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Motivated by the challenge of analyzing the dynamics of weekly sea
border crossings in the Mediterranean (2015-2025) and the English Chan-
nel (2018-2025), we develop a Bayesian dynamic framework for model-
ing heteroskedastic count time series. Building on theoretical considera-
tions and empirical stylized facts, our approach utilizes a Poisson random
walk model that allows for heavy-tailed innovations or stochastic volatil-
ity dynamics, while incorporating an explicit mechanism to separate struc-
tural from sampling zeros. