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Toward an early warning system for monitoring asylum-related

migration flows in Europe

Abstract: Asylum-related migration is highly complex, uncertain, and volatile, which precludes using
standard model-based predictions to inform policy and operational decisions. At the same time, asylum’s
potentially high societal impacts on receiving countries and the resource implications of asylum
processes call for more proactive approaches for assessing current and future migration flows. In this
article, we propose an alternative approach to asylum modelling, based on detection of early warning
signals, by using models originating from statistical control theory. Our empirical analysis of several
asylum flows into Europe in 2010-16 demonstrates the approach’s utility and potential in aiding the
management of mixed migration flows, while also shedding more light on the work needed to make
better use of the ‘big data’ and scenario-based methods for comprehensive and systematic examination

of risk, uncertainty, and emerging trends.

1. Introduction

It is a truism to state that contemporary migration processes are very complex and driven
by a vast array of interrelated factors and drivers. One implication of this complexity is that
the predictability of migration flows is very limited, much more so than is the case for other
demographic processes (Bongaarts and Bulatao 2000). The limits of migration predictability
are strongly pronounced even in the case of relatively regular flows, such as labor or student
migration, and much more so for various forms of forced migration, including asylum flows,

which can have large impacts on both sending and receiving countries (Bijak et al. 2019).

Asylum migration is so unpredictable because it is highly dependent on specific
underlying geopolitical events and processes, which themselves are difficult to foresee, and
because these political events and policy developments interact with migration flows in a

feedback loop (Castles 2004; Pijpers 2008; Bijak 2010; Bijak and Czaika 2020). The inherent



uncertainty associated with asylum migration is further compounded by the agency of the
various actors involved, from migrants to policy-makers (Castles 2004). Still, from a policy
and planning viewpoint, there is a need for at least some form of quantitative foresight into
the future, or even current, magnitude of migration flows. The armed conflicts that took place
in recent decades, such as those in the former Yugoslavia, Iraq, Afghanistan, or Syria, the
political crisis in Venezuela, and the associated flows of asylum-seekers migrating toward
Europe have generated an increased desire among recipient countries’ governments to have
access to predictions of the nature, magnitude, and composition of future flows (Sohst et al.

2020).

Migration’s high volatility means that traditional forecasting attempts, based on ‘orderly’
assumptions implying stable trends are problematic (Pijpers 2008). Simple time-series based
forecasts can yield reasonable predictions in the horizon of a few years ahead, but with
uncertainty rapidly increasing with the forecast horizon (Bijak and Wisniowski 2010), even
more so for asylum migration (Bijak et al. 2019). Even though some migration indicators
may exhibit long-term regularities, detectable over a span of a few decades (Azose and
Raftery 2015), this time perspective is too coarse to enable responding to the immediate

policy needs in such rapidly changing areas as asylum.

As many of the recent asylum flows were sizeable and long lasting, there was an
increasing need for national and EU policy makers to facilitate planning and to ensure that
asylum claims are processed quickly and efficiently and that relief is provided promptly to
those in need (Kegels 2016). The utility of asylum forecasts, even with short horizons, is that
they can aid planning to ensure that the necessary support, as well as administrative and
welfare capacity, is in place ahead of time, enabling more proactive responses and planning.
For asylum-related migration, preparedness is often related to securing basic operational

needs: host countries and relief organizations need to provide food and shelter to people
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seeking asylum to the right extent and in the right places; efficient administrations need
adequate resources for registering asylum-seekers, verifying their identity, issuing
documentation, processing applications, and finally resettling refugees into their receiving
societies. As became apparent during the 2015-16 peak of asylum migration into Europe,
without an early warning system in place, the building of additional capacity often must be
done on a short notice, especially as by law, asylum claims must be processed within six

months (ECRE 2016).

This article aims to respond to the policy and operational needs for forward-looking
information on asylum-related migration by offering a tool for early detection of changes in
migration flows based on higher-frequency data (e.g., monthly or weekly). To that end, we
advance existing quantitative approaches for migration modelling by introducing an early
warning model based on change-point detection inspired by statistical control theory and then
assessing the feasibility of its use. We demonstrate this approach’s utility on weekly and
monthly data of migrant arrivals and asylum applications in Europe and on detections of
irregular border crossings and assess its practical feasibility for monitoring and managing
asylum-related migration into and within the European Union (EU). We focus on Europe
because of the presence of unique regulated regional cooperation in establishing
responsibility for examining asylum applications and the exchange of information and
creation of a joint system for early warnings, preparedness, and management of asylum
crises. Our proposed methodology, however, has broader applicability to the global problem
of forecasting and responding to forced displacements, subject to availability of appropriate

data.

From a theoretical standpoint, the tools we propose aim to help nation-states and
supranational bodies, such as the EU, better discharge their legal and moral obligations

toward refugees and asylum-seekers by providing them with a more efficient system of
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humanitarian protection. In particular, the approach we propose focuses on the supply of
immediate humanitarian needs — offering refuge to those in need (Owen 2020) — and, thus,
takes the perspective of receiving states or entities, while recognizing these states’ role in

constructing the legal notion of refugeehood and the practice of granting asylum.

Our article’s structure is as follows. After this introduction, Section 2 provides a brief
discussion of the conceptual difficulties with defining the analytical categories and variables
of interest and offers pragmatic solutions related to their operationalization for modelling and
early warnings. One such model, based on statistical control theory, is introduced in Section
3, and the results of its application to weekly and monthly data on asylum applications and
detections of irregular border crossings in Europe are summarized and discussed in Section 4.
Section 5 presents the results, as well as a range of sensitivity checks and perspectives for
using early warnings for asylum migration. The article finishes with a discussion of practical
recommendations and possible extensions of the approach presented in Section 6. In addition,
an Online Appendix provides a review of formal, quantitative methods and models applied to
asylum migration, as well as of data availability for the purpose of building models providing
early warnings related to asylum migration and the computer code for simulations presented

in Section 4.

2. Modelling asylum-related migration: From concepts to operational needs

Formal quantitative work on asylum-related migration faces challenges related to the
ways in which the asylum processes are conceptualized, defined, explained, and measured
(e.g., Singleton 2016; Bijak et al. 2017; Erdal and Oeppen 2018). In this section, these four
challenges are discussed in turn. First, at the conceptual level, contemporary migration

scholarship has moved away from simple dichotomies, such as ‘forced’ versus ‘voluntary’



migration, and toward a multidimensional spectrum in which individual migration motives,
including different levels of human agency, interact, overlap, and are difficult to isolate (King

2002; Foresight 2011; Erdal and Oeppen 2018; Hatton 2020).

