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Abstract

Migration is one of the most, if not the most uncertain of the major demographic processes. A
complex network of interacting drivers and factors, coupled with a key role of human agency in
migration decisions, well-known issues with ambiguous conceptualization, and problematic
measurement of migration flows, all contribute to the very high levels of complexity and
uncertainty. This limits our ability to study migration, not to mention predicting it. The aim of this
paper is to shed light on the different facets of migration uncertainty, by offering a unique typology
of the knowable and unknowable features of migration, with a special focus on the complexity of
the underlying drivers. The typology is centered around the limits of knowledge of different
migration concepts, definitions, drivers and multidimensional driver complexes, measurements,
features, spatio-temporal and life course regularities, as well as possible impacts. By doing so, we
hope to illuminate the promising areas of migration studies which have the highest potential of
reducing the associated uncertainty through further research in the future. At the same time, the
typology helps to identify those features of migration processes, for which the uncertainty is
irreducible, and needs to be adequately managed. The conceptual work underpinning the typology
is based on a systematic review of the state of the art in migration studies with respect to how
migration uncertainty and complexity are being defined, measured, and analysed.

1. Introduction

Policymakers, governmental and non-governmental institutions, economic actors, and the general
public exhibit an ever-increasing appetite for anticipating and preparing for future migration flows,
both on their own, as direct input into policy decisions, as well as one of the components of
population projections and forecasts. In 2020, five years after the height of the often-called European
migration crisis and its associated societal, political and discursive disruptions, various stakeholders

ask scientists to provide better predictions of future migration.
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It is worth noting the semantic difference between different terms related to assessing various
possible migration futures'. Despite slight semantic differences between forecasts and predictions,
suggested by some authors, in this paper we will use these terms interchangeably as unconditional
statements about the future. This contrasts with projections or scenarios, which are conditional upon
their assumptions and underlying narratives (Bijak 2010). A migration forecast aims therefore to
provide the most plausible development of the future migration size and composition, which can be
probabilistic, while scenarios can contain ‘what-if” alternatives, based on the narrative stories and
other related assumptions (Bijak 2010; de Beer 2011). In the demographic literature, scenarios are
often associated with projection variants, and can be used for planning for desired developments

under certain assumptions (de Beer 2011).

Similar semantic ambiguities relate to the definition of migration and a migrant. The typical
definitions, which are mirrored in the official population statistics, involve events related to people
changing their place or residence (usual or legal) for a certain time period (for an overview, see
Lanzieri 2019a, 2019b). In this paper, we mostly focus on international migration, related with crossing
national boundaries, although many of the points we make are general and apply equally to internal
migration and other forms of mobility, not to mention that there can be some equivocation in
classifying migration into either form?. As we argue in the paper, many other aspects the definitions

applied are far from being unambiguous as well.

Even though working for more than a hundred years on a theoretical and empirical comprehension
of migration processes (see e.g. Ravenstein 1885, and Rees and Lomax 2020), migration scholars are
still not able to predict accurate numbers of migrants, regardless of circumstances — which is true for
most, if not all forecasts, especially in the social domain. The fundamental epistemological question
is, to what extent migration processes are predictable at all, even exact to providing a probability
distribution of possible future outcomes. This question links with another one, which is a thread
underlying this paper: which types of uncertainty in studying migration are epistemic — related to
imperfect knowledge, which can potentially be obtained through more research, rendering these
aspects of migration processes at least potentially knowable, and which ones are aleatory -
fundamentally irreducible, related to unpredictable shocks and their impacts, and thus in principle
unknowable. In other words, the epistemic uncertainty represents our ignorance about the processes,
and aleatory reflects their intrinsic randomness. We are fully aware of the difficulty of delineating
the boundary precisely?, but are nonetheless convinced that at least making such an attempt is a

necessary first step to providing a better and more realistic policy advice.

! Throughout the paper, we use the plural form (‘futures’) to denote the multiple possibilities across a range of time
horizons in the future (singular). Likewise, the notion of “uncertainty’ refers to the key concept underlying the whole
analysis, and remains singular.

2 See, e.g. King’s (2002) argument that migration within the single market of the European Union (and European Economic
Area) evades a precise classification as either internal or international, sharing important characteristics with both.

3 Consider, for instance, the migration impacts of a natural disaster, such as a tsunami. Even if the disaster itself is aleatory,
the migration response is mediated by the level of government and civic preparedness, including early-warning systems,
procedures, infrastructure, humanitarian assistance, and so on. The presence or absence of such factors is an epistemic
feature of the ensuing migration, and is something that remains to some extent under the control of policy makers. (We
thank Frans Willekens for this example.)
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Historically, (net) migration forecasts have been systematically included in population projections
since the UN efforts in the 1970s (Rogers 1975: 1-2), even though the cohort-component
methodology for population projections existed before, and despite migration being acknowledged
to be an important, yet uncertain component of population change (e.g. Holzer 1959). Since then, the
prominence of standalone migration forecasting efforts has to a large extent followed the ebbs and
flows of the political interest and the place of migration on the policy agenda. For example, several
studies were published around the fall of the Soviet Union and the eastward enlargement of the
European Union, chiefly based on econometric and statistical models, and generating substantial
policy interest (for an overview, see Bijak 2010). This was later followed by academic and policy
interest in the intersection between migration and environmental change (e.g. Jager et al. 2009;
Foresight 2011, De Haas et al. 2011, Ramirez et al. 2015). Currently, migration predictions and
scenarios are back on the political agenda, especially after the 2015-16 crisis, with many scenario-

based efforts undertaken across Europe (Frontex 2016; Acostamadiedo et al. 2020; Sardoschau 2020).

Accuracy is obviously a relative concept and while social scientists and experts have sometimes
anticipated future migration trends slightly more accurately, at other times they completely failed.
To that end, overall, the track record of migration projections and forecasts is not too strong. In their
assessment of forecasts produced by statistical offices in 14 European countries, Keilman and Pham
(2004) found that migration has been consistently underestimated in historical forecasts. Similarly,
Wilson (2017) stated that large migration errors are the norm, both the long-run levels of migration
and their short-term fluctuations. In addition, Shaw (2007) and Wilson (2017) argued that the official
migration forecasts, respectively for the UK and Australia, for the past four decades were mostly
highly inaccurate, both for individual years and cumulatively over longer periods. The reasons for
that include, in varying proportions, the occurrence of shock events, unpredictable changes to

migration drivers, as well as large variation in the way migration responded to these changes.

In another overview of forecasting work, Keilman (2008) concluded that recent forecasts made by
European national statistical offices in the early 21+ century were not more accurate in forecasting
net migration than was the case in the past. One example of a country, where accurate predictions
were very hard due to a dynamic population change and a small population is Ireland, which had
close to zero net migration in 1995, increasing to around +105,000 in 2007 before falling again to
nearly zero in 2009, at the outset of the financial crisis, turning negative in 2010, with positive values
not seen until 2015 — none which was predicted by the Irish Statistical Office (Fitzgerald 2018)*.

Historical examples of migration forecasts vary in terms of how successful they were, which also
raises the question of how “success” needs to be defined in the context of a very unpredictable
process. It is easier to point to examples of very unsuccessful predictions, such as those that
overestimated migration from the former Soviet Union post-1991 by a large number (experts cited
by Vishnevsky and Zayonchkovskaya 1994), or vastly underestimated migration into the United
Kingdom after the 2004 enlargement of the European Union (Dustmann et al. 2003). Selective
reviews of past forecasting efforts are offered in Bijak (2010) and Bijak et al. (2019). Given the low
levels of predictability of migration, while no forecasts can be fully “successful” in other way than
by fluke, some have clearly lower and better calibrated errors than others. In this way, the success

4+ With thanks to Akira Soto-Nishimura.
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of forecasts can be measured in terms of their error distributions: whether the errors are well-
calibrated, and how large they are (e.g. Bijak et al 2019). This perspective formally acknowledges the

famous adage by George EP Box, that “all models are wrong, but some are useful”.

To provide a hypothetical, perfectly accurate predication of future migration at a specific time and
location, or indeed for any prediction, four key ingredients would be needed. First, there is a need
for a perfect theory and understanding of the complex interplay of multiple migration drivers. Second,
perfect measurement and data on multiple forms of past and current migration and its multiple drivers
would need to be available over time and space. Third, we would need to have perfectly specified
models analysing migration and driver data. Fourth, which is the most demanding ingredient, we
would need to possess perfect knowledge of the future development of multiple drivers. This could be

expected of Laplace’s demon (Frigg et al. 2014), but not of human forecasters.

The degree of inaccuracy in predicting normal forms of migration depend therefore on knowledge of
each of these four ingredients. Lack of such knowledge establishes epistemic uncertainty which we
will discuss in greater detail in this paper. However, migration caused by unpredictable and singular
shock events (a tsunami, a sudden conflict, or fundamental regime change) can be equally
unpredictable and singular. The impossibility of predicting such singular shock events creates
aleatory uncertainty regarding future migration. In addition, the sheer complexity of migration
drivers and their interactions, operating across different spatial and temporal scales, compounds
both types of uncertainty even further. As a result of these limitations, our view of the role of
migration theory and drivers is far from being ‘nomological’, whereby the forecasts require precise
theoretical description of how migration processes work, from which predictions could be simply
deduced (Hempel 1962; Chojnicki 1970). In this paper, we settle instead for a weaker interpretation
of theoretical or explanatory endeavours, as aiming to shed some light, as imprecisely as may be, on

the mechanisms underpinning migration processes and their associations with other variables®.

Uncertainty in forecasting is obviously not static but increases with the projected time horizon.
While epistemic uncertainty is easier to handle for the very short term, the accuracy in predicting
future migration is continuously declining the more the period of interest is long-term. Making any
— even probabilistic — statements about future migration flows beyond the horizon of five to ten
years becomes too risky, as the uncertainty can be overpowering (see Bijak and Wisniowski 2010).
There, a recourse to other tools, such as scenario-based projections may be needed. In this paper, we
look therefore across a range of time horizons, from very short, daily or weekly, to very long,
spanning years or decades, to identify the dominant uncertainty types in each case, and to propose

possible methods of managing the uncertainty that would be well suited for different futures.

Even though a dynamically increasing uncertainty is relevant for all types and forms of migration,
its extent can vary significantly. This leads to suggestions for making scenarios for disaggregated
groups sharing some common characteristics (de Beer 2008). While family migration, for instance, is
highly dependent on the volume of prior permanent immigrants from a specific context (region or
community) who are subsequently joined by their family members, asylum migration or irregular

forms of migration are far less path-dependent but more erratic and volatile (idem).

5 We thank Nico Keilman for this interpretation.
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A formal classification of different forms of migration in terms of their uncertainty and volatility, as
well as and potential societal and policy impact, can be based on the risk management framework.
In the example of UK migration, Bijak et al. (2019) proposed and a traffic-light system for assessing
different migration types, from the better predictable and less consequential, such as the return flows
of nationals (green), to those of highest volatility and impact, including asylum-related flows, such
as those observed in Europe during the 2015-16 crisis®. It is worth noting here that the notion of
‘impact’ may have normative connotations and, depending on the perspective, focus on “positive’
or ‘negative’ outcomes’. We acknowledge that migration can bring about challenges as well as
opportunities for the sending, receiving and transit countries and communities, and for individual
migrants. Still, to avoid unnecessary value judgements, throughout this paper we define migration

impact simply as ‘consequence that requires action and resources on the part of decision makers.’

Finally, the level of spatial granularity also matters in determining the uncertainty of forecasts. Users
of migration or population projections may require more fine-grained forecasts than those made at
the national level. Subnational forecasts have less of a history and are typically not done by
supranational organizations. In general, forecast error is larger at the subnational level than at the
national level (Wilson and Shalley 2019). At the subnational level, forecast error generally decreases
with population size but error level tends to stabilize after size threshold is reached and error tends

to be lower for places with slow rates of change.

This paper aims to assess the multiple sources of uncertainty which are individually and conjointly
limiting the ability to predict accurate numbers of future migrants. We focus specifically on migration
flows, being less predictable and more volatile than migrant stocks, which exhibit larger inertia, driven
by the mechanism of population renewal. At the same time, we look at flows as aggregate processes,
rather than individual moves, even though we discuss decision making mechanisms in the review of
migration drivers. Even though our analysis is motivated by international migration in Europe, the
discussion is more universal: if anything, in many other parts of the world, some types of uncertainty

—such as those related to data and measurement — are even more profound.

In Section 2, we propose a conceptual framework for understanding complex driver environments
established by the configurational interactions of multiple migration drivers across space and time.
The focus on a variety of drivers provides a starting point for the discussion of the different guises
of uncertainty, to which the driver complexity contributes. In Section 3, we further elaborate on these
different types of uncertainty that are limiting the ability to generate precise estimates of a specific
type or form of future migration. Section 4 includes a discussion the methodological advances and
limitations in incorporating epistemic and aleatory uncertainty in alternative forecasting

approaches, as well as some practical and policy recommendations by way of concluding.

6 At the same time, it is well recognized that some conceptual categories of migration overlap, their definitions often being
driven by legal or administrative considerations — after all, asylum-related migration may be at the same time also linked
to family reunion, study, or enhancing economic prospects. At the same time, other categories are strictly exclusive, for
example returning nationals cannot seek asylum in their country of nationality. This complexity, coupled with the often-
blurred distinction between the various dichotomies or categories of migration flows, which do not map onto clear-cut
definitions, adds an additional layer of conceptual complexity (King 2002; Foresight 2011; Bivand Erdal and Oeppen 2018).

7 We thank Marta Bivand Erdal for drawing our attention to this.
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2. Conceptualizing complex migration driver environments

Why exactly do people (want to) migrate? At specific moments in people’s lives, a number of factors
are coming together and stimulate migration intentions and aspirations. Given some achievable
opportunities, this may result in temporary or permanent migration of individuals and their
families. Factors that drive migration intentions (or aspirations) and actual moves are manifold and
multifaceted, and for decades migration researchers are identifying and describing factors and
contexts that facilitate or constrain migration processes (Massey et al. 1993, 1999). Migration scholars
studying drivers of migration are basically asking: how do migration driving factors operate in time
and space? To what extent, and in which ways, do they influence, i.e. trigger or hinder, migration
decision-making of some people, but not of others? And, how do multidimensional migration
drivers mutually interact and create so-called driver configurations which may affect some people

more than others in aspiring and realising migration as a viable behavioural option?

Drivers of migration have been studied for decades and the scientific literature has identified a
number of fundamental dimensions of migration drivers including economic, political, social,
cultural, demographic, and ecological factors (Ghatak et al. 1996, Hagen-Zanker 2008; King 2012;
Massey et al. 1993, Migali et al. 2018). The circumstances, the ways and modes, and the extent to
which sets of driving factors may influence individual migration decision-making and larger
migration processes are dependent on the functionality of migration drivers, which is a central aspect
in understanding the specific role of single or combinations of multiple drivers may play at different
stages of a migration (decision-making) process. Migration as a behavioural option is highly context-
dependent and, as such, the configuration of complex driver environments is very specific to the
time and place in which migration aspirations are formed and decisions taken. However, context-
specific functionalities of specific migration drivers can be generalised and categorised along some
key functions (cf. Van Hear et al. 2018). Predisposing drivers, for instance, define fundamental societal
structures and structural disparities. As the basic methodological premise, we may assume that
(potential) migrants respond to extrinsic or intrinsic stimuli when deciding about migration (Czaika
and Reinprecht 2020). From this perspective, predisposing factors define the broadest, most

fundamental layer of opportunity structures (cf. de Haas 2010).

Predisposing factors, also often termed ‘root causes’, in particular in policy circles, are also thought
of as the socio-economic, political, environmental conditions that induce departures such as poverty,
repression, environmental degradation or violent conflict (Carling and Talleraas 2016). Predisposing
factors do not affect directly and “unfiltered” people’s migration decision-making but are rather
moderated through some mediating factors that facilitate, constrain, accelerate, consolidate, or
diminish migration (Van Hear et al. 2018). For instance, ethno-religious fragmentations of societies
in combination with socio-economic inequalities are often deeply embedded in wider societal
structures. Still, they may be mediated by cultural norms (e.g. class, castes, social status) or
provisions of political and civil rights, which may sometimes reduce or thwart the migration
stimulating effect of structural inequalities. Thus, predisposing factors such as social, economic,
political, demographic, environmental structures and structural changes establish the wider
contextual environment but do not trigger migration decisions per se. Socio-economic inequality,

for instance, is predisposing but not directly triggering migration decisions.
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More proximate drivers ‘downscale” and localise broader macro-structural dispositions and are less
abstract but closer to the immediate “perception and decision spheres’ of potential migrants. Macro-
level structures and broader developments translate into more personally relevant factors at the
meso and micro level while the ultimately triggering factors of migration are the actual reasons why
people decide to migrate. This can be joblessness or job offers, marriage, exposure to threat or

persecution, loss of assets, etc.

Beyond the degree of immediacy, migration drivers and driver configurations can further be
characterised and categorised by their temporality, elasticity, selectivity, and geography. Temporality
is referring to the less-than-permanent or transitory character of a specific driver or the volatility of
a driver environment. For instance, demographic transitions or adaptations of socio-cultural norms
are usually rather slow-changing and therefore relatively non-volatile structural drivers while
natural disasters, or a coup d’état, are phenomena resulting in rapidly changing driver environments
(“shocks”). Yet, slow-changing drivers are not less important than actual ‘triggers” of migration in
forecasting migration. They establish, through a cumulative process over time, the migration-
conducive environment which may make migration in the future more likely, in particular when a
sudden shock event, such as political turmoil, occurs. Slow-changing drivers are particularly

important in long-term forecasting as they establish resilient processes of limited volatility.

Geography refers both to the locus and scope of a migration driver. The geographical scope of a
structural driver can be anything between local and global, while the locus of a migration driver
refers to the geographical contexts of both the origin and potential destinations but also in-between
places of “transit” where drivers are impacting on migration decision-making. The selectivity refers
to the fact that broader social, economic or political transformations do not homogeneously affect
all societal groups in the same way and to the same extent. Business cycles, for instance, affect
societal groups in very different ways and to a varying degree depending on multiple intersections
of age, gender, ethnicity, social status, or profession. Consequently, when a set of migration drivers
constitute a specific driver environment, it conditions the time-space dependent migration probability
of a homogenous group of people uniquely and uniformly exposed to a specific driver environment.

The four key dimensions of migration driver functionality are summarised in Table 1.

Table 1. Functionality dimensions of migration drivers

Driver functionality ...affecting migration probability

Immediacy predisposing vs mediating vs proximate drivers
Geography location-specific vs global drivers

Temporality slow-changing vs sudden-onset drivers
Selectivity population-wide vs group-specific drivers

Source: Own elaboration

No single reason or driver, but complex multidimensional combinations of economic, political,
social, and other developments and events may dynamically and heterogeneously influence
(perceptions of) migration opportunities of alternative groups of people. In other words, time-space-
dependent configurations of complex driver environments define people’s willingness and ability to

Assessing Uncertain Migration Futures
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migrate (Czaika and Reinprecht 2020). It is also the accumulation of reasons (drivers) over time that
lead to certain “tipping point” situations at which migration of larger populations is triggered. For
instance, many Syrians stayed in their home towns years into the civil war and only fled to
neighbouring countries once their economic basis of subsistence eroded to an extent where staying

was no longer a viable option.

Most empirical studies analysing migration drivers look at a very limited number of driving factors
—on average only 2.5 drivers per study (Czaika and Reinprecht 2020). Only very few studies explore
more complex combinations and interactions of migration drivers in shaping migration processes
such as the interaction between migration policy and non-political factors (cf. Czaika and De Haas
2017; Diivell 2018; Van Hear et al. 2018) or between economic and security-related drivers (Crawley
and Skleparis 2018). Interaction effects occur when the effect of one driver depends on the presence
and intensity of another factor driving migration. That is, interaction effects indicate that other
factors influence the (causal) relationship between a driver and migration outcome. Interaction
affects the complexity of context-specific configurations of multiple drivers of migration. Besides,
some combinations of drivers interact while other do not. The degree of mutual interconnectedness

between drivers defines the overall stability (or resilience) of a migration driver environment.

Ragin (1987) explains that causal complexity as a phenomenon emerges from the intersection of
relevant pre-conditions. In the absence of a necessary or sufficient ‘ingredient’, the phenomenon —
e.g. migration — does not occur. In this set-theoretic logic, certain drivers can also be ‘INUS’, that is
Insufficient, but Necessary parts of an Unnecessary but Sufficient driver configuration (Mackie 1965; see
also Czaika and Godin 2019). Identifying relevant migration driver configurations and assessing the
ways and extent by which drivers intersect and interact must be fundamental elements of advanced
migration forecasting analyses. At the same time, Ockham’s razor principles apply: forecasting
drivers bears its own uncertainty, which subsequently gets propagated to migration predictions
(Bijak 2010). Hence, including too many proxy variables for drivers in forecasting models risks
overfitting and actually reducing the predictability, instead of increasing it, whilst potentially
providing the migration modellers and decision makers a false sense of accuracy resulting from the

inclusion of many possible variables and their interactions.
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3. Uncertainty in forecasting migration: a typology

Anticipatory knowledge on the characteristics of future migration can be convoluted by various
types of uncertainty making the exact prediction of the number, form, duration, composition,
direction, and locations of origin, transit and destination of future migrants an impossible
endeavour. A realistic ambition for forecasting a multifaceted phenomenon like migration is not to
predict the exact number of a specific group of people migrating in a specific period in a specific
way between specific locations, but to estimate the likelihood — or, more broadly, a full probability
distribution describing the future population movements. The analytical scope and degree of

aggregation are hereby decisive elements affecting the level of accuracy of migration estimates.

Pooling certain populations, as long as they exhibit heterogenous migration behaviours and
patterns, can reduce the uncertainty of estimation and prediction of the likelihood of migration. The
law of large numbers allows more accurate predictions of future migration of large and highly
aggregated populations than of largely disaggregated sub-populations. For instance, the relative
margin of error in predicting total immigration of third country nationals into the European Union
until 2025, is smaller than when predicting immigration of a specific nationality, occupation or a
European destination in the same time period, with increasing relative margins of errors for time
periods in the longer term. Similarly, aggregating over time can lead to less error overall because
looking at pooled periods of several years rather than individual years has the advantage that annual

errors would cancel out to some degree. when there is fluctuation on either side of linear forecasts.

Building on the overview of the complexity of migration drivers, presented in Section 2, in this
section we elaborate on the different facets of the resulting fundamental uncertainty that are limiting
the accuracy of future migration estimates — both epistemic and aleatory. These individual sources
of uncertainty which are summarised in Table 2 across four domains: migration drivers, data,

analytical methods, and individual decisions.

Table 2. Typology of uncertainty in the study of migration futures: A summary

Domain Epistemic uncertainty Aleatory uncertainty
Drivers Conceptualisation: driver complexes Systemic shocks in key driver
river . .
Future development of drivers configurations
Data Measurement: migration and drivers  ghocks in methodological advancements
Methods Analysis: model uncertainty and data availability
Decisions Decisions under uncertainty Unpredictable behaviour

Source: Own elaboration

These key uncertainty types apply to all levels of aggregation and therefore affect estimates
independently of the actual size of the population for which the likelihood of migration is assessed.
The successive parts discuss the different types of uncertainty in more detail, following the key
conceptual distinction between epistemic and aleatory aspects of the unknown migration futures.
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3.1 Epistemic uncertainty

3.1.1 Conceptual uncertainty of migration driver complexes

What drives migration decisions on the one hand and larger population movements on the other?
In the absence of a dominating analytical paradigm and a ‘grand theory” of migration (Arango 2002),
which arguably would not be very useful anyway, migration scholars refer to and attempt to
triangulate a multitude of concepts, theories and epistemological approaches for understanding and
explaining individual migration decisions and aggregate populations movements (see e.g. Massey
et al. 1993, 1999, or Brettell and Hollifield 2014, for extensive but not exhaustive overviews of
migration theories). Theoretically-informed identification and empirical assessment of the relevance
of certain drivers of past migration is relatively well-established and largely feasible. Whether
migration theories also have enough explanatory and predictive power to assess the multiple
features of future migration however is less clear — and there are good reasons to be skeptical in that

respect (Arango 2002).

As argued in Section 2, migration drivers are multifold and mutually interacting in often unexpected
and counterintuitive ways, which is characteristic for all complex systems (e.g. Flood and Carson
1998). Based on a systematic review of the migration driver literature, Czaika and Reinprecht (2020)
identify at least 24 different categories of migration drivers, which may all mutually interact in
multifold ways. Accepting this number of distinct driving factors requires that a migration analyst
needs to understand the relative importance of each driver in affecting individual migration and
aggregate population movements. Assuming a binary measurement of all driving factors (e.g. high
vs. low unemployment, restrictive vs. liberal border policy etc.), i.e. ignoring the continuous
character of most migration drivers, we can imagine 2% = 16,777,216 possible driver configurations
or driver environments with each ceteris paribus potentially leading to slightly different likelihoods of

migration, and ultimately, migration outcomes.

The complexity increases even more when we accept the fact that single drivers do not only operate
independently but also in interaction with each other. For instance, the effects of immigration
restrictions on the scale and composition of migration very much depends on the economic situation
in both countries of origin and destination, but also in other relevant countries, such as transit ones.
But moreover, if immigration policies are restrictive and economic prospects are dim, the existence
of a mediating and reinforcing migrant network or a well-established ‘culture of migration” may
nevertheless lead to a perpetuation of immigration (Czaika and de Haas 2017, for a specific example
related to the culture of migration to the US present in Mexico, see e.g. Kandel and Massey 2002).

What does configurational driver complexity and epistemic uncertainty imply for forecasting?
Reducing driver uncertainty in migration modelling by including an almost infinite number of
possible driving factors is certainly not a solution. In line with the Ockham’s razor argument, a
pragmatic solution is to identify a manageable number of driving factors selected according to their
relative importance as either predisposing or proximate driver of migration. Assessing their relative
importance in terms of a “driver hierarchy’ is thereby an analytical approach that involves both
theoretical knowledge, as well as contextual and empirical assessment. Migration elasticity in terms
of the migratory responsiveness of certain societal groups to changes in the driver environment can

be an indicator for selecting relevant drivers in this process.
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3.1.2 Uncertainty about future development of drivers

Migration drivers are generally not static but change dynamically. While some structural drivers
can be rapidly changing (e.g. economic fluctuations, government policy), other may change only
gradually (e.g. demographic transitions, cultural norms, climate conditions). Consequently,
uncertainty regarding the future development of migration drivers and driver environments is a

central element of driver uncertainty, which needs to be taken into account in migration predictions.

Even if epistemic knowledge regarding certain drivers and their (past) functionalities is reliable and
truthful, and if uncertainty about their measurement can be assessed and controlled for, the state of
single drivers and driver configurations are likely to change in the future, with the likelihood of
change usually increasing with time horizon. However, considering knowledge and empirical
evidence about ‘temporal regularities” and the nature of dynamic changes of certain drivers, analysts
can identify and separate slow-changing from fast-changing drivers, as well as stationary from non-
stationary processes (Bijak and Wisniowski 2010). For instance, by the nature of their temporal
dynamics, future prediction of slow-changing transitions from high to low fertility rates or from an
agriculture-based to an industry-based economy have smaller margins of error than more cyclical

economic fluctuations or electoral outcomes and implications for political stability.

3.1.3 Uncertain data and measurement of migration and its drivers

The uncertainty of migration starts right with conceptualizing and formally defining what is a
migration event, and who is a migrant. Unlike in the case of other key demographic processes, which
involve events that are uniquely defined (birth, death, marriage, divorce), migration needs to be
conceptualized with reference to its two key dimensions: space (how far a person needs to move to
become an internal or international migrant and what administrative boundaries they need to cross),
and time (for how long). Both these dimensions require putting arbitrary boundaries to delineate
migration from other types of mobility. This leads to other issues, such as the Modifiable Area Unit
Problem in space or its equivalent in time, where the number of migrants observed depends on the
spatial or temporal granularity of observation (see Rees and Lomax 2020, as well as Nowok and
Willekens 2011 for the temporal discussion). This ambiguity is reflected in a range of definitions of
migration prevalent across different countries, despite attempts at harmonizing them, such as the
UN (1998) standards, or the EU regulation 862/2007 on migration and asylum statistics®.

