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Representation is crucial for deriving inferences from

online genealogies: evidence from lifespan dynamics

Robert Stelter* Diego Alburez-Gutierrez!

October 27, 2021

Abstract

Crowd-sourced online genealogies have an unprecedented potential to shed light on
long-run population dynamics, if analyzed properly. We investigate whether historical
mortality dynamics of males in familinx, a popular genealogical dataset, are represen-
tative of the general population or if they are closer to an elite subpopulation in two
territories. The first is the German Empire, with a low genealogical coverage relative to
the total population size; the second is the Netherlands, with a higher coverage. We find
that familinx’ mortality is consistently lower and more homogeneous than mortality
in the general population around the turn of the twentieth century (when benchmark
national life tables are available). At that time, familinx’ mortality resembled that
of elites in the German Empire, while it was closer to the national life tables in the
Netherlands. Before the nineteenth century, mortality in familinx mimicked that of
the elites in both territories. We identify a low coverage of the total population and an
oversampling of elites in online genealogies as potential explanations for these findings.
Emerging digital data may yet revolutionize our knowledge of historical demographic

dynamics — once we learn to recognize their potential and limitations.
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Introduction

The investigation of long-run population development often is limited by the data availabil-
ity. Recently, the digital revolution has produced an unprecedented amount of information
to study the historical development of human populations (Ruggles, 2012). Digital geneal-
ogists, for example, have crowd-sourced millions of individual-level family trees, spanning
over multiple centuries and continents. Researchers have been quick to identify the potential
of these data to reveal long-term trends in human longevity (Gavrilov et al., 2002; Kaplanis
et al., 2018; Fire and Elovici, 2013; Cummins, 2017). In a seminal paper, Kaplanis et al.
(2018) argued that demographic dynamics can be studied directly using familinx, a popu-
lar genealogical dataset with over 80 million unique genealogical profiles extracted from the
social media Geni.com. Others have claimed that online samples are often biased (Cesare
et al., 2018) and that it is generally difficult to infer representative demographic quantities
from ascendant genealogies (Hollingsworth, 1976).

This paper calls for a more cautious analytical treatment of online genealogies. To do so,
we evaluate the representativity of two genealogy-derived lifespan measures: (i) remaining
life expectancy at age 30 and (iz) lifespan variation, measured by the Gini coefficient. For
this, we estimate male life tables from familinx and compare them to two sets of ‘benchmark’
life tables. The first are national life tables, representing the general population. The second
are life tables of scholars which represent an elite population (among many) with higher
social status and a mortality advantage (Stelter et al., 2021).

We find that lifespan estimated from online genealogies is biased towards the lifespan
dynamics of elite populations (i.e., scholars). We explore two dimensions of familinx’ sample
characteristics that drive this tendency: (7) genealogies have a poor coverage of the total pop-
ulation and (ii) genealogies over-represent elites (proxied by scholars). We investigate these

dimensions by studying two cases: the German Empire, which has a relatively poor coverage
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of the total population in familinx, and the Netherlands, which has a better coverage.

Findings

Lifespan dynamics

We first compare male remaining life expectancy at age 30 from familinx ez, to the equiva-

lent measures estimated from national life tables for the general population efe"* and from

the data on scholars. Scholars’ life expectancy €55 is estimated two-fold. First, ejcol wLT
accounts for left truncation — the fact that individuals enter the population of scholars by
their first appointment to a university or academy of sciences. This age of first appointment
is often above 30. Second, we estimate ef" “°LT which ignores the issue of truncation.
The latter is less precise but more comparable to ey, which, given data limitations, cannot
account for truncation.

In both territories, eff™ always exceeded €45 for the period in which the three data
sources coincide: 1871-1910 in the German Empire and 1850-1909 in the Netherlands

fa general

(Fig. 1la-b). In the German Empire, the difference between ez and ef was 7.1 years

and 1.9 years between efj™ and e “IT in 1871-80. At the same time, the difference

I :

between efs™ and efe""™ was 2.5 years and -6.7 years between efi™ and esctl “IT in the
s :

Netherlands. Thus, e§™ was generally closer to e than to g™ in the German Empire,

while the opposite is true for the Netherlands.

Fig. 1c-d show the results for lifespan inequality measured by the Gini coefficient. Lifes-
pan inequality was lower in familinx than in the national life tables in both territories. This
suggests that the lifespans reported in familinx were not just longer, on average, than those
in the general population — they were also more homogeneous. Mirroring our previous re-
sults, familinx-derived lifespan inequality is closer to the elites in the German Empire and

closer to the general population in the Netherlands.
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A. Life expectancy in the German Empire

C. Gini coef. in the German Empire
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Figure 1: Male life expectancy (panels A-B) and lifespan inequality (panels C-D) conditional

on survival to age 30 in the German Empire (1500-1901) and the Netherlands (1600-1900).
Mean values and 95% CI from 1,000 Monte Carlo simulations. Familinx values come from
(Kaplanis et al., 2018) and scholars values from (Stelter et al., 2021). For the scholars estimates,
wLT are a more accurate measure but woLT is more comparable to the familinx data. National

life tables come from the Human Mortality Database and the Human Life Table Database.