Second, the very concept of ‘asylum migration’ similarly evades precise analytical
definition and must remain relatively vague to accommodate different forms of international
mobility, the common element of which is related to the need for international protection
(Bocker and Havinga 1997). As recognized in the theoretical literature in the field of refugee
studies, there is an important conceptual gap between the legal (political, constructivist)
status of refugees and asylum-seekers and the practical (humanitarian, realist) situation of
people in need of protection (FitzGerald and Arar 2018; Owen 2020). Still, the state’s role in
constructing the legal and practical aspects of the status of refugees and asylum-seekers, who
find themselves as outsiders “between sovereigns” (Haddad 2008), cannot be overlooked.
Equally important are state responses to the challenges of asylum, or migration more
generally, through changes in the spatial and organizational features of the different types of

borders, be it intra-European or external (e.g., Geddes 2005; Geddes and Scholten 2016).

Third, the known theoretical gaps and limitations of migration studies (Arango 2000) are
exacerbated in the case of asylum. In particular, the caveats regarding weak and fragmented
theories of migration are further amplified by the theoretical disconnection between refugee
scholarship and mainstream migration studies (FitzGerald 2015). As a result, theoretical work
on refugee or asylum processes is still relatively rare, with the seminal overview of migration
theories (Massey et al. 1993) mentioning refugees only in the context of the world systems

theory and global impacts of military interventions.

Notable examples of theoretical studies on refugee and asylum processes date back at

least to the comprehensive framework offered by Zolberg (1989). Building on the world



systems theory, this framework added important elements from state theory and highlighted
nation-states’ pivotal role in shaping asylum policies and, hence, flows. This approach has
recently been revisited, reviewed, and revised by FitzGerald and Arar (2018), who advocate
for a multi-perspective view on refugee and asylum flows and draw attention to distinct
developments in the Global South. Other existing theoretical perspectives of refugee and
asylum migration highlight the role of international coordination (or competition) between
the countries hosting refugees (for a review, see Suriyakumaran and Tamura 2016), as well as
interplay between asylum migration, policy, and public attitudes toward migrants (e.g.,

Hatton 2020), both studied typically from an economic viewpoint.

For the purpose of empirical modelling, a range of political, policy, and socio-economic
proxy variables can be used as predictors (see the Online Appendix for details), an approach
dating back to the push-and-pull factors framework proposed in Lee’s (1966) classic paper.
The push-and-pull approach, which has inspired several updates and refinements in more
contemporary literature (e.g., Arango 2000; Carling and Collins 2018; Van Hear et al. 2018),
can be used as a practical guide for discussing migration factors and drivers. One of its
important extensions, crucial from the viewpoint of asylum flows’ inherent uncertainty, is
chance (Bocker and Havinga 1997), which of itself reduces the importance of other factors
and drivers of asylum. In this context, Oberg’s (1996) distinction between ‘soft’ and ‘hard’
factors is relevant, the latter including drivers more associated with the involuntary end of the
migration spectrum and implying less choice and self-selection among prospective migrants.
A recent survey of asylum migration’s factors and drivers is available in the EASO (2016a)

report.

At the same time, migration processes are known to self-perpetuate through a variety of

mechanisms (for a review, see Massey et al. 1993). Asylum flows are no exception — in their



case, the ‘cumulative causation’ results from the existence of migrant networks and the
presence of formal family reunion routes. Such self-perpetuation mechanisms result in high
inertia of migration processes. This inertia can be formally described and modelled, for
example, by using time series approaches, such as autoregressive models (e.g., Bijak 2010).
Many existing models of asylum migration include autoregressive features, aimed to capture
the self-perpetuating nature of migration (see the review in the Online Appendix for details
on selected examples of how various migration theories could be operationalized in models).
Fourth, in addition to the theoretical considerations presented above, measurement of
asylum-related migration is problematic. Not only is population-level data collection on
asylum migration heavily politicized and subject to external pressures (Bakewell 1999; Crisp
1999), but it also often focuses on operational humanitarian data or administrative
procedures, such as registrations (NASEM 2019). Administrative records, especially those of
different countries, are likely to contain duplications for those who have applied for
international protection more than once in different countries, either after initial rejections or
due to different length of the asylum processes (Singleton 2016). Even within the EU,
development of a harmonized system of asylum statistics remains an ongoing process
involving Eurostat, the European Asylum Support Office (EASO), and other agencies, with
much current work centered on the use of biometric data, such as fingerprints, held at the

EURODAC database.

A pragmatic solution to the dilemmas posed by the difficulties associated with
conceptualizing, defining, and measuring asylum-related migration is to adopt the perspective
of potential users of the early warning models and to focus on the indicators that are of
relevance for them. A main indicator used to analyze and manage asylum processes is the
number of applications lodged in a given country (or reception center) in a unit of time (day,

week, month, year) (e.g., EC 2016). Given this indicator’s availability for most European



countries, from national statistical and migration authorities, Eurostat, or EASO Early
warning and Preparedness System (EPS data),! and its importance for operational reasons, the

empirical analysis presented in this article is based on the numbers of applications.

In this way, at the strictly operational level, the conceptual and theoretical challenges
related to quantification of asylum migration become less relevant, as do other definitional or
measurement criteria, such as the duration of stay. What matters, instead, is the purely
administrative fact of lodging an asylum application by a migrant at a specific time and place.
This approach, relying on the analysis of crude numbers of asylum applications is, of course,
a reductionist view of the asylum process but, nonetheless, enables a forward-looking

analysis that can have a direct policy use through helping with preparedness planning.

3. Early warning models of asylum migration: State of the art and application

At a general level, the main purpose of an early warning model is to detect changes in a
trend of a variable or variables early enough to allow for adaptation or undertaking remedial
action at least some time before the consequences of the changes become too overbearing.
Early warning modelling is frequently used in the financial context, chiefly in central banking
and macro-prudential regulation (Lang et al. 2018). Such models gained in popularity after
the 2008—09 economic downturn, as they are designed to help detect the first signs of an

upcoming economic slowdown or recession (see Lang et al. 2018 for a recent overview).

To that end, the purpose of early warning modelling — defined as “identifying vulnerable
states prior to... crises, which can also be viewed as a standard two-class classification task,

where the key objective is to separate the vulnerable from non-vulnerable states” (Lang et al.

! See the Latest Asylum Trends, https://www.easo.europa.eu/latest-asylum-trends (as of 5 July 2021).
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2018: 5) — can be easily generalized beyond finance. Depending on whether an indicator
being monitored crosses a certain threshold, the trend is either classified as exhibiting regular
behavior (‘in control’) or generating a warning signal indicating vulnerability of the process
(‘out of control’). In addition, in this article, we understand an early warning system as a
collection of interlinked early warning models and the underpinning sources of information

and data, serving the same purpose, only for a broader range of indicators and sources.