The definitional patchwork is often a result of different national or supra-national legislative
frameworks, which often vary between the countries with regard to the purpose and mechanism of
migration data collection. In addition, migration statistics can be reported by the country of previous
or next residence of migrants, their country of birth, citizenship, or legal status, such as visa, formal
residence, or asylum (see Lanzieri 2019b). At the same time, it has to be borne in mind that migration
is a process, although what gets measured is typically individual events or transitions from one place
to another. This is a great simplification, which can help with modelling, but removes the
measurement even further from the messy social reality with its long-distance cross-border

commuting and circular migration, transnational ties, and so on.

8 Regulation (EC) No 862/2007 of the European Parliament and of the Council of 11 July 2007 on Community statistics on
migration and international protection; OJ L 199, 31.7.2007, p. 23-29, with further amendments.
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One crucial element of epistemic migration uncertainty is related to its measurement. To start with,
migration statistics are social constructs, reflecting political priorities prevalent at the time of their
collection (Bijak and Korys 2009). This results in the presence of different data collection tools and
mechanisms, as well as their different focus, which does not have to be on measuring migration as
such, but on other purposes of data collection, such as law enforcement or facilitating some
administrative processes (e.g. tax, social security, or medical records). Typically, migration data
sources include censuses, surveys and administrative data, currently also making a foray — albeit
still to a limited extent — to the world of ‘big data” and digital traces, such as mobile phones or social
media (Cesare et al. 2018). Different sources of data have different problems with respect to the
timeliness of data production, and a range of other quality aspects: coverage of specific populations
and national groups, the presence of various biases and possible under- or overcount, and accuracy

of the measurement instruments (Raymer et al. 2013).

All these features may require a recourse to formal modelling as a way of combining information
from different data sources, bringing them to a common denominator, and describing the resulting
uncertainty in a coherent manner (see e.g. the International Model of European Migration project
IMEM of Raymer et al. 2013, the continuation of which is envisaged within the current programme
of work?). Given the epistemic nature of this type of migration uncertainty, it can be at least
described, but hopefully also to some extent reduced through improvements in data collection and
analytical tools. Such data collection advances can including for example the economical option of
‘mainstreaming’ of migration and asylum by including related questions and variables in more
general data sources (Knauth 2011), as well as more migration-centred approach, with surveys

specifically dedicated to examining different features of migration.

Likewise, the data on migration drivers and correlates are also fraught with measurement and
comparability issues. In addition, attempting to explain or predict migration —highly uncertain itself
— with the help of imperfect proxies for drivers (e.g. GDP ratios for income differentials) adds
another layer of uncertainty, which should be propagated into the final results of the analysis
together with migration measurement errors. One problem here is that in applied work, the
uncertainty from exogenous variables gets lost, leading to unreliable conclusions (e.g. Dustmann et
al. 2003), or when it gets included in a simple way, the resulting uncertainty is overpowering,

rendering the results useless (Bijak 2010).

3.1.4 Formal analysis: Model uncertainty

Every formal model is an approximation of the reality under study. Models include errors of
different kinds: in model specification, model parameters, parametric uncertainty (error term),
model discrepancy, code uncertainty, and more (Kennedy and O’Hagan 2001). In addition, if
estimation, forecasting or scenario setting involves expert knowledge, the breadth of subjective
expert opinion adds an additional source of uncertainty. This uncertainty can be formally elicited
and described (see O’'Hagan et al. 2006), by which it becomes epistemic, reflecting the current state

of expert knowledge on the migration processes under study.

° QuantMig work package 6, see http://quantmig.eu for details.
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In forecasting — as opposed to using models to explain past trends and behaviours — the focus is
clearly on predictive ‘out-of-sample” performance, which varies with the time horizon of prediction.
This performance can be measured by using a range of metrics, from errors (absolute, relative, and
so on), to coverage calibration measures, and other scoring rules, such as Brier scores or similar
(Gneiting and Raftery 2007). In the effort to reduce errors, over the past decades, the models of social
processes, including migration, became increasingly sophisticated. Still, this does not mean that their
uncertainty can be reduced (see e.g. the complexity-simplicity debate in Ahlburg 1995, and Smith
1997; as well as Keilman 2008) — rather, than at best it can be described more realistically.

In general terms, the uncertainty of a model can be assessed based on its past performance, with ex-
ante (theoretical, model-based) and ex-post (empirically observed) error distributions ideally aligned,
and the overall objective to minimize the latter. It is worth remembering that the goal is not to
minimize uncertainty or pretend it does not exist, which would lead to an ‘illusion of control” (see
e.g. Makridakis and Taleb 2009) — but to describe it more realistically, bearing in mind the different

sources, so that it better severs prudent policy and decision making.

An additional problem in modelling migration drivers concerns endogeneity: not all variables that
are used as proxies for exogenous drivers in models are indeed exogenous. One clear example is
population (e.g. Cappelen et al. 2015), which changes deterministically through migration as well as
being an important migration driver. Alternative approaches, based on statistical models, which do
not rely on drivers, can only offer approximate solutions (Bijak 2010; Azose and Raftery 2015). Such
approximations, for example those based on time series techniques, are useful as they bypass the
problem of theoretical complexity and rely on the persistence and self-perpetuation of migration
(Bijak 2010). These features, broadly related to the notion of cumulative causation (Myrdal 1957), are
well-acknowledged elements of existing explanations of migration processes (see e.g. Massey et al.
1993), and can be described by autoregressive models. On the other hand, the uncertainty related to
driver measurement is largely epistemic, and potentially reducible with the development of new
data sources, analytical tools and methods, for example in the form of more highly structured

models, combining information from as many sources as possible.

3.1.5 Migration decisions under uncertainty

At the individual level, migration decisions are taken in the context of personal uncertainty and risk.
Information about individual prospects and opportunities is incomplete, and whether migration
turns out as the ‘right” decision depends very much on circumstances that are ex ante unknown and
ex post not fully under control of the migrant (Czaika 2015). Migration decisions are mostly based on
limited information and uncertainty about migratory options, possible outcomes and personal
preferences. In addition, the non-static nature or ‘endogeneity” of personal preferences and
perceptions about driver environments involving opportunities and constraints has hardly been

explored and considered in migration analyses.

Risk and uncertainty in the context of migration decision-making has been addressed by several
authors (e.g. Williams and Baldz 2012), some suggesting that migrants tend to be rather risk-loving

(e.g. Sahota 1968) than risk-averse, as assumed in neoclassical expected utility theory. Migrants are
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supposed to consider risk and uncertainty inter-temporally, e.g. by trading medium-level risks for
immediate higher risks, but subsequent lower risks (Katz and Stark 1986). However, all these
propositions refer to the expected utility theory and the standard neoclassical model with its mostly
unrealistic assumptions about fully rational decision-making. The theory of revealed preferences
also suggests that migrants choose a destination because it is preferred to any other destination if
migration to that other destination was both possible and affordable. However, real preferences and

revealed preferences (e.g. for alternative migration destinations) are not necessarily identical.

What makes the anticipation of migrant behaviour even more uncertain than expected utility theory
would suggest, is basically the fact potential migrants are ‘bounded rational’ decision-makers,
implying that human rationality is limited and constrained by the situation, incomplete information
and cognitive limitations (Simon 1983). Furthermore, preferences and risk attitudes are known to be
non-static but dynamic, endogenous and reference dependent. This proposition of prospect theory
(Kahneman and Tversky 1979, Készegi and Rabin 2007) suggests that potential migrants may tend
to change risk attitudes by being risk-averse when facing positive migration prospects (such as
increased income or job opportunities), and risk-friendly when expecting negative prospects (such
as joblessness or persecution; for a discussion, see also Czaika 2015). Thus, migrants adjust their risk
attitudes depending on their individual reference point and the type of information they receive
about real or expected outcomes. Individual reference points are space- and time-dependent and
group-specific so that a formulation of a migration probability function would require very specific

information on group-specific reference points for assessing migration-related prospects.

