Comparative Population Studies
Vol. 46 (2021): 487-502 (Date of release: 24.11.2021)

Editorial on the Special Issue “The Identification of Causal
Mechanisms in Demographic Research”
Johannes Huinink, Josef Brüderl

1

Introduction

Explaining demographic behaviour and population change means identifying the
causal mechanisms which “drive” them over time. Based on theoretical modelling
and guided by empirical findings in prior studies, demographic and social research
pursues the improvement of knowledge about those mechanisms and the
relationships between the involved factors.
In demography, as in the social sciences in general, theoretical and methodological
advancements over the past 50 years have greatly contributed to accomplishing
this goal. Methods of longitudinal data collection as well as individual- and multilevel longitudinal data analysis have gained relevance. This trend was paralleled by
the development of the life course perspective in the social sciences and conceptual
refinements in cohort analysis in demographic research.
Meanwhile, collecting and analysing longitudinal data is a standard procedure
in individual- and multi-level demographic research. Many studies using this
methodological inventory have been conducted, enriching our knowledge on
individual decision-making and behaviour considerably. Compared to crosssectional data, longitudinal data significantly improve the conditions for identifying
the “true” effects of underlying causal mechanisms. While retrospective information
is already of great use, prospective panel designs enable a more appropriate and
manifold collection of relevant information, as well as more refined statistical
modelling of the interdependence between individual behaviour, its dispositional
and motivational drivers, its situational conditions, and its outcomes over time.
Panel data are also useful for another prominent class of methods, i. e. techniques
of event history analysis (Blossfeld/Rohwer 2002; Kreyenfeld 2021).
In this Special Issue of Comparative Population Studies, we review the degree
to which methodological innovations in panel studies have been useful in properly
identifying causal mechanisms in the study of demographic behaviour, and
ultimately population change. In the first contribution, methodological issues of
panel data analysis are discussed and illustrated by the example of estimating the
effect of motherhood on life satisfaction. The next four articles address the core
question of the Special Issue with regard to major fields of demographic research:
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nuptiality and partnership formation, fertility, spatial mobility and migration, and
morbidity and mortality. The final two articles present illustrative empirical studies,
both using data from the German Family Panel Study (pairfam). In doing so, they
demonstrate the opportunities as well as the apparent limitations of longitudinal
data analysis in identifying causal effects in social research.

2

Causal Mechanisms

What are the key causal mechanisms of demographic behaviour? There is an
extensive literature on causal mechanisms across all scientific disciplines in
general, and in the social sciences in particular. In the social sciences, the term
“social mechanisms” is also used at times. We will not review this broad literature
on causal and social mechanisms in detail here. On the social sciences in general,
see for example Hedström and Ylikoshi (2010) or Mayntz (2020). Recently, Wunsch
and Gourbin have also addressed the issue in their article on causal assessment in
demography (Wunsch/Gourbin 2020). This literature proposed various definitions
of the concept of causal mechanisms. In the following, we introduce and elaborate
upon our own definition, which shall be simple but instructive for our introduction
into the topic of this Special Issue.
A causal mechanism M (in its simple, mono-causal version) is a process by which
a change in an attribute of an entity A, denoted by variable X (causing factor), at time
point t1 or during an interval [t0,t1] induces a change in another attribute of A and/or
an attribute of another entity B, denoted by variable Y (outcome), at time point t2 or
during a time interval [t 2,t 3], with t 3 > t 2> t1> t0.
According to this definition, the change in X, say ∆x A(t1) or ∆x A([t0,t1]), precedes
the change in Y in time: ∆yA(t 2) = f(∆x A(t1)) or ∆yA([t 2,t 3]) = f(∆x A([t0,t1])). t 2 - t1>0 is
the length of the time gap the mechanism “needs” to take effect. x A and yA denote
realisations of the variables X and Y for an entity A. If the outcome occurs for an
entity B, the realisation would be yB respectively.1 The size of the causal effect, i.e.
the size of the change in Y (outcome), principally varies with the size of the change
in X as well as with the time elapsed since the change in X according to the function
f, which usually can be expressed mathematically.
A causal mechanism as defined here usually cannot be observed directly. One
only realizes observable manifestations of the mechanism and follows the process
empirically more or less closely over time. Based on theoretical modelling, which
is always preliminary, as well as depending on the quality of applied methods of
observation and the data analysis, we can “identify” the causal mechanism, i.e. the
causal effect of X on Y, only in a more or less valid way. For this reason, causal

1

Even though X and Y may change continually over time, it is assumed that the condition that a
cause temporally precedes an effect always holds, although by a potentially extremely small
period of time. For instance, it can be the case that the size of a change in X during [to,t1] must
surpass a certain threshold at t1 before a causal effect on Y is induced at t 2 or during [t 2,t 3].
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mechanisms are often conceptualized probabilistically. Because we are not able to
identify all relevant circumstances under which the mechanism is at work, we must
deal with uncertainty. X and Y are treated as random variables, and usually only the
effects of a change in X on the (mean of a) probability distribution of a change in Y
can be estimated (Wunsch/Gourbin 2020: 3).
In principle, according to this understanding of a causal mechanism, the collection
of longitudinal data is a pre-emptory condition for tracing the “real” processes of
the causal mechanism as it evolves over time. This means observing changes in
properly measured variables X and Y, and the extent to which a change in X effects
a change in Y over a certain period of time. Ideally, the data collection also should
cover the time span across which the causal mechanism exerts its effect as precisely
as possible. Therefore, the time schedule and intervals of data collection should be
fine-grained enough to appropriately capture changes in X and Y. This also helps
avoiding collecting synchronous information.
In the social sciences and demography, we usually do not study simple monocausal versions of a causal mechanism, but rather much more complex social
processes – so-called “compound mechanisms”. Compound mechanisms are
composed of more than one mono-causal mechanism. Changes in Y are induced by
changes in causal factors X1, ..., Xn, n>1. We extend the definition presented above
and specify compound mechanisms with the formal expression: ∆y=f(∆x1, ..., ∆xn),
given that n causal factors are involved which also may be attributes of more than
just one entity A.2
The included mechanisms might work in parallel or in sequence. In the first case
(mechanisms working in parallel), changes in causal factors Xi and Xj (i, j=1,...,n, i≠j)
independently exert a “direct” effect on Y. The second case (mechanisms working
in sequence) covers two sub-cases. In the first, a change in one causal factor Xi
induces a change in another causal factor Xj, which then induces a change in Y:
∆xj=f((∆xi) and ∆y=g(∆xj). In this case, the causal effect of Xi on Y is “indirect”, i.e.
exerts an effect on Y via Xj. In the second, a change in Xj simultaneously induces
a change in Xi and Y: ∆xi=f((∆xj) and ∆y=g(∆xj). Here, Xj is a so-called confounder
producing a (spurious) correlation between changes in Xi and Y which is not the
consequence of a causal mechanism connecting Xi and Y. Usually, combinations of
these different constellations occur in empirical analyses.
Compound mechanisms might also be composed of mono-causal mechanisms
working on different process levels. In such a case, X1, ..., Xn might stand for
attributes of entities on different levels of aggregation. We will mainly distinguish
between inner-individual levels, extra-individual levels, and the level of the acting
individuals themselves.
Finally, we must consider that the outcomes of causal mechanisms depend
on the situational conditions they are working in. These conditions are constant
during the time period the mechanisms need to take effect and can be specified
2