Statistical models for monitoring data in order to identify change-points in series have a
long history in the area of industrial process control, where measures of process quality are
monitored to minimize losses on production lines (Page 1954; 1957). The literature on early
warnings and statistical control theory offers many choices of modelling approaches, levels
of the warning thresholds, and model calibration and validation methods (e.g., Zeileis 2004,
Li et al. 2013). Of particular importance are the trade-offs between the frequency of ‘false
alarms’ (false positives), unwarranted complacency (false negatives), and the correct
classification of changes in trends. The presence of these trade-offs necessitates the direct
involvement of migration policy makers in the design of early warning models so that they
can describe the possible /osses which can occur under different circumstances, for a range of
possible policy decisions (Bijak et al. 2017; Lang et al. 2018). An all-encompassing
methodological framework combining all desirable elements is offered by statistical control

theory and change-point models.

In terms of existing applications, early warning macroeconomic models are usually based
on large general equilibrium approaches, the equivalents of which do not yet exist in the
context of migration (Barker and Bijak 2020). Still, in the migration literature, the use of
early warnings has been proposed for the most volatile and weakly predictable flows, such as

asylum migration (see Shellman and Stewart 2007, and Regehr 2014), ideally in conjunction



with a coherent description of uncertainty and impact of individual decisions for the purpose

of managing the associated risk (Bijak et al. 2019).

For a single early warning model, as mentioned above, using exogenous variables as
predictors does not seem useful, as such predictors’ values would need to be modelled and
forecast separately, increasing the overall uncertainty (Bijak 2010). On the other hand, if
models are to be deployed as a part of a wider system for several countries or flows, some
exogenous variables — most notably, migration or asylum policies for destinations (see Beine
et al. 2016) or conflict intensity measures for origin countries or regions — can help model the

interactions between the different elements of such a system.

In the context of asylum migration, in common with the general settings of statistical
control theory, the aim of an early warning analysis is to identify as early as possible when
the process governing a series has changed, while minimizing the number of false alarms
(Page 1954). To achieve this goal, a set of rules must be devised governing when action is to
be taken. In the case of asylum, such actions might involve planning and preparation for the
arrival of more asylum-seekers. These decision rules should account for the variability of the
process under ‘normal’ conditions and should be sensitive enough to detect subtle shifts at an

early stage.

The cumulative sum (or ‘Cusum’) model set out by E.S. Page (Page 1954) and developed
by a range of subsequent authors (Barnard 1959; Harrison and Davies 1964) provides a
setting for such rules. As the name suggests, this approach monitors the cumulative sum of
some function of the observed data. In the original formulation of this method by Page
(1954), which is summarized below, this function is chosen to produce a score that is
negative when the data are behaving as expected and positive when unexpectedly large

values are observed.
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Through monitoring the cumulative sum of this score, an action can be recommended
when the difference between the cumulative sum’s current value and minimum value passes a
certain limit (threshold), which must be set in accordance with knowledge about what change
in the data is deemed important. This rule has the effect of detecting change both in the face
of a very large single observation and in the case of many moderately large observations in a
relatively short space of time, both of which would indicate an increase in the mean of the

Process.

More formally, assuming some series of data observed across time ¢, X = xg, Xy, ..., X¢,
either raw or generated by some model (for example, a constant or autoregressive one), the #-
th observation can be given a numerical score y, = f(x;). With a starting value of zero So =
0, the cumulative sum of the first n scores S,, = Y7, y; triggers action if (S,, — ming,(Sy)) >
h, where h is the chosen limit (threshold). The limit implies the value of the scoring function
for a single observation that would immediately demand action, irrespective of the series’
history. Because values that precede the minimum of the cumulative sum series are not
relevant for determining when action should be taken, the rule can be simplified by restarting

the sum whenever a new minimum is reached:

(1) Vo = max(Vy,—q + yn, 0)
VO = 0 ’

Action is now demanded whenever 1}, > h.

A simple example is given in Figure 1 to aid understanding. Here, a fictitious series of
simulated observation points x;, t > 0, with an initial mean of p=5, is being monitored, as
shown in Figure 1A. After 30 observations (dotted line), the series changes so that
observations come from a distribution with a higher mean and variance. For this example, we
use a score of y, = x; — p so that we consider observations higher than the initial mean as

potentially troublesome and assume that the true initial value (5) of the time series’ mean is

11



known. Figure 1B plots the values of y;, which consists of the series x;, which is shifted so

that it centered about 0.

--- Figure 1 about here ---

We can observe in Figure 1C that the individual values of the vector of cumulative
sums, S, initially remain roughly horizontal, as the observed values fluctuate around the
mean. After the change-point, the process shifts, and the average score is greater than 0; thus,
the cumulative sum starts to increase. By observing the values of the vector V of the
corresponding indicators V;,, Figure 1D shows that the series restarts at 0 as new minimums of
the cumulative sum are reached. The limit 4 is arbitrarily chosen to be 6 in this case and is
represented by the boundary between the red and green areas in Figure 1D. After the change-
point occurs at ¢ = 30, only three additional observations are needed to trigger the action rule,

at which point the series V crosses the action threshold by entering the red zone.

Figure 1D is an example of a control chart, used to provide a simple graphic
illustration of when a series exceeds expected limits. We might also be interested in cases
when a series shows a substantial decline. In this case, a two-sided control chart can be used
(Page 1957; Barnard 1959). Two-sided charts would involve constructing an equivalent
scoring function for declines in the series with an opposite sign and monitoring changes in

the cumulative sum of this sequence relative to its maximum, as an equivalent to the series V.

Furthermore, if the series to be monitored is assumed to follow a particular
distribution or model, then both the scoring function and the control limits can be chosen to
reflect the probability of observing particular sequences of values of the series, conditional on
some model parameters (Page 1957). Alternatively, the likelihood of a model describing the
system’s normal behavior can be compared to an alternative model with, for example, a

shifted mean (ibid.).
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In the example above, by using the score y; = x; — 5, we are monitoring for any shift
in the process to a higher mean. By using a score of the form y; = x; — u — k, only values of
X, that are of a distance of more than k from the mean contribute to the cusum. Setting k to
some multiple of the standard deviation of the process, thus, reduces the alarm rule’s
sensitivity to small shifts in the mean. The discussion of the score to this point assumed that
the mean parameters of the process were known and fixed, which need not always be the
case. The series’ parameters can be estimated either from some historical calibration data or
“on the fly,” with the estimates being updated as more observations become available. Table

1 summarizes all the variables and parameters used in the Cusum model.

[TABLE 1 about here]

The sequential updating of parameters has a natural Bayesian statistical interpretation.
West and Harrison (1986) provided a Bayesian approach to the problem of change-point
detection by comparing the relative evidence for a ‘standard’ model against one which
assigns greater probability to extreme observations, using cumulative Bayes factors. If the
evidence strongly indicates the latter model, a change-point can be considered to have
occurred (see also Tartakovsky and Moustakides, 2010, for a recent review of Bayesian
approaches to change-point detection). The identification of change-points can also be posed
as a decision theory problem, providing a theoretical framework within which to set control
limits 4 based on the losses and gains associated with particular outcomes (Harrison and

Veerapen 1994).