A key aspect in an individual migration decision-making processes is the search for migratory
options. Obviously, neither all possible migration alternatives nor all consequences can be
individually known, but normally a ‘manageable set of options’ is identified, investigated, and
evaluated. Search for information is complex and involves collection and processing of information
about possible migration destinations and corresponding opportunities including information on
possible entry routes, job and livelihood opportunities, but also risk and uncertainty related to the
migration journeys and outcomes. While neoclassical random utility models (RUM) often
unrealistically assume migrants” full information e.g. on all possible migration options, searching

for this kind of information in fact places high burdens on individuals (Gigerenzer et al. 1999).

Due to the complexity and the amount of information, potential migrants apply instead some simple
decision rules or heuristics in the migration decision-making process (Tversky and Kahneman 1974;
Czaika and Reinprecht, forthcoming). Heuristics are “methods for arriving at satisfactory solutions
with modest amounts of computation”, which are often used unconsciously or automatically (Simon
1990, p 11). Heuristics are strategies that aim to make decisions “more quickly, frugally, and/or
accurately than more complex methods” by ignoring part of the information (Gigerenzer and
Gaissmaier 2011, p 454).° Expected utility theory and respective assumptions about preferences and
probabilities struggles to explain ‘behavioural anomalies’ (Kahneman et al. 1991) such as
endowment effects, loss aversion, status quo bias, or usage of other heuristics in migration decision-

making (Czaika and Reinprecht, forthcoming).

10 See, for instance, Koser (1997) on the role of information and uncertainty in the context of return migration.
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3.2 Aleatory uncertainty

3.2.1 Unpredictable systemic shocks in key driver configurations

Aleatory uncertainty refers to the inherent uncertainty due to the probabilistic variability or other
types of randomness, such as chaotic behaviour. This type of uncertainty is non-reducible, that is,
there will always be unpredictable variation in single migration drivers and broader driver
configurations and the way these are shaping migration processes. For instance, the unpredictable
nature of sudden shocks to social systems such as a natural disaster, a terrorist attack, or an outbreak
of violence, and its uncertain implications on migration creates a key category of aleatory

uncertainty which affects forecasts of future migration.

So-called ‘black swan events’ (Taleb 2007) are unpredictable and go beyond what is normally
expected of a situation and has potentially significant consequences for society and (some or all) its
members. Black swan events are characterized by their extreme rarity and their severe impact. Rare
events or shocks suddenly change the driver environment that may affect migration intentions of
larger groups of people in a positive or negative way. In contrast to ‘normal’ aleatory uncertainty,
standard tools for evaluating probability and prediction such as models based on thin-tailed normal
distributions do not apply. Such tools depend on large numbers of observations and sample sizes

(here, long data series) that are — by definition — not available for rare events.

Even though statistical techniques exist to deal with some aspects of this unpredictability, for
example by assuming heavy-tailed distributions or explicit modelling of extreme values (Coles
2001), they only offer partial solution to the related challenges of migration forecasting. Even if we
know that rare events happen, we cannot predict their exact timing, location, magnitude or impact.
At the same time, there is a residual part of unpredictability, which evades statistical modelling,
which is partially related to the inadequacy of models of any complex systems (Frigg et al. 2014)!!.
In either case, as with earthquakes or similar rare events, we can still prepare contingency plans to

deal with the occurrence of rare, yet high-impact events, shifting the focus from prediction to response.

In rare-event situations, the cause (or rather, the causal driver configuration) of migration is
unpredictable, and so are the migratory responses: partly due to the rarity of the events in question,
and partly to the fact that complex systems are difficult to model. At the same time, ‘what-if’
assessments and preparatory actions of various actors and stakeholders (including potential
migrants themselves) may affect and mediate the actual impact of a rare event on migration. Again,
this is where the boundary between aleatory and epistemic uncertainty may become a bit blurred:
even though the exact timing, location or magnitude of black swan events may not be predictable,
the underlying processes operating on longer time scales (such as climate change) make the
occurrence of rare events at least probable in the long term'?. This helps assess at least the impact of
such events on migration, if not their likelihood. The related risk assessment process needs to be

detailed and specific to a particular situation or migration policy challenge. This is similar to the way

11 Historically, this has led to the evolution of systems science and complexity science as separate fields of enquiry, offering
a range of model-based approaches to explore the dynamics of complex systems (see e.g. Flood and Carson 1998).

12 For instance, a once-in-a-decade event can be expected to happen on average three times between 2020 and 2050. If such
events result from underlying processes that operate on longer timescales, such as the climate change, the likelihood of their
occurrence, as well as their impact, or their volatility, may become more predictable. (With thanks to Frans Willekens.)
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in which reinsurance companies price the risk they underwrite, which is very much tailor-made for
individual circumstances (Clark 2014). This perspective on formal treatment of rare events is one

important gap in the current literature on migration forecasting.

3.2.2 Unpredictable shocks in methodological advancements and data availability

Conceptual and methodological advances in explaining and predicting migration have so far been
largely incremental. There is no scope for — and likely never can be — a single ‘grand theory of
migration’, which would need to integrate too many different perspectives to be operationally
feasible (Arango 2002), while still leaving out the important unpredictable aspects. Hence, despite
important advances in the conceptualization of driver environments and complexes, as discussed
above, some of the associated uncertainty remains irreducible given the sheer complexity of

migration processes.

In terms of data and methods, in the recent years important progress has been made: the availability
of new, more timely data sources (traces form mobile phones, social media, to mention but a few)
offers additional, much more agile opportunities for policy and research, such as in the near-term
prediction or ‘nowcasting” or providing early warnings. Still, given the volatility of such data
sources, they are unlikely to offer much help in the long-run scenario planning. Similar arguments
hold for methodological advances: there is a lot of potential in having more fine-grained methods,
using advanced statistical modelling, artificial intelligence or data mining techniques, as well as

exploring causal models of migration mechanisms (Willekens 2018).

Nevertheless, even if there is a ‘step-change’ epistemological shock in terms of more precise
measurement and short-term forecasting methods based on pattern detection and more accurate
separation of the migration and driver signal from the surrounding noise, capability for any longer-
range prediction is a different story. The fundamental inherent uncertainty of the future — firmly
aleatory in nature — remains unchanged, given the fundamentally indeterministic character of our
world —both physical and social — and the free will of people as key decision-making actors (see e.g.
Popper 1982'%). Some of that indeterminism can be expressed and modelled probabilistically, while
other aspects, linked to the more unstable processes, require extra caution when attempting to model
them and draw conclusions on that basis (e.g. Frigg et al. 2014). In addition, in situations where the
model error dominates over more regular, statistical randomness (idem), exploration of the
robustness of alternative modelling approaches, such as ensemble methods (Gneiting and Raftery

2005) or Bayesian model averaging (Hoeting et al. 1999), is worthy of consideration.