For the sake of simplicity, the equations in the following are written without time- and entityrelated indices.
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by variables Z1, ...., Zm, m ≥ 1. They can restrict or support the mechanisms in their
functioning. One can specify: ∆y=f(∆x1, ..., ∆xn | z1, ...., zm). The relatively stable
conditions Z1, ...., Zm may also be observed on different process levels.3
Some important conclusions can be drawn from these considerations with regard
to the empirical analyses of complex social processes we deal with in demographic
research.
First, we usually must consider more than one relevant causal factor, i.e. X1,
...., Xn, n>1, which themselves might affect each other through known or unknown
causal mechanisms. If we are interested in the direct causal effect of a single potential
causal factor Xi on Y – i.e. its “true” direct causal contribution to the change in Y,
we must isolate the effect of ∆xi on ∆y. This means that we must properly account
for mediating and for confounding effects of other causal factors. The total causal
effect of Xi on Y is then estimated by the sum of its direct and indirect effects.
Second, reverse causality presents a severe complication we may encounter
when studying compound mechanisms. There is a mechanism by which a change
in factor Xi has an effect on Y, say ∆y(t 2) = f(∆xi(t1)), but after that, by another
mechanism, ∆y(t 2) affects a further change in X: ∆xi(t 3) = g(∆y(t 2)), and so forth. This
phenomenon, which is common in demographic processes, requires particularly
careful observation of the process under study. For a detailed discussion see an
article written by Brüderl and Ludwig (2015).
Third, some causal factors at play might be unobserved due to not being
measurable or due to poor or incomplete theory. This unobserved heterogeneity
with respect to confounding or mediating attributes might bias estimates of the
direct causal effect of a factor Xi. In order to identify the “true” impact of Xi, this
issue must be properly addressed.
Fourth, the causal mechanisms at play might not work in an additive way. In
other words, the effects of causal factors Xi1 and Xi2 on the outcome variable Y may
not be independent of one another: factor Xi1 might modify the effect of factor Xi2
on the outcome Y, i.e. ∆y=f(∆xi1|xi2), and/or vice versa. This means that Xi1 and Xi2
interact with or moderate (condition) each other in their functioning according to the
respective mechanism. In the empirical model of estimating the effects of causal
factors, such interaction effects must be considered.
Fifth, in social research often processes on higher levels of aggregation, such as
the change in the size and structure of a population are investigated. Mechanisms
working on more than one process level are involved in determining such outcomes.
A reductionist programme examines that process level which allows us to identify
the causal mechanisms which in combination are responsible for those changes in
the units at higher process levels we are interested in. For instance, the approach
of methodological individualism in the social sciences demands analyses on the

3

In the end, the impact of Zj also is exerted by a causal mechanism as defined above. The
moderating force of Zj is assumed to be driven by the fact that it is constant during the period of
time in which the changing X i evolves its impact. However, Zj can also change. In such a case,
the change in Zj leads to a change in the effect of Xi and a different outcome Y.
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level of individual actors, assuming that their behaviour drives observed social
dynamics on the aggregate level of a society’s population. However, it might even be
necessary to study underlying inner-individual, e.g., physiological, psychological, or
neurological processes which eventually cause the observed behaviour.4 Modelling
multi-level regression is a way of including factors from different aggregation levels
simultaneously and for allowing them to interact with each other.

3

Challenges of causal analysis in demography

Over recent decades, empirical demographic research has changed considerably. It
is increasingly acknowledged that a change in the size and structure of a population
is ultimately the outcome of the demographically relevant activities and events
(such as household formation, fertility, and mortality) which are conducted and
experienced by its members and by individuals leaving or entering the population
due to migration. This means that demographic behaviour, as we can call it,
can be studied as part of the individual life course. In our terms, life courses are
complex processes driven by compound causal mechanisms at various process
levels (Bernardi et al. 2019). Following a life course perspective, one can identify
typical issues in empirical demographic research, in accordance with the general
considerations in the previous section.
First, life courses have a past and future which both matter for demographic
behaviour. Regarding the past, the demographic behaviour of individuals is
influenced by life experiences in various ways. They shape personal dispositions
affecting individual decision-making (Aizen/Klobas 2014) as well as the capabilities
and opportunities of future life conduct (Dannefer 1987; DiPrete/Eirich 2006). This
leads to (self-) selection issues in the analysis of life course dynamics over time
(Brüderl/Ludwig 2015). Gattig and Minkus deal with one such example in this Special
Issue, analysing the interplay of life satisfaction and marriage among cohabitating
couples (Gattig/Minkus 2021). Greater life satisfaction supports the intention to
marry, and therefore married couples are the happier ones on average.
Regarding the future, the life course perspective considers individuals’
expectations regarding the pros and cons of future activities and life plans. The
anticipation of possible outcomes plays a major role in individual reasoning on
costs and benefits of alternative activities and respective decision making. Studying
the effects of anticipation is a particular challenge in causal analysis of demographic

4

Choosing the proper level of analysis is a question of theory. Emergent phenomena on a
systems level (global attributes) as an outcome of a strong interaction between the elements
of a system might be studied without going below the systems level. However, this can lead
to issues in causal explanation. In physics for instance, it is relevant to know that the positive
relationship between the temperature and pressure of a constant amount and volume of gas
is caused by the fact that increasing temperature leads to increasing velocity of colliding gasparticles and the higher kinetic energy leads to the increase in pressure.
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behaviour because it is hard to measure in a valid manner (Kreyenfeld 2021; Hoem/
Kreyenfeld 2006).
A special case of self-selection into entire patterns of future life course trajectories
is what Huinink and Feldhaus discussed as a longitudinal version of spurious
correlation (Huinink/Feldhaus 2009: 314). Early life events or experiences might
cause a synchronisation or harmonisation of trajectories in different dimensions
of the further life course. This means that the correspondence between events in
different life domains is not (only) driven by mechanisms working in the later life
course. Instead, some outcomes may be predetermined by life scripts internalized
by individuals early on. For example, being raised in a social environment
favouring traditional gender norms may make individuals more likely to follow a
comprehensive script prescribing how the work and family lives of men and women
are to be combined in the future life course; e.g. with women devoting their time to
the family and accordingly restricting other activities.
At the same time, deviance from life scripts due to unexpected events or
unforeseen obstacles to life plans might initiate adaptation and coping mechanisms
regarding the new situation (Heckhausen/Buchmann 2019). For instance, getting
married or having a child can induce changes in individual traits and attitudes
which otherwise would not have occurred. Attitudes regarding gender roles may
traditionalise after the birth of a child based on the new household circumstances.
Marked changes such as these may lead to shifts in individual values in order to
reduce the uncomfortable consequences of cognitive dissonances which might
otherwise occur (Lesthaeghe 2002; Moors 2001).
Second, the life course is multi-dimensional. Developments in different life
domains or dimensions, such as education, work, family, and health, affect each
other in various and usually complex ways. Among others, the question of reverse
causality must be emphasised. In demographic research, the relationship between
educational and occupational development and family formation processes is
analysed particularly intensively in this respect. Another example in which reverse
causality is very hard to disentangle is the interdependence between health status
and family development, as well as social mobility, over the life course (Hoffmann/
Doblhammer 2021).
Third, the life course is embedded in a multi-level structure of processes.
Studying demographic change means analysing and revealing the consequences
of individual demographic behaviour for the change of the size and structure of
an overall population. Conversely, individual life courses are influenced by their
natural and social environments. These include social dyads, intimate relationships,
and wider social networks, as well as socio-economic structures or cultural and
institutional environments. These environmental conditions limit the variety
and affect the cost-benefit balance of options available to individuals. However,
environmental conditions unfold their impact on the individual behaviour mainly
through individuals’ subjective perceptions and (re-) cognition. Overarching
conditions take effect via the mentioned mental and emotional mechanisms,
including the cognitive processes of evaluating the costs and benefits of an action.
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This leads us to the relevance of intra-individual processes, such as the biological
and social ontogenesis which is based on biological dispositions as well as on social
experiences, particularly in early phases of the life course. These mental states,
including values, attitudes, and convictions may stay quite stable and thereby
condition individual intentions and behaviour (Ajzen/Klobas 2014). Studying these
processes is not primarily the business of demographers, but the social sciences in
general should devote more attention to these fields of the study of human nature.