A separate question concerns the possible methods of evaluating the performance of
such early warning models. Two main perspectives for assessing model performance are (1)
internal, looking at how well the model performs by using either analytical techniques or real

or simulated datasets, and (2) external, comparing with other, benchmark approaches. The
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internal approach involves measuring the frequency of false positives and false negatives and
combining them in a quality indicator, possibly allowing for asymmetry in impact, cost, or
other consequences between false alarms and false complacency. A special case, focusing
just on false positives, as measured by using p-values, is well documented in the literature on
statistical process control and Cusum models (e.g., Zeileis 2004, Li et al. 2013). Judgement
on whether the alarm was true or false, to a large extent, rests with the user, which is a

subjective element of the internal assessment.

Mathematical analysis of alarm schemes also helps assess model performance from an
internal perspective. Work by Lorden (1971) and Moustakides (1986) show that the Cusum
procedure described by Page (1954) for choosing a stopping time has some desirable
qualities. More specifically, for any chosen probability of false alarms, it is a so-called
minimax decision rule, as it minimizes the expected delay in detecting a change in level under
the worst possible conditions, in terms of the run of observations preceding the change in
level (Moustakides 1986). As Yashchin (1993) notes, minimax rules have desirable
properties in monitoring schemes, as in general, an observer is not able to make assumptions
about the typicality of observations preceding a change in level. The precautionary nature of
minimax approaches is certainly helpful in the case of monitoring asylum applications, where

worst-case scenarios can form a basis of planning.

In the external approach to evaluation, a selected quality indicator can be compared with
the corresponding measure obtained for the benchmark model. At the same time, there is no
‘gold standard’ for selecting the right benchmark for such models. In the next two sections,
we expand this discussion by illustrating the framework with a few examples related to recent

asylum migration flows into Europe.
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4. Detecting changes in asylum flows into the European Union

To illustrate the Cusum model’s potential application to detecting changes in asylum
trends, this section presents a selection of examples based on data about the number of
asylum applications /odged in the EU. In these examples, Cusum is applied to raw application
data, without any additional modelling or smoothing.> As for the data used, although the
administrative practice of evaluating an asylum application may vary between EU member-
states, to access the procedure, the applicant usually must file their asylum application. This
procedure is based on three steps, which consists of making, registering, and lodging the
application. The process of making an application starts as soon as the person expresses a
wish to receive international protection from authorities, which in theory usually happens
after crossing the border of the first safe country and lasts until all necessary documents are
completed. By EU law, the application must be registered by representatives of the national
authority responsible for refugees within a certain time limit, which depends on the host
country (EC 2016). This process of registering a claim should normally take place within
three working days from the time the migrant crossed the border and informed the authorities
about their wish to apply for international protection (ibid.). Lodging the application is the
final step required to access the procedure to obtain international protection and is official
acknowledgment of the start of the determination process, when the asylum-seeker receives a
certification of acceptance of their application (ibid.).

Ideally, a Cusum model for asylum migration would be based on the monitoring of the
number of individuals who are in the process of making an application, since this quantity is

most relevant to decision-makers for planning and operational purposes. However, in most

2 A natural extension of the proposed approach would be to apply Cusum models to autoregressive or other time
series or trend models fitted to the raw data series, if such models were found to better reflect the true data-

generating process.
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EU countries, the national asylum authorities only register the last step of the procedure — the
lodging of an application formally accepted by the relevant authorities, while the start of the
process of making an application is not recorded. The main disadvantage of setting up a
Cusum model for data on the number of lodged asylum applications is that as asylum flows
increase, these numbers at some point may start to reflect, not the size of flow, but the
relevant authorities” maximum capacity to process applications. Reflecting the processing
capacity, rather than the real size of asylum seeker flows, is an acute problem when the
number of applicants is higher than the number of available staff to process applications. As a
result, in such periods, the number of asylum applications observed each week or month will
approximately correspond to the number of available staff multiplied by the average number
of applications they can process in a given time period, which in turn will vary (i.e., depend
on the time it takes for each application to be processed).

For these reasons, any variation observed in applications between time periods could be
explained by the increase or decrease in available staff’s working hours, not by real changes
in inflows. For instance, analysis of variation in the weekly number of lodged applications
(see Figure 2) shows that during the weeks with more than one day of public holidays, the
numbers of lodged applications dropped significantly, increasing by almost exactly the same
quantity in the following week, as authorities tried to catch up with the backlog. Sometimes,
the lodging of applications could also be postponed for other reasons such as when, for
example, interpreters are not available. In such cases, a Cusum model might trigger alarms
both in the week of the holidays and in subsequent weeks. These alarms could become
problematic, especially when inaccurately interpreted as a change in trends of inflows, but
such an issue is easy to address by monitoring the situation together with the calendar of

public holidays and employees’ leave schedules and adjusting the data accordingly.
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When setting up the early warning system based on a Cusum model, the choice of
process parameters is critical to the system’s level of sensitivity. For instance, establishing a
Cusum model to provide warnings about abnormal values using an upper limit 4 set at one
historical standard deviation from the observed average values will be far more sensitive than
deciding on a threshold based on two standard deviations. As an example, when systems
based on these specifications are applied to the same real data series from Italy, the former
system triggered nine alerts while the latter only four (see Figure 2).

--- Figure 2 about here ---

To choose the parameters 4 and k and determine how often various combinations of
these parameters triggered alarms in cases where there had been no ‘real’ change in level, we
conducted simulations, using the statistical programming language R (R Core Team 2020).
More specifically, we conducted 1,000,000 simulations of repeated observations drawn from
a standard normal distribution for a Cusum model with k =1 and h = 2.5. The R code to
reproduce these simulation experiments is provided in the Online Appendix. With this
specification, the median time for a false positive to occur (the median ‘run length’) was 498
observations (about once every 41 years in a monthly scheme), and 95% of simulations ran
for at least 39 observations before a false positive occurred (corresponding to more than 3
years). This rate of false positives is deemed to be sufficiently conservative to guard against
the excessive costs of very frequent alarms, while still being sensitive to real changes in level;
thus, these parameters are used in results presented in Figures 3, 4, and 5.

Another aspect to be considered when building an early warning system based on a
Cusum model is the calibration period. Ideally, the information used for calibration should
come from the periods prior to the asylum crisis. Longer data series will not only allow for
better understanding of past developments but also help detect specific features, such as

seasonality in data. The weekly data on asylum applications lodged in Greece provide an
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example of how the choice of calibration period may impact the system’s functionality (see
Figure 2, bottom panel). The alarm triggered by the Cusum model using these data occurred
only in the third week of February 2016, when the crisis had started in 2015. For comparison,
Pew Research Center analysis based on big data, which looked at the Arabic-language
Google searches in Turkey for the word “Greece,” peaked in August 2015 - two months
before the increased inflow of asylum seekers (Connor 2017). Yet other Cusum models,
based on different data sources (such as numbers of apprehensions reported by Frontex)
started triggering alerts already in 2014 (see Figure 3).