3.2.3 Unpredictable behaviour

Besides the shocks to the broader migration systems that happen at the macro level and affect whole
societies or specific groups (such as economic conditions, war and persecution, and so on), an
important aspect of aleatory uncertainty is related to the individual-level decision making. The
advances in behavioural science notwithstanding, people have their own agency as decision makers,

which is again linked to the free will and choice (Erdal and Oeppen 2018). As such, it is worth

13 See especially Popper’s (1982) Section 20 on “Historical Prediction and the Growth of Knowledge” and the Addendum:
“Indeterminism is Not Enough: An Afterword”.
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repeating that these are ultimately the migrants who make decisions about migrating —not the policy
makers — and this is one of the key reasons underpinning the migration policy failures, according to
Castles (2004). This results in unintended consequences of policies, stemming from interactions
between the decisions of multiple agents with different objectives (Czaika and de Haas 2013).

Besides, there is an important element in what in macroeconomics became known as the Lucas
critique (Lucas 1976): forecasts self-invalidate, because policy makers and other actors act in
response to predictions. There is scope for methodological work in building micro-foundations into
the models of migration (e.g. through agent-based models; see Klabunde and Willekens 2016, for a
recent overview). Still, despite some regularities seen in the aggregate statistics, unpredictability of
the human behaviour remains largely irreducible, especially at the individual level. Hence, the best
we can hope for in the context of aleatory uncertainty is a better approximation of the underlying
macro-level migration processes, for example by using simulation models, or — in turn — their
approximations based on statistical meta-models (emulators, see e.g. Pietzch et al. 2020 for a recent
review). In the case of such complex models and systems as migration, we cannot expect to eliminate

or vastly reduce the associated uncertainty, which also to a large extent aleatory!.

14 For a broader discussion about consequences of model error for prediction, see e.g. Frigg et al. (2014).
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4. Future trends: Possibilities and limits of forecasts

Given what is known about the migration processes and their underpinning factors and drivers,
what are then the perspectives for predicting different types of flows, and for assessing their
uncertainty by using a common analytical framework? Even if predicting migration in the strict
sense is impossible, and in the qualitative sense remains at least difficult, there are things that can
be said today about the different possible migration futures. To that end, as suggested in the
typology proposed in this paper, being able to distinguish between the epistemic uncertainty,
depicting our limited knowledge about the migration reality; and an intrinsic aleatory one, related

to the unpredictability of human and social behaviour, is of key importance.

Migration processes are characterized by both types of uncertainty to a large extent, which
contributes to their barely predictable nature. Still, different types of flows exhibit a different mix of
epistemic and aleatory aspects. For example, migration to study has important epistemic elements,
being largely driven by the number of places on courses that can be offered to foreign students and
having considerable inertia, whereas uncertainty of asylum-related migration induced by armed

conflict will be more aleatory, due to the unpredictable nature of its driver environments.

As an illustration, for the current COVID-19 pandemic and its possible impact on migration, both
aspects of uncertainty are strongly at play. Here, while the epistemic aspects enable linking changes
in future migration to reductions in travel, mobility and economic activity, at least in the shorter
term, the more aleatory ones concern other aspects, such as viral mutations, as well as possible
responses to the pandemic. The latter may include for example by permanent shift to predominantly
online work and study, or the development of efficient vaccinations within in a specific time horizon,

which at the time of writing still remain largely uncertain.

At the micro level, migration decisions are taken in the context of personal needs and preferences,
perceived opportunities, and uncertainty of both. The changing nature and consciousness about
personal needs, preferences, and aspirations, e.g. regarding ideas of ‘the good life’, leaves the
prediction of individual behavioural responses for realising it an almost impossible endeavour. On
the other hand, there exist visible epistemic regularities, such as those linking migration to the life
course (Courgeau 1985; De Jong and De Valk 2020), with resulting stable age profiles of migration
(Rogers and Castro 1981). As a result, the degree of epistemic and aleatory uncertainty of migration
decision-making at the individual level is higher than uncertainty regarding behavioural actions of
groups or populations. Uncertainty can be better handled at higher levels of aggregation, where we
can gauge more epistemic aspects by using statistical methods to better understand the nature of the
processes and trends, than at more fine-grained levels. Consequently, disaggregation of global
migration by type of flows, period, geographical entity, or various other group-specific intersections,
increases the degree of uncertainty for forecasting, unless the sub-groups are more homogenous and

share more similarities within than between groups, where disaggregation can help?.

15 See, for example, the disaggregation by migration types (e.g. labour, study, family, asylum) proposed by de Beer (2008)
to improve predictability, although the wider argument is more general, and links with Keyfitz's (1985) “search for
constancies” in the analysis of trends to be forecast. (With thanks to Nico Keilman.)
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The different aspects of epistemic uncertainty clearly point to the priority areas for the future policy
and research agenda. Academic and applied work can therefore focus on some of the following

questions and topics:

e (larifying the ambiguity of concepts (who is a migrant and what is a migration event?) and
designing a flexible, dynamic framework for defining migration, which is of foundational
and critical importance.

e Dealing with the known shortcomings of different theories of migration and limited
connections between them, and further exploring multidimensional driver complexes and
environments (why do people migrate and what decision processes are involved?)

e Addressing widespread problems with the collection, quality and other measurement
aspects of migration data (how many people move, and for what purposes?). Here, one
promising approach is to combine and harmonize information from different sources, while
being explicit about the measurement uncertainty (Raymer et al. 2013).

e Pursuing new, promising avenues in terms of methodological innovation for migration
modelling, explanation, prediction and scenario-setting including causal models, model
ensembles, simulations and other innovative approaches (Willekens 2018).

e Further exploring the various regularities of migration in terms of their spatio-temporal
patterns (first noted by Ravenstein 1885, see also Rees and Lomax 2020), age schedules and
links with the life course (Courgeau 1885; Rogers and Castro 1981), persistence and self-
perpetuation of existing flows (Massey et al. 1993), or the relative stability of the remittances
sent by migrants (Neagu and Schiff 2009; World Bank 2019).

e In addition, testing the boundaries of the epistemic uncertainty, to make sure that the
classification into the epistemic (knowable) and aleatory (unknowable) types remains correct
and relevant to the research questions and policy challenges at hand.

To effectively deal with the epistemic uncertainty, a crucial and necessary starting point is self-
awareness: a clear acknowledgement of the limitations of knowledge and imperfections of the
sources of data and other information used in the analysis, including expert judgement. An initial
assessment of the limits of current knowledge can help improve the understanding of the migration
processes, patterns and drivers, whilst remaining cognizant about the limitations of the inferences
that can be drawn from the available information. A clear research agenda related to migration
scenario setting for the future includes pushing the boundaries of the epistemic uncertainty and
shedding more light on the knowable aspects, such as the observed regularities, links with other
aspects of the life course, and so on.

On the other hand, there remains the aleatory uncertainty, related to the multiplicity of drivers, often
interacting with one another and operating at a range of time scales, as well as to the human agency
of people making decisions, also under the conditions of uncertainty. It means that migration can be
very volatile, and respond very rapidly to economic or political shocks, as discussed above. The
various facets of aleatory uncertainty cannot be reduced by improving our knowledge about the

migration processes and the context in which they occur — but still, this type of uncertainty can be

16 This strand of work could additionally benefit from links with more qualitative studies, e.g. on lifecycle patterns,
intergenerational relationships, remittance behaviour, and other. (With thanks to Marta Bivand Erdal)
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more effectively managed than it is the case today. Ignoring it can backfire in the face of rapidly
changing events due to the ‘“illusion of control” which can leave the decision makers unprepared
(Makridakis and Taleb 2009).