4

Longitudinal analysis of causal mechanisms and the advantages of
panel data

Studying demographic behaviour as a source of demographic change means
investigating compound mechanisms. As outlined in the previous sections, the
identification of such causal mechanisms through empirical analysis is quite a
challenge. For comprehensive treatments of the issues of causal inference in the
social sciences, see Morgan and Winship (2015) or Gangl (2010). A recent overview
on methods dealing with these issues in the context of demographic research
has been published by Wunsch and Gourbin (2020). For the case of dichotomous
treatments, such as the impact of life events on the attributes of individuals, see
Ludwig and Brüderl (2021) in this Special Issue. We do not go into greater detail on
these topics here, but rather present some insights on how panel data analysis is
useful in the pursuit of identifying causal effects in compound mechanisms.
Randomised experiments are considered the “gold standard” for causal analysis.
In principle, experimental data provide outcome data from before and after the
treatment. A group of subjects is (randomly) drawn from a population of interest.
Members of a randomly selected subgroup (treatment group TG) are exposed to a
change in one single factor X (treatment) which theoretically should have a causal
effect on an outcome variable Y. Y is measured before and after the treatment
and ∆y(TG) is calculated. This is compared to ∆y(CG), estimated for the members
of a control group (CG) which was not exposed to the change in X. An unbiased
estimate of the average treatment effect is thus gained, under the assumptions that
randomisation worked and that no confounding occurred. In this case, the unknown
counterfactuals in the treatment group can be substituted by the observed outcomes
in the control group.
The ability to use an experimental design with a purposefully implemented
treatment is limited in demographic research due to practical and ethical
considerations. Therefore, observational studies remain most common. With
observational data, we must almost always deal with selective (i.e., non-random)
treatment assignment and confounding. Observed confounders can be conditioned
on, for instance by introducing them as controls in a regression model. However,
there are very often plausible arguments that important unobserved confounders
may exist. In such cases, the conditioning strategy will provide biased estimates.
As outlined above, longitudinal data are helpful when identifying causal
mechanisms. They can be collected retrospectively, by panel surveys, or by
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different ways of process tracing. Retrospective data are collected in a one-shot
survey by collecting information on past processes or, in the case of individual life
courses, past experiences, which the respondents report. If we collect (or register)
information on attributes of individuals (or other units of analysis) at a sequence
of time points using the same measurement instruments, we produce panel data.
This approach allows the researcher to follow life course trajectories more closely
and reliably. Typically, retrospective data are sufficiently valid only in the case of
structural-objective information such as dates of life course events and social status
indicators. Meanwhile, panel surveys aim to gather subjective information such as
life satisfaction and attitudes on behavioural issues and their change over time. We
also more reliably observe the temporal order of events and activities over the life
course properly. Therefore, panel data can provide valid information on individual
decision-making and behaviour over time. There are also disadvantages of panel
surveys compared to retrospective data collection: Retrospective surveys are less
expensive and less time-consuming than panel surveys and the problem of sample
attrition is less serious.
Panel data enables significant improvements in causal analysis. In some cases,
one can use so-called natural or quasi-experimental designs. In such cases, data
collected by process tracing or (quasi-) panel designs allow the researcher to
estimate effects of certain events, e.g. political interventions, on the outcomes of
individuals who experienced the event or realised the interventions (e.g. Gangl/
Ziefle 2015; Hofmann et al. 2017; Kreyenfeld 2021). However, non-random selection
of cases into the treatment group must be examined in close detail and with indepth substantive knowledge of the treatment assignment mechanism. As a
complementary approach, some authors propose simulating counterfactuals by
propensity score matching. By this procedure it shall be assured that the treatment
effect of X can be estimated as an average treatment effect if one accounts for the
dependence of the probability of experiencing the treatment given relevant other
attributes of the units of analysis (Morgan/Winship 2015; Gangl 2010).
Panel data, as longitudinal data in general, can also be analysed with event
history analysis methods. The outcome variable Y must be discrete in this case.
Potential causal factors can be traced over time (time-dependent covariates) and
effects on incident rates of a (later) shift in Y can be estimated. To study causal
mechanisms inducing (or affecting the likelihood of) the occurrence of a certain
life event, a rich toolbox of methods of event history analysis has been developed
(Blossfeld/Rohwer 2002; Kleiding 2014).
A major advantage of panel data is that the influence of non-measured timeinvariant attributes (unobserved heterogeneity), i.e. variables Zj as defined above,
can be accounted for (“differenced out”) in fixed-effects (FE) models. Meanwhile,
more advanced models have been developed which have relaxed the assumption
of time independence of the unobserved heterogeneity (Gattig/Minkus 2021).
Nonetheless, FE models still present many issues or potential pitfalls which must
be considered, as Ludwig and Brüderl discuss in their contribution in this Special
Issue (Ludwig/Brüderl 2021).
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Panel data also allow researchers to analyse how the effects of causal
mechanisms evolve over time. As mentioned, the impact of a certain treatment at
a certain point in time t1, i.e., ∆x(t1), on an outcome, i.e. ∆y(t 2), t 2>t1, in many cases
will be a function of the elapsed time since t1 (Ludwig/Brüderl 2021). Here, one can
also refer to growth curve modelling, which can be understood as a type of panel
analysis (Brüderl et al. 2019).
Panel data, at least in principle, enable the analysis of processes of recursive
causation in models with lagged dependent variables or multi-equation event history
analysis (Allison et al. 2017; Leszczensky/Wolbring 2019; Mund/Nestler 2019; Lillard
1993). We mentioned the interdependence between attitudes and behaviour over
the life course. However, these methods are still controversially discussed (Brüderl/
Ludwig 2015).
Finally, multi-level panel data improve the opportunity of differentiating between
cohort and age effects on individual life courses and models of APC analysis
(age-period-cohort analysis), which is prominently used in demographic research
(Ludwig/Brüderl 2021; Kratz/Brüderl 2021).