In this case, the choice of the calibration period was limited, as the collection of these
data started only from the 40th week of 2015, making the calibration period relatively short.
Moreover, the information used for calibration came from the period just before the crisis,
during which the number of asylum applications was already elevated. Using too short a
calibration timeframe from the pre-crisis period resulted in the alert’s delay to the moment of
the next significant increase in the number of applications lodged, which did not occur before
February. Besides, even this increase could to some extent reflect the higher processing
capacity related to the new staff hired in response to the crisis observed already during 2015.
--- Figure 3 about here ---

For these reasons, another potential limitation of using a Cusum model based on
registration data on lodged applications is that the alarms triggered by observed changes may
happen too late. In particular, such warnings may not be useful whenever the decisions to
increase the processing capacity by national authorities have to be urgently taken earlier, in
response to the observed increase in inflows of migrants or existing long-lasting backlogs.

While recruitment and training of new staff usually last at least a few weeks,® any alarm

3 See, for example, the EASO training programme in: EASO Training Newsletter _5Sth edition .pdf, accessed on
5 July 2021.
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triggered by Cusum based on the monitoring of registry data of lodged applications would
alert about the changes in asylum flows post factum.

The comparison of Greek data from Summer 2016 shows this problem clearly. When
the asylum crisis started, many asylum-seekers were waiting in reception centers in Greece to
lodge their applications.* In response to the crisis, the Hellenic Asylum Services
progressively increased the number of staff responsible for processing asylum applications,
from 218 people at the end of 2014 to 290 staff a year later and 650 workers as of 1 January
2017.° Looking at the developments in asylum migration trends in this period, we observe
that on average 4000 applications per month were lodged in the first half of 2016, with a peak
of 8000 registered in November 2016 (see Figure 3). That notwithstanding, a large-scale
exercise launched in June 2016 to pre-register asylum-seekers in mainland Greece, in only
the first month of activity, revealed that an additional 15,500 asylum-seekers were present but
had not yet had a chance to register their applications.®

Looking retrospectively at data on monthly applications lodged in Greece, an early
warning system based on the Cusum model with a calibration period of 2008-2013 would
have triggered an alarm in January 2015. In contrast, for a Cusum model based on the number
of people apprehended when trying to cross the Eastern Mediterranean EU borders by land or
sea, an alert would have been issued a few months earlier (see Figure 3). These data are
collected by Frontex, the EU external border management agency, and may be better suited
for reflecting the temporal pattern of real inflows, although they do not allow users to

distinguish between asylum-seekers and other migrant groups (for a data discussion, see

4 See, for example, information provided by UNHCR: UNHCRGreeceFactSheet01-31August2016.pdf
(reliefweb.int); accessed on 5 July 2021.

5 Hellenic Asylum Service Press Release: greece-ministry-prel.pdf (via: statewatch.org), accessed on 5 July

2021.
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Vespe et al. 2017). Furthermore, the relationship between the number of apprehensions and

the number of successful crossings is not known and may vary over time.

5. Sensitivity checks and perspectives for early warnings for asylum migration

To better prepare for future asylum inflows, many countries are in the process of
creating, or have already built, monitoring systems for asylum flows (Carammia and Dumont
2018). Some countries have created predictive systems utilizing machine learning algorithms
(i.e., Sweden; see Berggren and Al-Talibi 2017), while other use historic data and expert
knowledge (i.e., Switzerland, see Bijak et al. 2017 for a review). In this section, we show
results of tests of the Cusum model’s utility in detecting shifts in the level of both
applications for asylum and border crossings. Results of this test are shown in Figure 4 for
four groups of asylum-seekers: Syrians, Afghans, Iraqis, and Nigerians, who jointly
accounted for around 60% of the total asylum applications lodged in Europe between 2015
and 2018.
--- Figure 4 about here ---

In all four cases, the alarms triggered by early warning systems based on Cusum
models set up on Eurostat data happened a few months earlier than for the systems based on
the number of detections of irregular border crossings (see Figure 4). In part, the early alarms
could be explained by some applications not being filed by applicants for the first time. For
example, people who were already present in the EU used the worsening situation in their
country to re-apply for asylum, even though the new waves of refugees did not arrive until a
few months after the situation deteriorated. This explanation is supported by the high shares

of non-first-time applicants among Iraqis or Afghans. Another explanation of the alarms

6 See https://www.unhcr.org/news/latest/2016/7/577687af4/15500-asylum-seekers-pre-registered-mainland-

greece.html, accessed on 5 July 2021.
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triggered too early is that not all asylum-seekers enter the EU irregularly. For instance, the
Cusum model based on Frontex data failed to issue any alerts for groups of migrants who
may have entered the EU with a visa or under a visa-free scheme (see the example of Ukraine
in Figure 5).

--- Figure 5 about here ---

Venezuela is another recent example of a situation, when the presence of a visa-free
travel regime may hinder detection of changes in migration trends in some data sources.
Because Venezuelan citizens do not need a visa to enter most EU countries,’” between 2009
and 2019, only eight were detained for trying to cross the border in an irregular way.
Consequently, setting up a Cusum model on the Frontex dataset to detect changes in asylum
inflows would be of no use for groups of citizens with similar entry rights to the EU, such as
Venezuelans or Ukrainians. By contrast, basing the Cusum model on Eurostat asylum data
worked quite well. Prior to 2016, very few applications were lodged, and due to this low
average during the calibration period, the first alert was issued in May 2015. This alert
reflects the start of Venezuelans’ increasing mobility in reaction to their home country’s
intensifying economic crisis in early 2015, when thousands of people started fleeing their
country (UNHCR 2018). Later, new alerts were triggered as the numbers of lodged
applications doubled every quarter. In such a case, to avoid multiple alerts generated one by
one, it is worth considering (1) the use of a version of the Cusum model in which the upper
limit is calculated based on 12-month moving average, and (2) whether to reset the Cusum
value to zero every time a new alert is triggered (see Figure 6).

--- Figure 6 about here ---
The decision on whether to reset the Cusum values to zero after an alarm is triggered

raises substantive questions worth exploring in further investigations. If the variable being

21



monitored is, for example, the logarithm of the daily (or weekly) rate of change, resetting is
not necessary. On the other hand, the resetting is particularly warranted if the analyst believes
that the process based on migration counts moved to a new equilibrium and that its past
ceases to matter. This is the case for non-stationary processes, whereby the characteristics
governing the underlying random process change over time — a feature shared by many
migration flows (Bijak et al. 2019). Non-stationarity does not have to signify a complete
change of the whole underlying migration system, which is rarer (e.g., de Haas 2010), but just
a shift of the volume of flows, for example, in response to the changing political, policy, or
economic environment. One promising line of future enquiry could look into running two
Cusum models in parallel — one for migration counts and one for rates of change — to get a
better understanding of the characteristics of the underlying processes.

