-1910)

Netherlands Human Mortality Database
(1850-1910)

Chesnais (1992)
(1830-1900) ‡

Human Fertility Collection
(1906-1910)

Human Mortality
Database

(1856-1910)

Sweden Human Mortality Database
(1751-1910)

Human Fertility Collection
(1751-1910)

Human Mortality
Database

(1751-1910)

England & Wales
Wrigley et al. (1997) (1751-1836) ‡,

Human Mortality Database
(1841-1910) ‡,*

Woods (2000) (1800-1910) ‡

Wrigley et al. (1997)
(1751-1836)‡

Human Mortality
Database

(1841-1910)

Denmark Human Mortality Database
(1835-1910)

Human Fertility Collection
(1878-1910)

Human Mortality
Database

(1835-1910)

Finland

Human Life-Table Database
(1751-1877) †

Human Mortality Database
(1878-1910)

Human Fertility Collection
(1866-1910)

Human Mortality
Database

(1878-1910)

France
Blayo (1975)(1751-1815) †

Human Mortality Database
(1816-1910)

Pison (2012)
(1800-1891) ‡

Human Fertility Collection
(1892-1910)

Human Mortality
Database

(1816-1910)

† Only ten-year estimates are available.
‡ Only five-year population estimates are available.
* Population counts by age and sex from England and Wales are provided by the HMD. However, decennial
censuses from the years 1851, 1861, 1871, 1881, 1891 and 1901 are also available as an alternative data source
from IPUMS (Ruggles et al., 2011).

Table B.1 illustrates the different data sources with accurate demographic rates,

namely the probability of death under age 5 (q0−4), total fertility rate (TFR) and propor-

tion of individuals by age and sex. The availability of accurate demographic information

varies by country and over time. Additionally, demographic estimates are not always

available on a yearly basis. In most countries, we only observe quinquennial or decennial

estimates. To overcome this issue, we employ linear interpolation.

Table B.2 shows the distribution of missing values in the main demographic variables

in FamiLinx. As the data is generated from users, the data are affected by a high of

missing values. A detailed discussion on the quality of FamiLinx can be found in Chapter

2.
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Table B.2: Distribution of the missing values in the main demographic variables in FamiLinx.

Variable Absolute size %
Sample Size 86,124,644

Sex
Missing 14,071,200 16.34%
Male 37,998,030 44.12%

Female 34,055,414 39.54%
Birth Date

Missing 52,405,914 60.85%
Only Year 13,692,092 15.90%

Year and Month 849,377 0.99%
Complete Date 14,150,307 22.27%
Death Date

Missing 64,383,957 74.77%
Only Year 6,736,492 7.82%

Year and Month 853,888 0.99%
Complete Date 14,150,307 16.43%

Birth Location
Missing 74,464,173 81.82%

Reported 15,659,836 18.18%
Death Location

Missing 74,861,173 86.92%
Reported 11,263,471 13.08%

Table B.3: Sample sizes and person-years by country in the selected analytical sample.

Country Sample Size (%) person-years
USA 953,236 (57.20) 63,102,666

Norway 145,515 (8.73) 9,229,826
Netherlands 126,307 (7.57) 7,181,535

Sweden 125,496 (7.52) 7,414,288
England & Wales 117,843 (7.07) 6,797,670

Denmark 49,509 (2.97) 2,961,458
Finland 43,815 (2.63) 2,475,602
France 38,388 (2.30) 2,150,470
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Table B.3 displays the country-specific sample sizes, percentages and person-years in

the analytical sample. The US is the country with the largest number of individuals. The

selected countries are among the top 20 countries with largest number of recorded vital

events (either births or deaths).

0.0
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0.4

15 20 25 30 35 40 45

Age

φ

Figure B.1: Simulated patterns for the age-specific fertility proportions (ϕx,a,t).

Figure B.1 displays 200 draws for ϕx,t,c based on Equation 4.5. Based on the simula-

tions, it seems that we are able to capture various age-specific fertility curves.

Figure B.2 displays the indirect extended TFR estimates based on the class of in-

dicators introduced by Hauer and Schmertmann (2020). xTFR∗ indicates our proposed

indirect indicator that accounts for the non-representativeness of the online genealogi-

cal populations, while xTFR and xTFR+ denote the unadjusted and mortality-adjusted

xTFR estimates. Consistently with the results for iTFR, by accounting for the mortality

of children and the non-representativeness of children under 5 and of women aged 15-49,

we obtain more accurate TFR estimates.