In the very short-term horizon, there is additionally scope for developing early warning systems,
which would help in the operational management of potentially rapidly changing migration flows
(see e.g. Bijak et al. 2017)". For the short- and mid-term planning, some numerical input is typically
required, which should be coupled with some (ideally probabilistic) assessment of error. Expressing
uncertainty about future migration in the language of probabilities conveys an additional message
about the current limits of our knowledge. In addition, probabilistic statements help explicitly
measure by how much we expect ex ante to be wrong in our predictions, and how often we can
expect errors of certain magnitudes. In the longer run, for example years or decades ahead, future
trends based on different scenario techniques, both narrative and simulation-based, can help, as long

as they are bold and imaginative enough to cover at least some of the aleatory uncertainty.

In all instances, the estimates, probability distributions and scenarios offer but one input for the
decision process — the other being explicit policy preferences, for example readiness to prepare for
different migration contingencies and hedge against various negative outcomes, and to commit
adequate resources for that purpose. This is an element of political and social choice, which remains
outside of the research-led advice on the possible migration futures. Still, it is the responsibility of
the forecasters and scenario-makers to convey the message about uncertainty to the final users: we
cannot know how many migrants from different groups will arrive or leave a country in the future,

but we can put some reasonable bounds on the numbers, together with a measure of their accuracy.

From the point of view of the end-users of migration forecasts and scenarios, there is also scope for
a wide range of tools and approaches for aiding the relevant decisions and testing the various
possibilities, depending on the purpose and time horizon and the predictability of flows. The
available options for shorter-range operational and planning decisions and for those related to the
better-predictable flows, made chiefly under epistemic uncertainty include statistical decision
analysis based on probabilistic forecasts and user-specific loss functions (Bijak 2010). The decision
analysis would then support a formal risk-benefit assessment of various policy options, related to
more operational questions such as how many new school places or hospital beds are needed given

the expected migration, or where to focus how much humanitarian effort for asylum flows.

On the other hand, the longer-term strategic thinking in the aleatory context can benefit from
interactive scenario-based explorations of different ‘what-if" assumptions (idem), which is crucial for
stress-testing of policies and making contingency plans, aiming at building resilience of the systems
involved under potentially very volatile conditions. Any such policy instruments should ideally be
developed in close collaboration between policy makers, stakeholders from civil society

17" As argued before, with processes that are sufficiently slow and operate on longer timescales, such as population or
climate change, it may be even possible to predict events for more distant horizons, such as years rather than days, as long
as these horizons are still relatively short when compared to the secular nature of the underlying processes. This also
extends the definition of an early warning system to a model that signals a possibility of an event (e.g. migration) occurring
on a given timescale, based on changes in the underlying or associated processes, which can operate on different
timescales. (Thanks to Frans Willekens for this argument.)
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organizations, and academia. At the same time, as alluded to in the Introduction, it is worth bearing
in mind that migration, even if its various impacts need accommodating, can bring about advantages
as well as challenges. An honest discussion about the uncertainty and possible impacts of migration
processes can additionally help enhance the quality of the public debate surrounding migration, by

making the available public choice options and their possible consequences open and transparent.

In general, the appeal of both probabilistic forecasts and variant ‘what-if’ scenarios is that they
underline the non-deterministic nature of migration, and that its futures are not restricted to a single
possible path. Such tools provide a natural way to communicate plausible ranges of future trends,
with probabilistic approaches additionally offering a measurement tool in the form of probability
distributions or error terms. In a small survey of Australian users of population forecasts, Wilson
and Shalley (2019) found that 61% of respondents made use of information to provide guidance
about forecast uncertainty, with the knowledge about uncertainty and prediction intervals

increasing with the experience in using population forecasts (idem).

From the forecasters’ side, there is also a challenge of trying to improve the accuracy and calibration
of some predictions made under uncertainty. In their bestseller on ‘superforecasters’, Tetlock and
Gardner (2015) argue that many forecasting exercises involve an element of skill. Nevertheless, this
pertains chiefly to predictions made under epistemic uncertainty, and only in the short horizon of
weeks or months, rather than years (idem), which are too near-term for strategic-level scenario
planning, ideally managing the aleatory aspects as well'®. An additional conceptual challenge here
is the need to delineate the aleatory and epistemic forms of uncertainty more clearly, and to further

work on reducing the latter, whilst acknowledging and being mindful of the former.

To help manage this dilemma, an important strand of ongoing work on the uncertainty for migration
scenarios! concentrates on what can be done across a range of time horizons — from days or weeks
in the case of early warnings, to decades for scenario-based planning. In particular, techniques like
stationarity and cointegration analysis, dynamic stochastic general equilibrium (DSGE) models,
early warnings and signal detection tools, and many other would need to be explored in the context
of migration scenarios, as the previous attempts (Bijak 2010; Bijak et al. 2017) barely scratched the

surface of the many possible methodological opportunities in that respect.

As mentioned before, the questions of rare events, their impact of migration, and potential for
applying risk management tools in the long horizons, also require research attention. As estimates
of uncertainty are themselves uncertain, research into higher-order uncertainty may also be of
interest, but pragmatically, it is probably worth stopping at modelling the second-order errors as a
‘good enough’ approximation of the overall uncertainty assessment.

Finally, irrespective of the type of uncertainty associated with particular features of population flows
— aleatory or epistemic — more work needs to be done on ways to manage and adapt to migration

18 A very similar argument can be made regarding the usefulness of prediction markets in assessing future migration flows,
which can work only in very short time horizons, which are closest to fulfilling the efficient market hypothesis conditions,
with limited usefulness in a longer term. Besides, the track record and success rate of prediction markets even for well-
publicised high-stakes political events remains mixed (for examples, see the discussion related to two recent referenda in
the UK, in Wall et al. 2017 and Auld and Linton 2018).

19 QuantMig work package 9, see http://quantmig.eu for details.
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processes, and to anticipate and address their most significant impacts. Clearly, this is more
pertinent for the aleatory types, where there are few other options but ensuring adequate resources,
contingency plans, and enhancing preparedness. Still, reducing the epistemic uncertainty will likely
take time and research effort, and the results are far from guaranteed. What is clear that migration
exhibits a considerable ‘uncertainty about uncertainty’, especially insofar as any attempts at
quantification are concerned. This strengthens the need for proper understanding of any formal
models and approaches used for prediction, and their limitations?. In this case, increased focus on
managing responses to changing migration under the conditions of uncertainty becomes a prudent

policy solution, with a more universal appeal.

In parallel, research work done both at the high, conceptual level, as well as at the detailed,
empirically relevant level of description, can help contribute to painting the future map of migration
forecasting. After all, some of the big ideas, such as Wilbur Zelinsky’s (1971) mobility transition
theory continue to be relevant in the world of constant surprises, with the argument about
exchangeability between migration and other forms of long-range human contact, communication
and work, yet again gaining traction in the world preparing to emerge from the COVID-19 pandemic
into a possibly new reality for human mobility.

20 With thanks to Giampaolo Lanzieri; for a recent, more general discussion, see Saltelli et al. (2020).
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