To externally validate the Cusum model’s performance for detecting changes in levels
of asylum flows, we compare it to a competing method based on the use of Exponentially
Weighted Moving Averages (EWMA) (e.g., Sonesson 2003, Frisén and Sonesson 2006). This
method calculates the EWMA at time ¢, z, as follows:

(2) ze=axg+ (11— a)z._q,

where « is the weight parameter and x; is the observation of the data at time ¢ (Sonesson
2003). The parameter a takes values between (0, 1]: if it is near zero, all observations have
approximately the same weight, while if a = 1, only the last observation is used in the alarm
statistic (Sonesson, 2003, p. 1117). In addition, when the underlying distribution of x, does
not change, the variance of this process can be calculated. Thus, an alarm can be triggered
whenever the value of z; falls above some chosen multiple L of the expected standard

deviation at time ¢ (Frisén and Sonesson 2006).

7 See https://www.etiasvisa.com/, accessed on 5 July 2021.
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To provide a fair comparison to the Cusum model, the parameters of EWMA, «a, and
L, must be set to reasonable values. Here, these parameters are chosen using tables provided
by Lucas and Succucci (1990), which present ranges of optimal parameters for various
combinations of the desired false alarm frequency and the size of the mean shift to be
detected. To be roughly consistent with the Cusum model, we allow for optimal detection of
a mean shift of two standard deviations, while maintaining an average run length of 500
observations for series with no change of level. The estimation results in parameter values of
L =3.0455 and o = 0.365.

Table 2 gives the month in which an alarm was triggered by the EWMA and Cusum
models based on the data from five countries, looking at both application and border
apprehension series for each country. Highlighted cells indicate the earliest data for each
combination of country and data type. In eight of ten cases, both monitoring schemes trigger
alarms at the same time. In the case of Ukraine, the alarm is one month earlier in the EWMA
scheme, although this alarm is triggered in the very first month of the monitoring period. For
the case of Afghanistan, using the Frontex data, we see that the Cusum triggers an alarm four
months before the EWMA-based scheme. Overall, however, the general agreement between
the two approaches gives reasons for confidence in the use of either scheme.

[TABLE 2 about here]

Overall, our experience with the use of the Cusum, or alternative approaches such as
EWMA, shows the potential of simple methods as elements of an early warning system.
More advanced versions should ideally be based on multiple data sources and require cross-
checking of alerts between them. Such analyses would require harmonizing the data in a
systematic way to ensure consistency by mapping them onto common concepts and

definitions.
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6. Conclusions and recommendations

The results presented in the previous section reveal very encouraging prospects for
applying early warning systems as a policy and operational support tool in the context of
asylum migration. Depending on the choice of variables and the definition of thresholds, the
models can be useful for a range of applications, from simple monitoring of flows to
increasing preparedness and enhancing contingency planning. The proposed approach’s key
feature enables a shift of perspective, from purely reactive toward pro-active, in an
environment when any advance warning is very important from both humanitarian and
resource perspectives. The approach’s built-in interactive features necessitate proper
exchange and co-production of knowledge between decision-makers and modellers, whereas
the model design and specification can be left to analysts, as setting a threshold at a certain
level is ultimately a policy, or even political, decision.

Of course, there are some clear limitations to the proposed approach. Most importantly,
in the context of uncertain and volatile asylum migration, the early warning models do not
generate proper migration predictions; their main aim is to provide advice to analysts and
decision-makers, rather than to predict the future migration. Likewise, migration’s
uncertainty is not reduced by the early-warning models, but they do allow for better
management. One implication of these limitations of early warnings is that the outcomes of
the modelling process, and their inherent uncertainty, must be communicated clearly and
honestly, also with respect to what the models cannot achieve. Another consideration is that
formal monitoring of trends to identify early warnings is never a finished job, but rather a
continuously evolving process of successive model adjustments. Finally, as mentioned
before, statistical modelling cannot be the only component of a wider early warning system,

even though it can be very important and offer unique insights.
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Another set of challenges related to early warning models concerns data availability,
comparability, quality, and completeness. As mentioned above, data limitations, such as the
use of the lodging of applications, rather than arrivals, possible double-counting of
applicants, the presence of applications from people already in the country, and so on, require
additional care when setting up early warning models and interpreting their results. To that
end, a statistical description of the data collection processes and their errors can be beneficial,
providing additional insights into the uncertainty of the underlying processes.

Despite these limitations, the approach presented in this article is flexible and can be
extended in several ways. In terms of exploring the potential of alternative data sources, there
may be additional mileage in using ‘big data,” for example, from mobile phone or social
media ‘digital footprint,” in addition to more traditional data sources, such as administrative
records. Migration-related applications of ‘big data’ and ‘digital traces’ are currently gaining
traction, with several available examples, from a feasibility study related to labor migration
by Hughes et al. (2016) to an analysis of flows driven by a natural disaster (Puerto Rican
migration following Hurricane Maria, Alexander et al. 2019) or to migration with a
substantial asylum component (Venezuelan ‘exodus’ in Palotti 2020). The ‘new data’
situation relevant for Europe has been recently reviewed by Spyratos et al. (2018), and a

general overview of the big data perspective on migration is provided in Sirbu et al. (2020).

Besides, some ongoing projects aim to gain more understanding of refugee mobility by
monitoring social media (e.g., Twitter or Instagram posts by refugees; lacus 2017), conflict

events (e.g., based on the GDELT data (https://www.gdeltproject.org) as done at EASO

(2016b) or mobile phone Call Details Records to better understand refugees’ secondary
movements (Sterly et al. 2019)), or satellite imagery (e.g., Satellite Sentinel Project —

http://www.satsentinel.org or Migration Radar 2.0). Other projects look at collecting

information on web searches for asylum/migration related topics. For example, Bohme et al.
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(2020) recently found that georeferenced internet search data can effectively predict bilateral
migration flows. Reconciling the differences between various sources remains a key

challenge for future model development.

Even though alternative sources on their own are unlikely to enable estimation of the
levels of migration flows and eliminate the need for traditional data, their potential should not
be underestimated. First, asylum-seekers’ propensity to rely on mobile technologies is well
documented (Kingsley 2016), so their journeys are likely to leave many ‘digital traces,’
enabling an analysis of flows along different routes, subject to privacy constraints. Second,
these sources offer unique and timely data, which may be able to detect changes in trends at
much finer-grained time scales than is the case with traditional data. Indeed, a uniquely
appealing feature of ‘digital traces’ is their potentially finer time-granularity, in comparison
to even the highest-frequency registrations (e.g., Spyratos et al. 2018). As mentioned before,
current developments at EASO aim to include some of those data to boost the EU’s asylum

preparedness system (for a prototype work, see Carammia et al. 2020).