In Figure B.3, we show the bivariate relationships between the median TFR estimates

that we can obtain by specifying different time series model on the parameter νt. Based

upon the reported results, employing a RW(1) or a RW(2) for the parameter νt would

have led to quite similar results as the estimates are highly correlated with a correlation

coefficient close to 1.
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Figure B.2: Time series of xTFR estimates for the historical period 1751-1910 by country.
xTFR refers to the simplest indicator from the decomposition by Hauer and Schmertmann
(2020), which does not account for child mortality and for the non-representativeness of online
genealogical data. xTFR+ is an extended version of the indicator xTFR that adjusts for child
mortality. xTFR∗ further refines the indicator xTFR by accounting not only for both child
mortality and the non-representativeness of online genealogical data.
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Figure B.3: Posterior median TFR estimates according a AR(1) specification for the parameter
νt against those obtained either with a RW(1) (Panel A) or with a RW(2) (Panel B). The value
of the correlation coefficient (r) between the TFR estimates is reported.
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B.2 Posterior Estimates for the Bias-adjustment Pa-

rameters

Figure B.4 shows the median posterior estimates of the parameters νt coupled with the

2.5% and 97.5% quantiles for the period 1751 − 1910. Values values of νt greater than 0

imply an over-representation of the expected number of children under age 5 per woman

aged 15 − 49 in the genealogical populations compared to the real one. In the opposite

case the same quantity in the genealogical sample is underrepresented. We note that the
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Figure B.4: Median posteriors for the parameters νt with 95% credible intervals represented
through shaded areas.

estimates of the parameter in the first phase of the historical period are mostly informed by

Sweden and England, the only countries with accurate population percentages by age and

sex for the entire period under analysis. Starting from the beginning of the 19th century

an increasing number of countries presents representative population estimates by age

and sex. The median posterior estimates for the parameters νt decreases up to the middle

of the 19th century. This result could be driven by two potential mechanisms. First, by

1850 an increasing number of countries presents representative population estimates by

age and sex and their contribution results in a decrease of the estimates for ν. Second,

this decrease could be explained by the impact of transatlantic migrants. The exclusion

of individuals with distinct birth and death years from our analytical sample may lead
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to an increase in the under-representation of the individuals that were born in Europe

during the period 1800-1850 and migrated to the US during their life course. Starting

from 1850, the parameter increases and approaches the value of 0. This result is consistent

with the previous literature (Stelter and Alburez-Gutierrez, 2022; Colasurdo and Omenti,

2024; Minardi et al., 2024), which underlines that genealogical populations from FamiLinx

become more representative towards the end of the 19th century.
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Figure B.5: Median posteriors for the (logged) parameter θa,t with 95% credible intervals
represented through shaded areas.

Figure B.5 displays the median posterior estimates for the parameters θa,t for all the

countries during the historical period 1751− 1910. The interpretation is similar to νt and

is country-specific. In general, the representativeness of the expected number of children

under 5 per woman aged 15 − 49 decreases from 1751 up to 1850 for all the European

countries, while it remains roughly stable for the US. In the subsequent historical period

(1851−1910), the representativeness improves for all countries apart from the Netherlands.

Additionally, in the last decade of the study period, Sweden is affected by a sudden

downward fluctuation.
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B.3 Extraction of Birth and Death Countries

Following the procedure by Colasurdo and Omenti (2024), the extraction of the birth and

death countries relies on three methods ranked in order of preference:

• exact matching using the reported country code: birth and death countries deter-

mined from the reported two-digit country code.

• regular expression matching : birth and death countries established by a set of text

strings, known as regular expressions, that specify a matching pattern for the name

of the country of interest.

• latitude and longitude for a location: latitude and longitude coordinates inferred by

Kaplanis et al. (2018)

To establish the definitive birth and death locations, the country names from inferred

latitude and longitude coordinates are determined harnessing a geo-parsing algorithm.

Subsequently, the records belonging to the top 20 countries with the highest number

of vital events (births and deaths) are identified. Then, the birth and death countries

are determined using the country codes and text strings reported in the records from

the top 20 countries according to exact matching using the reported country code and

regular expression matching. Then, to each profile, we assign the birth country determined

according to the most accurate method. For instance, if a profile presents two different

birth locations, one determined by exact matching and the other based on the inferred

coordinates, we assign to the individual the birth country identified by means of the exact

matching method since we regard this method as more accurate. We prefer methods based

on text strings since the inferred latitude and longitude by Kaplanis et al. (2018) may be

subject to reporting errors due to historical changes in boundaries between countries.
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B.4 Proof for the TFR Decomposition

Following Schmertmann and Hauer (2019), let us assume that the fertility rates in the

population are strictly positive over the age interval [15,50) and zero otherwise.

We define the following quantities.

• Fx is average fertility rates over the age interval [x,x + 5)

• TFR is the total fertility rates. TFR = 5 ⋅
45

∑
x=15

Fx.

• ϕx = 5⋅Fx

TFR is the total fraction of fertility occurring in the age group x

• Lx denotes the person-years lived in age group a from an abridged life table with a

radix l0 = 1

• Wx is the observed number of women in the age group x

• W15−49 =
45

∑
x=15

Wx is the total observed number of women in the age interval [15,50).

• r is called under-reporting multiplier and indicates the ratio of the child/woman

ratio (CWR) in the true population of interest to the CWR estimated from

the genealogical sample. This measure can be interpreted by how much the

genealogy-based CWR should be inflated to be equal to the CWR calculated in the

general population.

r =
Ctrue

W true

C
W

Following standard cohort-component projection methods (see Wachter (2014) for de-

tails), we are able to calculate the expected number of surviving children aged 0-4 per

woman in the age groups x (x = 15 − 19, . . . ,45 − 49) at the end of the five-year period,

which we call Kx.

Kx = [
Lx−5
Lx

⋅ Fx−5 + Fx] ⋅
L0

2

The mathematical trick is to multiply and divide the right-hand side of the previous

equation by 5 ⋅ TFR. This enables us to obtain a new expression that depends on the

TFR.

Kx = TFR ⋅
L0

5
⋅ 1
2
[Lx−5
Lx

⋅ ϕx−5 + ϕx]
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We can decompose the expected number of children per woman in the age class a into

three factors.

Ka = TFR ⋅
L0

5
⋅ 1
2
⋅ px

The first two factors are identical across all the age classes, whereas the last factor px

varies depending on the age group. The latter can be defined as the average of the

fertility proportions experienced by age groups x and x − 5.

The total number of expected children aged 0 − 4 (C) can be calculated as a weighted

sum of the expected number of children for each maternal age class using as weights the

number of exposed women in each specific age group.

C =
45

∑
x=15

KxWx

It follows

C =
45

∑
x=15

TFR ⋅ L0

5
⋅ 1
2
⋅ px ⋅Wx = TFR ⋅

L0

5
⋅

45

∑
a=15

px ⋅Wx

If we divide both sides of the previous equation by the number of women in reproductive

ages W , we get the CWR on the left-hand side, which is expressed as a function of the

TFR.

C

W
=

45

∑
x=15

TFR ⋅ L0

5
⋅ 1
2
pxWx = TFR ⋅

L0

5
⋅

45

∑
x=15

pa
Wx

W
= TFR ⋅ L0

5
⋅ px̄

where px̄ can be thought as a weighted average of px, which depends both on the age

fertility patterns as well as the number of women in maternal ages.

In addition, if we assume that the sample, from which we retrieve the population counts,

is not representative of the whole population, we can add an adjustment factor r. This

factor takes into account possible biases in the Child-Woman ratios.

C

W
⋅ r = TFR ⋅ L0

5
⋅ pā
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Rearranging the previous equation for the TFR, the expression becomes

TFR = r ⋅ 1
px̄
⋅ 1
s
⋅ C
W

The previous equation decomposes the TFR as a product of four factors: the CWR, a

survival multiplier (1s), an age-structure multiplier ( 1
px̄
) and an under-reporting multiplier

(τ).

B.5 Age-multiplier in xTFR, xTFR+, xTFR∗

To estimate the age-multiplier in xTFR, following Hauer and Schmertmann (2020), 1,804

fertility schedules in the Human Fertility Database (HFD), for which the true TFR is

known, were examined. For each country c and year t, the average TFR∗t,c over the previ-

ous five years was calculated (TFR∗t,c = 1
5

t

∑
i=t−4

TFR∗i,c). The empircal values were divided

by the observed child-woman ratios ( Ct,c

Wt,c
).