Reliable life tables for the two territories do not exist before 1850, but Fig. 1 depicts a
general correspondence in the development of male life expectancy and lifespan inequality
between familinx and the elite in earlier years. This supports our postulate that the lifespan
dynamics captured by the familinx data tend to resemble those of elite populations. Our

findings are robust to a number of alternative specifications.
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Sample characteristics

We now explore whether coverage and oversampling in familinx help to explain the observed
differences. We define coverage as the share of the real-world population (obtained from
historical sources) recorded in familinx in any given year (Fig. 2a). The coverage was
constantly higher in the Netherlands than in the German Empire. Rapid improvements in
the Dutch coverage after 1750 go along with a shift of e3™ from esg! woLT towards efe"™
Overall, we find a negative correlation (corr=-0.74) between coverage and the degree to

which elg™ resembles egchet wolT,
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Figure 2: Coverage: Yearly number of living individuals reported in familinx as a share

of the total population size (Panel A). Higher values indicate a better coverage in familinx.
Oversampling of scholars: ratio of the share of scholars identified in familinx to the share of
scholars in the total population (Panel B, log scale). Values above one indicate a higher pro-
portion of scholars than would be expected by chance. Points represent historical population
size estimates taken from Paping (2014); Pfister and Fertig (2010), the Statistical Yearbooks

of the German Empire, and the HMD.

Second, we compute a factor of scholarly oversampling — the ratio of the share of scholars
in familinx (identified using pattern matching techniques) to the share of scholars in the
total population (Fig. 2b). We find a positive correlation (corr=0.24) between scholars’

oversampling and the degree to which eg’gm resembles e3c°! woLT (and as a result, deviates

5
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from €45 for the years in which life tables are available). The oversampling factor declined
considerably in the years leading to 1650 and was consistently higher in the German Empire

afterwards.

Discussion

We showed that historical lifespan dynamics in familinx, a popular dataset of crowd-sourced
genealogies, do not resemble those of the general populations in two European territories. On
the contrary, lifespan duration and inequality are much closer to that of scholars, a particular
elite group for which quality historical data are available. This bias is more pronounced if
genealogies have a poor coverage and oversample elites. Elites are likely to be oversampled
because they are more visible in the historical records than ‘ordinary’ individuals, especially
for more remote historical periods. Furthermore, genealogical coverage is likely to be better
for periods for which written records have survived to the present. The genealogists them-
selves may introduce social biases if they are selective in their reconstruction of family trees.
This is compounded by biases affecting ascendant genealogies in general, such as survivor
bias, lineage extinction, and data missing not at random (Hollingsworth, 1976).

Online genealogies offer an unprecedented wealth of historical information about human
societies. In particular, the transnational network structure of the data promises to revolu-
tionize our understanding of historical population dynamics, especially when combined with
other data sources (Ruggles, 2012). Our study should be read as a cautionary tale, albeit an
optimistic one. Researchers using other forms of online data have developed sophisticated
techniques to identify sources of bias and apply appropriate corrections to data found ‘in
the wild” (Cesare et al., 2018). We encourage researchers working with online genealogies to

follow suit.
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Materials and Methods

Data

We use online genealogical data from familinx (Kaplanis et al., 2018), keeping only individu-
als linked to the territory of the German Empire or of the Netherlands (i.e., if an individual
was born and /or died in a given territory). We then exclude duplicates and censor individuals
with an age of death above 100, which are likely due to transcription errors (see Supplemen-
tary Materials). The remaining samples include 132,769 male deaths in 1500-1910 in the
German Empire and 69,085 in 1600-1910 in the Netherlands. We exclude observations after
1910 given known data quality issues in familinx for the 20" century derived from measures
taken by Kaplanis et al. (2018) to ensure data protection. We identify scholars in familinx
using data on the year, month, and place of birth and death to flag out potential matches.
We then use public information available at geni.com to ensure that the matches are correct.

National life tables constitute the benchmark for the general male population. Dutch life
tables with 10-year time intervals and 5-year age groups come from the Human Mortality
Database (HMD) for the period since 1850-1859. For the German Empire, we use life tables
from the Human Life Table Database for males in 5-year age groups in 1871-81, 1881-90,
1891-1900 and 1901-10.

We use life tables from scholars, individuals active at universities and academies of sci-
ences in the territories of interest, as a proxy for an elite population (Stelter et al., 2021).
Our sample includes the death of 14,369 male scholars in the German Empire between 1500
and 1910. Because Leiden University, the first Dutch university, was not established un-
til 1575, we limit our investigation on the Netherlands to the period 1600-1910 with 1,075

deaths of male scholars.
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Methods

We estimate remaining life expectancy at age 30 using abridged life tables (5-years age
groups) with an open range age interval 80+. To measure lifespan variation, we compute
the Gini coefficient according to Shkolnikov and Andreev (2010). Life tables estimated from
familinx and scholars’ data use two dimensional smoothing with P-splines (Camarda, 2012).
Life tables on scholars are calculated with and without dealing with left truncation. We
estimate confidence intervals around life expectancy at age 30 and the Gini coefficient by
Monte Carlo simulations for scholars and in familinx. For each point in time, we compute
1,000 life tables based on the assumption that our death counts follow a binomial distribution
(Van Raalte and Caswell, 2013). Our findings are robust to alternative criteria for processing
the genealogical data (e.g., right-censoring, different upper-age limits, exclusion of familinx
profiles without exact dates (Kaplanis et al., 2018), and assignment of individuals to historical

territories).
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