Subject to ensuring that the ethical, privacy, and data protection standards are
appropriately maintained and that the information is safeguarded against ‘dual use’ by
malevolent actors, there is much potential in developing formal methods for linking
traditional and non-traditional data sources. In the case proposed here, a natural starting point
would be to feed the digital trace data into a changepoint-detection model, such as (1) or (2),
to identify and predict possible changes in patterns. As many such data sources can have
arbitrarily fine time-granularity, an important caveat is that calibrating the warning thresholds
depending on the data frequency would require attention so that the models do not
‘overreact.” After all, a threshold of ‘one-in-a-hundred-observations’ would randomly trigger
an unwarranted alert on average once every two years for weekly data, once every three-four

months for daily data, and every four days for hourly data.
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A second natural extension of the proposed approach would be to move from country-
specific early warning models to an interlinked multi-country and multi-source early warning
system so that the advantages of a more general migration modelling framework could be
utilized more fully (see the Online Appendix for examples). In particular, the elements of
such a system could additionally include information on policy changes and some external
variables, such as intensity of conflict in the origin regions, some of which may be available
instantaneously or only with a short delay. In this context, the input of policy or country-
specific experts into the modelling process becomes even more important: detailed domain
knowledge can not only help fine-tune the system but also provide more holistic insights that

are not available from quantitative data alone.

Yet another extension could consist of combining early warning models with computer
simulations to provide an interactive framework for stress-testing various policy and
operational responses to changes in migration flows. Even though the design and
implementation of such models can be resource intensive, simulation approaches can offer
unique insights into systems with many interacting elements and a prominent role of human
agency. Prototype simulation models for other forms of migration exist, including
environmental (Smith et al. 2008) and labor migration (Klabunde and Willekens 2016),
which could serve as starting points for developing a similar model specifically tailored for

asylum.

In terms of recommendations for users of the models and migration management
practitioners, three main lessons emerge from the modelling exercise presented here. First,
uncertainty in migration can be managed to some extent by using appropriate tools. Second,
making model building work must be a continuously updated process, rather than a one-off
event. Third, honest, open, and transparent two-way communication between analysts and

model users is a prerequisite for their successful practical application. Still, given the high
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volatility of asylum flows, the very high stakes involved in their migrations, and the need for
rapid humanitarian, operational, and policy responses, a methodological movement toward a
pro-active early warning system enabling more informed contingency planning is already

long overdue.
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Figure 1: Cusum control chart applied to simulated data with a change point at time 30. A)
Simulated observations x; B) Score Function y; C) Cumulative sum S; D) Cumulative sum V,

restarted at minimum values.
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Figure 2. Holiday periods (both religious and public) influence on the numbers of
applications lodged in Italy (end of 2016 and first half of 2017) (upper panel), the impact of
the choice of thresholds boundaries on the sensitivity of the early warning system based on
Cusum (middle panel), Cusum applied to the numbers of applications lodged in Greece (end

of 2015- beginning of 2017) (bottom panel). Source: EASO
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Figure 3. Examples of application of Cusum to Greek data on the monthly number of
applications lodged (Eurostat data) and the monthly number of people apprehended trying to
cross the border (Eastern Mediterranean route) (Frontex data). Upper limit set up on one

standard deviation. Source: Eurostat, EASO and Frontex data.
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Figure 4. Early warning alerts generated by a Cusum model applied to applications lodged
by asylum seekers (Eurostat data) and detections of irregular border crossings (Frontex
data) to flows of Afghans, Iraqis, Syrians and Nigerians to EU28 between Jan 2009 and Feb
2019. The colour of the bar corresponds to alarm triggered by Cusum based on respective

data. Source: Eurostat and Frontex
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Figure 5. Early warning alerts generated by a Cusum model applied to applications lodged
by asylum seekers (Eurostat data) and detections of irregular border crossings (Frontex
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corresponds to alarm triggered by Cusum based on respective data. Source: Eurostat and

Frontex
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Variable/parameter Description

X¢ Observations (e.g. number of lodged applications, the number
of people apprehended trying to cross the border/detections of
irregular border crossings, simulated values of the process)

Ve Numerical score based on the observations, y, = f(x;)
Sn Cusum: cumulative sum of the first n scores, S, = Y.i—o V¢
V, Alternative Cusum, with values reset to zero after every

minimum (alarm): V;, = max(V,,_; + y,, 0)

h Constant, a chosen limit (threshold)

k Constant, a multiplier (e.g. the number of standard deviations
calculated based on the observed historical data)

1 Mean value of observations

t Units of time (e.g. weeks, months)

Table 1. Variables and parameters of the Cusum model
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Eurostat Application Data

Frontex Border Crossing Data

EWMA Alarm CUSUM EWMA Alarm CUSUM
Date Alarm Date Date Alarm Date
Ukraine Jan-14 Feb-14 Sep-16 Sep-16
Nigeria May-14 May-14 Jul-14 Jul-14
Iraq Jul-14 Jul-14 Mar-15 Mar-15
Syria Feb-14 Feb-14 May-14 May-14
Afghanistan Jan-14 Jan-14 Apr-15 Dec-14

Table 2. Dates at which alarms were triggered by EWMA and CUSUM monitoring schemes

using both Eurostat and Frontex Data for 5 countries.
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Toward an early warning system for monitoring asylum-related

migration flows in Europe: Online Appendix

1. State of the art in modelling of asylum migration

This Appendix, drawing from and expanding on Bijak et al. (2017), provides a summary and
assessment of selected methods for quantitative modelling of asylum-related migration, from

the point of view of the potential of different approaches for early warning applications.

With respect to modelling and forecasting asylum-related migration, the existing methods
differ across a range of key dimensions, including the range of origin and destination countries
for which forecasts are attempted, the degree of importance given to past trends, covariates and
expert opinion respectively, the temporal and spatial resolution, and the extent to which the
uncertainty around forecasts is acknowledged and quantified. However, many commonalities
are also evident across the literature. A review of quantitative models of asylum migration
presented below indicates that the existing modelling approaches are mostly utilising macro-
level variables for some measures of migration or asylum flows, or sometimes migrant stocks,

typically using annual data.

Firstly, almost all models are specified at the macro-level, in that migration flows between
pairs of countries tend to be the unit of analysis rather than the individual-level migration event.
Secondly, most models can be specified within the framework of generalised linear models,
whereby the counts of migration flows are modelled as a function of a linear combination of
predictor variables (possibly including time lags or differences in the independent or dependent
variables). In addition to explicitly predictive models, explanatory or casual models of asylum
migration are also examined below, together with their potential utility for forecasting. As
detailed in Bijak et al. (2017), the literature on asylum modelling can be divided into three
broad streams: those publications that employ linear regression models; those using panel
regressions; and finally those using more sophisticated models, including time-series models,

log-linear models and structural models.