We fit a simple linear regression model using the proportion of women aged 25–34 among

those who are aged 15–49 in year t and country c (π2534,t,c), and (TFR∗i,c
Ct,c
Wt,c

) as a re-

sponse.
TFR∗i,c

Ct,c

Wt,c

= α0 + α1π2534,t,c

After training the model of the HFD schedules, the following estimates were obtained:

α̂0 = 10.65 and α̂1 = −12.55.

B.6 Infant Mortality Estimation

The estimation of the probability of death under age 5, denoted by q0−4, depends upon

the data availability for the country of interest. In our study, accurate child mortality

estimates are available for Sweden, England & Wales, Finland and France for the entire

historical period of interest (all the details can be found in Table B.1). However, for the

previously mentioned countries, excluding Sweden, these estimates are provided for either
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quinquennial or decennial time intervals. To bridge this gap and obtain yearly time series,

we use linear interpolation.

In the other countries lacking historical child mortality data before a certain year, we

adopt an assumption whereby mortality levels are approximated by the earliest recorded

value. For instance, if the initial recorded estimate for child mortality is in 1790, we

assume that mortality levels preceding 1790 closely resemble those observed in 1790.

From a statistical point of view, the mortality indicators, before child mortality data for

a country are collected, are assumed to be generated from a normal distribution with a

mean equal to the estimate during the first year of data collection and with a very small

variance (0.012). Additionally, in absence of yearly time series of child mortality estimates

after the first year of data collection, we again employ linear interpolation.
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Figure B.6: Probability of death under age 5 (q0−4) in the selected countries during the historical
period 1750−1910. Distinct point shapes and colors are employ to distinguish how the estimates
were obtained.
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C.1 Simulating Age-specific Fertility Patterns

By simulating age-specific proportions of life-time fertility (see Figure C.1) for six hy-

pothetical regions over a 10-year time window, we are able to capture a wide variety of

age-specific fertility patterns. In order to obtain the trajectories in Figure C.1, we gener-

ated values for the model parameters according to the probability distributions specified

above and employed the simulated values of the parameters to obtain numerical values for

γsx,a,t according to Equation 4.7. The simulated numerical values for ϕs
x,a,t can be obtained

by applying the following transformation to the simulated values of γsx,a,t.

ϕs
x,a,t =

exp (γsx,a,t)
ωs

∑
x=15

exp (γsx,a,t)
(C.1)
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Figure C.1: The figure illustrates simulated age-specific fertility proportions (ϕs
x,a,t) for both

women and men from 6 hypothetical regions over a 10-year period.
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C.2 Variance Estimation for Subnational Mortality

Data

In the US data example, we used the estimates of the variances of the subnational age-

specific death probabilities q̂sx,a,t to estimate the variances of the subnational age-specific

person-years estimates. Specifically, for each combination of age group x, area a, time t

and sex s, we transform the reported death probability estimates (q̂sx,a,t) in the logit scale

logit(q̂sx,a,t) and simulate the transformed death probabilities from a normal distribution

centered around the subnational estimate on the logit scale reported in the life table from

the US Mortality Database. We draw a random sample of J logit-transformed death

probabilities.

logit(q0,a,t)(j) ∼ N
⎛
⎝
logit(q̂0,a,t), [

σ̂q0,a,t
q̂0,a,t ⋅ (1 − q̂0,a,t)

]
2⎞
⎠

with j = 1, . . . , J (C.2)

logit(qsx,a,t)(j) ∼ N
⎛
⎝
logit(q̂sx,a,t), [

σ̂qsx,a,t
q̂sx,a,t ⋅ (1 − q̂sx,a,t)

]
2⎞
⎠

with j = 1, . . . , J (C.3)

where J denotes the number of simulated probabilities from the statistical distribution,

logit(qsx,a,t)j indicates the j−th simulated value in the random sample and [
σ̂qs

x,a,t

q̂sx,a,t⋅(1−q̂sx,a,t)
]
2

is the variance of logit(q̂sx,a,t) calculated using the Delta Method (see Van der Vaart

(2000) for details). The quantity σ̂2
qsx,a,t

indicates the variance of the subnational death

probability estimates from US mortality database. An identical notation is employed for

the subnational death probability for children aged 0 − 4 (q0,a,t).