5

Introducing the contributions

This Special Issue is divided into three parts. The first part contains a methodological
contribution on the analysis of panel data. In the second part, a series of four articles
from central fields of demographic research evaluate the progress in identifying
causal mechanisms of demographic behaviour through longitudinal data analysis
in general and panel analysis in particular. The third part contains two examples
of studies using panel data to analyse complex research questions in family
demography. These seven contributions will be briefly introduced in the following.
In their methodological contribution in the first part of the Special Issue, Volker
Ludwig and Josef Brüderl (2021) discuss the case of estimating the impact of a
dichotomous treatment, such as a certain life event, on outcomes in the further life
course using panel data. In doing so, the authors detail the “the methodological
subtleties of the approach”. Even though the standard methods of panel data
analysis improve the quality of estimating impact functions, violations of the required
assumptions for achieving unbiased estimates are still possible in many ways. This
is shown with the instructive example of estimating the effect of motherhood on life
satisfaction. The authors also provide guidance for tackling these obstacles.
In the first article of the second part, Michael Feldhaus and Richard Preetz (2021)
give an overview of the state of the art in the longitudinal analysis of the dynamics of
intimate relationships. Starting with a brief introduction of theoretical approaches
spanning from broader macro-analytical concepts to the micro-analytical model of
more proximate mechanisms of partnership-related behaviour, they discuss issues
of causal analyses from a methodological point of view. In the main part of the
article, the authors present recent findings from the rich literature using longitudinal
data analysis. They focus on the most relevant biographic transitions between
partnership statuses, i.e., union formation and living apart together; cohabitation
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and marriage; and divorce, re-partnering and remarriage. For each of these, they
select research questions which have been prominently addressed in the literature.
According to their overview, following the first significant step of introducing event
history methods, the increased use of longitudinal panel data represents a second
considerable improvement in identifying causal mechanisms in demographic
research. The recent studies on the effect of marriage on wellbeing are mentioned
as one example in which neglecting processes of self-selection would lead to
incorrect results, but which can be corrected by adequate modelling using panel
data. However, the authors discuss the limited quality of collected data as a major
obstacle to achieving more accurate results, which is connected with the fact that
the underlying mechanisms behind an identified correlation of demographic factors
are often not considered directly enough.
Next, Michaela Kreyenfeld (2021) evaluates the study of causal factors for
reproductive behaviour. She focusses on three important substantive topics under
investigation in this field of research: the important “female employment and fertility
nexus”, the impact of family policy on reproductive behaviour, and the explanation of
fertility intentions and their behavioural link. She proceeds by discussing the merits,
advantages, and limitations of event history analysis, panel analysis (fixed-effects
models), and natural experiments in this field of demographic research. Here, the
thoughtful considerations regarding issues of anticipation of principally uncertain
consequences of fertility (“narrative of the future”) are particularly interesting.
Kreyenfeld then turns to the causal analysis of policy effects and presents an
illustrative empirical analysis of the effects of a parental leave reform on the female
employment and fertility nexus. As a major conclusion from her overview on the
state of the art as well as her own empirical study, she acknowledges the progress
in the causal analysis of fertility achieved through different methods of causal
modelling with longitudinal data. However, Kreyenfeld also recommends that these
advancements cannot substitute the improved specification and measurement of
causal factors. She particularly and correctly suggests that anticipation must be