The first of these groups is generally concerned with identifying factors that might explain
some of the variation in asylum flows. For instance, Stanley (1987) investigates how month-

to-month variation in political violence in El Salvador impacts irregular flows of migration to



US. Bocker and Havinga (1997) utilise data across a range of European countries and regress
an index of divergence from expected flows on a number of covariates, and note that colonial
and linguistic ties could explain why some destinations received more applications from a
particular source than others. However, this work does not explain the overall level of asylum-
related migration at any given point in time, only its distribution. The work of van der Gaag
and van Wissen (2003) examines the relationship between overall immigration and asylum
flows using simple linear regressions, concluding the two are often correlated, but that the time
lag between the two varies. Simple regression models may give an indication of some of the
relationships in the data, but have limited value for the present purpose, as they do not take into

account temporal dependencies in the error structure of asylum flows.

Panel models are more sophisticated in that they attempt to account for correlations in errors
within countries and within time periods. Models of this type include the work of Neumayer
(2004; 2005b; 2005a), Hatton (2004, 2009), Czaika and Hobolth (2014), and Hatton and
Moloney (2017). Such models are generally concerned with obtaining unbiased estimates of
the coefficients of particular drivers of asylum flows, in particular those associated with policy

changes in the receiving countries.

The covariates considered in this family of models include a wide range of cultural, political,
economic and demographic factors. Such depth is necessary to adequately control for the
various potential influences on asylum. From the forecasting perspective producing adequate
predictions with such models would rely on being able to forecast values of all these covariates
in addition and many of these are likely to be just as unpredictable as asylum, increasing the
predictive uncertainty (Bijak 2010). Additionally, a full accounting for the various sources of
uncertainty would be difficult, as these would include not only uncertainty in model estimation

but also in the measurements of the covariates themselves.

The final group of models include more sophisticated time dependencies, and are more likely
to be appropriate for predictive purposes. Models within the ARIMA (Auto-Regressive
Integrated Moving Average) class are employed by a number of authors: Schmeidl (1997)
includes the effect of the lagged dependent variable in her examination of the causes of forced
migration, while Jennings (2010) uses ARIMA models to examine how various policy changes
have affected asylum flows to the UK. Similarly, the model of Toshkov (2014) examines the
dynamic relationship between asylum applications and recognition rates within a vector
autoregressive framework, examining whether either measure holds predictive power for the

other. Shellman and Stewart (2007), in contrast, employ a fully structural model capturing the



dynamic interrelationship between the drivers of Haitian flight to the USA. Recently, Bijak et
al. (2019) tested the performance of a suite of time series models for the forecasts of the

numbers of asylum seekers in the UK in 2004-2013.

Log-linear models, such as those employed by Vink and Meijerink (2003) and Van Wissen and
Jenissen (2008), provide a useful link to migration theory surrounding ‘push’ and ‘pull’ factors,
which can be subsumed within the generative and distributional effects, as in the generalised
linear models of migration suggested by Willekens and Baydar (1986). The most general form
of such models, encompassing most, if not all of the existing approaches, including time series,
log-linear models and panel regressions with contemporaneous or lagged explanatory
variables, has been provided by Bijak et al. (2017). In the most general form, a certain link
function f{.), for example a logarithmic transformation, of migration flows from country i to

country j in time ¢, y;;;, can be modelled as:
(1) f(yije) = ¢ + Zh=o B¥(BitXit + Bje'Xje + Bije'Xijt) + Li=1 B (@0iyie + 0jvje + 0iVije) + €ije

In this model, ¢ is the constant term, B is the “backshift” (or lag) operator, shifting the variables
back in time (B, = y.¢); the parameters associated with the explanatory variables x are denoted
by 3, autoregressive parameters associated with the lagged migration variables by ¢; and ¢;;;

are error terms (Bijak et al. 2017: 25).

Other well-known approaches, such as gravity models can be also seen as a special case of (1),
where population size accounts for the generation and distributional effects (Cohen 2012). Also
alternative specifications, such as the model of Vink and Meijerink (2003), who take a theory-
free approach and use a saturated log-linear model with period, destination, and period-

destination interactions to fit their model, conform to the above general framework.

None of the models examined above have demonstrated a model of asylum that could reliably
forecast future values, although the latter group of models have suitable representations of time
that might suggest that forecasting could be possible. Even though the general model form (1)
theoretically allows for using the models to produce early warnings based on data with higher
frequency, for example weekly or daily, a vast majority of existing applications are based on
yearly time steps, due to the data being more readily available. Ideally, an early warning
migration model would retain desirable features of the existing approaches, such as the
dynamic nature of time series, while improving on the frequency of the data used. This is

therefore the approach advocated in the main part of our paper.



2. R Simulation Code for Cusum models
# for parallel computation

library(furrr)
sim_k <- 1

sim_h <- 2.5

N_sims <- 1le6
No_obs_per_sim <- 6000

# function to simulate one series of normally distributed observations
# with no change in Llevel

# and calculate and return the cusum for this series

sim_run <- function(N_obs, k){

# simulate observations (mu=0, sd=1)
X <- rnorm(N_obs)

# set up empty vector for cusum
s <- rep(NA, N_obs + 1)
s[1] <- @

# calculate cusum sequentially
for (i in 2:(N_obs + 1)){

s[i] <- max(s[i - 1] + x[i - 1] - k, @)
}

return(s)
}
# NB:- it may be more efficient to stop whenever a Limit is reached, although
# this also requires an additional if() call every step of the Loop.

# simulate a series and return the time at which the alarm is triggered
# (the run Llength)
sim_run_length <- function(N_obs, k, h){
# simulate series
run_data <- sim_run(N_obs, k)
# find run length
run_length <- min(which(run_data > h))
# 1f no alarm is triggered, just record the time of the LlLast observation.
# This 1s ok because we are reporting medians, providing the median run
# 1s less than N_obs.
return(min(run_length, N_obs))

}

# uncomment 2 Llines below for parallel calculation using furrr and future packages
#set workers <= number of cores on machine
#iplan(multiprocess, workers = 4)

# do N_sims simulations of the cusum on underlying series with no change 1in
# Llevel, calculating the run lLength before alarm triggered



# WARNING This may take a while, particularly if you are not running in parallel.
# Possibly > 1hr

run_lengths <- future_map_dbl(1:N_sims,
function(i) {
sim_run_length(N_obs = No_obs_per_sim,
k = sim_k,
h = sim_h)

)
# print the result

print(quantile(run_lengths, probs=c(0.05,0.5)))
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