Afterwards, we transform the previous simulated values into the original scale. From the

simulated samples of death probabilities by age group x, time t, county a and sex s

q
(1)
0,a,t, . . . , q

(j)
0,a,t, . . . , q

(J)
0,a,t

q
s(1)
x,a,t, . . . , q

s(j)
x,a,t, . . . , q

s(J)
x,a,t

(C.4)
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we employ standard life table relationships to obtain samples of the simulated person-years

by age group x, sex s, area a and time t.

L̃
(1)
0,a,t, . . . , L̃

(j)
0,a,t, . . . , L̃

(J)
0,a,t

L̃
s(1)
x,a,t, . . . , L̃

s(j)
x,a,t, . . . , L̃

s(J)
x,a,t

(C.5)

In order to estimate the uncertainty around the person-years estimates, we calculate

the empirical variance of the person-years values for each combination of time t, sex s,

age group x and area a. Hence, σ̂2
L̂0,a,t

and σ̂2
L̂s
x,a,t

are estimated as

σ̂2
L̂0,a,t

=

J

∑
j=1
(L̃(j)0,a,t −

¯̃L0,a,t)
2

J
(C.6)

σ̂2
L̂s
x,a,t

=

J

∑
j=1
(L̃s(j)

x,a,t −
¯̃Ls
x,a,t)

2

J
(C.7)

where ¯̃L0,a,t =
J

∑
j=1

L̃
(j)
0,a,t

J and ¯̃Ls
x,a,t =

J

∑
j=1

L̃
s(j)
x,a,t

J are the empirical averages of the simulated

person-years estimates.

For our US example, we simulate J = 1,000 values for the person-years for each

combination of age group x, sex s, county a and time t. In Figure C.2, we show

50 simulated person-years estimates for Calaveras County in California in year 2000

by age group x and sex s. Given that this county is characterized by a relatively

small population (roughly 46,000 in 2019), we observe some variations in the simulated

person-years trajectories. Counties with high population sizes present almost no variation

in the simulated person-years trajectories. As a consequence, the uncertainty around the

Person-Year estimates from these counties will be very tiny.
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Figure C.2: J = 50 simulated person-years trajectories for Calaveras County in California in
year 2000. Simulations are reported for the whole population of the county and by sex.

C.3 Details on Data Sources

Information Content Period Geographical Detail Source
Female fertility Fertility indicators 1933-2021 US country Human Fertility Database (link)
Male fertility Fertility indicators 1969-2015 US country Human Fertility Collection

Mortality Life tables 1982-2019 US counties US Mortality Database (link)
Fertility Birth records 1969-2004 US states US National Bureau of Economic Research (link)

Population Population counts by age and sex 1969-2021 US counties National Cancer Institute (link)
Female fertility Births by maternal ages 1975-2023 Australian regions Australian Bureau of Statistics (link)
Male fertility Births by paternal ages 1975-2023 Australian regions Australian Bureau of Statistics (link)
Population Population counts by age and sex 1975-2023 Australian regions Australian Bureau of Statistics (link)
Mortality Life tables 2001-2020 Australian regions Human Life-Table Database (link)

Table C.1: Summary of the data sources

https://www.humanfertility.org
https://usa.mortality.org
 https://data.nber.org/natality/
https://seer.cancer.gov/popdata/
https://www.abs.gov.au/statistics/people/population/births-australia/
https://www.abs.gov.au/statistics/people/population/births-australia/
https://www.abs.gov.au/statistics/people/population/births-australia/
https://www.lifetable.de/Home/Index
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C.4 Additional Figures
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Figure C.3: Population pyramids for three selected California counties in years 1982, 2000,
2010.
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Figure C.4: Population pyramids for three selected Utah counties in years 1982, 2000, 2010.
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Figure C.5: Spatial distribution of median male TFR in 2019 for continental US.
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TFR
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Figure C.6: Spatial distribution of median female TFR in 2019 for continental US.
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Figure C.7: Spatial distribution of male to female TFR ratio in 2019 for continental US.
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Figure C.8: County-specific time series for the median female TFR estimates (light blue lines)
by state. Red lines denote the state-specific TFR values computed from birth registers.
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Figure C.9: County-specific time series for the median male TFR estimates (light blue lines)
by state. Red lines denote the state-specific TFR values computed from birth registers (available
until 2004).
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