measured in greater detail and precision.
In the third article, Sergi Vidal and Philipp Lersch (2021) synthesise the
advancements made in migration and spatial mobility research using longitudinal
and panel data. After clarifying some terminological issues, the authors present
different approaches to longitudinal data collection and modelling causal
mechanisms in spatial mobility research and refer to prominent panel studies which
conduct refined analyses of mobility behaviour. In a broad overview of recent
empirical studies of spatial mobility, they show how well-suited data can significantly
ease disentangling the highly interdependent processes in which the internal and
external migration of individuals is embedded. These studies often use a life course
approach. As migration decisions are commonly made by households, a “linked
lives” perspective plays a prominent role and multi-actor designs are employed.
Finally, another section in the article is devoted to the contextual conditions of
spatial mobility and their change due to different kinds of migration. The authors
show that panel designs more adequately allow for the observation, modelling,
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and testing of respective causal explanations relating to “the diverse and complex
patterns of mobility and immobility”.
In their article, Rasmus Hoffmann and Gabriele Doblhammer (2021) address
the fourth major field of demographic research; mortality and morbidity. They
follow an original strategy in evaluating the advancement of causal analysis in a
field of demographic research which is particularly challenging in this regard. After
a differentiated overview on several approaches of causal modelling in the social
sciences in general, they present an analysis of relevant research articles published
in the leading journal “Demography” since 2010.5 The authors scanned the journal
for articles on morbidity and mortality in which the considered approaches of
causal analysis are applied. In the articles they found fixed effects and growth curve
models (applied to panel and register data) stand out among the methods of causal
modelling. Furthermore, they focus on studies of the impact of retirement, socioeconomic status, and partnership and fertility on health outcomes, and present
the findings of these articles. In their conclusions regarding the causal analysis of
health issues in demographic research, they point out that there is a particular need
for interdisciplinary cooperation in studying “the multi-faceted influence factors”.
They also recommend to better combine findings on different levels of aggregation
including “results from more holistic concepts”.
The third part of the Special Issue presents two new empirical studies which in
different ways show how the use of panel data, in both cases stemming from the
German Family Panel (pairfam), can be used to obtain estimates of causal effects
with respect to important research questions in family demography.
Alexander Gattig and Lara Minkus (2021) investigate the potential effect of
marriage on cohabiting partners’ life individual satisfaction. As mentioned, selfselection is a major issue here. This might not only be true for time-independent
traits of the respondents, but also for unobserved heterogeneity changing over
time. The authors consider the latter case in their FEIS-model, showing evidence
for a brief and small increase in life satisfaction due to marriage, which can be
interpreted causally based on the mechanisms presented by the authors.
Kristin Hajek (2021) investigates the complex relationship between having an
abortion, relationship satisfaction, and union dissolution. She examines the question
of whether the effect of experiencing an abortion on union dissolution is mediated
by relationship satisfaction, or whether a potential correlation between these
events is spurious because relationship satisfaction works as a confounder. Panel
data enable her to track changes in relationship satisfaction for a certain period
of time and cover if and when one of the mentioned events occurs. The results
of a sequence of models show that even though – as is well-known – relationship
satisfaction supports union dissolution, it neither has a mediating effect, nor is it
a confounder. Among others, low relationship satisfaction probably does not fuel
the likelihood of an abortion. On the contrary, having an abortion might depress
relationship satisfaction temporarily.
5

They also conducted such an analysis of the journal “Population Studies”, which is not presented
in the article.
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Conclusion

The contributions in this Special Issue shed light on the advancements made in
causal analysis in demography using longitudinal research designs. They contribute
considerably to the knowledge about in the contemporary state of demographic
research with regard to explaining core dimensions of demographic behaviour. The
Special Issue also shows which caveats deserve further attention. We very much
hope that it finds a broad audience in demography and the social sciences and will
stimulate the discussion on methodological and substantive challenges of causal
analysis.
In summary, what needs to be achieved for the field to advance further? We will
briefly emphasize three aspects.
First, to obtain unbiased estimates of the causal effects of individual factors, a
few deficiencies and pitfalls in current modelling must be considered. A particular
challenge is the design of proper models of self-referential processes and pathdependency. This is connected to the problem of estimating the effects of lagged
dependent variables. Following our definitions, one case can be that ∆y([t 2,t 3]) =
f(y([t0,t1]), i.e., that ∆y([t 2,t 3]) is triggered by previous changes in Y itself. One example
is the Mathew effect studied in life course research (Dannefer 1987). Another case
can be distinguished, namely that ∆y([t 2,t 3]) = f(∆x([t 2,t 3] | y(t 2)), i.e., that Y itself
modifies the effects of a causal factor X. Put simply, this means that where one
stands at a certain point in time matters for where one can go next. An additional
case is studied in non-linear systems dynamics, where the aggregated outcome
of individuals’ behaviour influences the likelihood of others adopting it (diffusion)
or the likelihood of avoiding it (dampening). These processes can be studied with
multi-level models.
Second, we also need progress in the measurement and collection of data relating
to simple or compound mechanisms. For instance, panel studies usually follow a
certain time schedule, e.g., annual waves. However, this might not be appropriate
for the mechanisms under study. Often, we miss the moment of decisive change,
such as an individual change in an attitude or a life event. Therefore, we might
observe the changing factor too late, perhaps even only after the outcome one is
interested in. In psychology, methods of experience sampling have been introduced
to tackle this problem. In the social sciences, such approaches are waiting to be
developed in a useful and applicable way. Innovative methods such as “smart
surveys” – are another promising instrument for improving the collection of timedependent information (Toepoel et al. 2020).
Third, with respect to substantive aspects of demographic research, we see a need
for an intensification of interdisciplinary research. This is a must if one acknowledges
the multi-dimensionality and multi-level structure of the compound mechanisms
this research deals with. Whatever advancements will be made methodically,
without the study of these processes and the explanation of demographic behaviour
as the driver of demographic change, demographic research will always remain
incomplete. This is particularly true when we investigate processes of reverse
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causality. The research on morbidity as discussed in the contribution of Hoffmann
and Doblhammer (2021) is an impressive example.
For instance, interdisciplinary research on fertility has found that genetic issues,
which are rarely studied in demography, can help to explain heterogeneity in the
reproductive behaviour of individuals (Kohler et al. 2004; Mills/Tropf 2020). For
the case of migration research, geography and climate play an important role
and will become even more relevant as the climate change proceeds. Scanning
the demographic literature and research activities in prominent institutions of
demographic research, we realise that demographic research is well on its way in
this regard – maybe even more so than other social sciences.
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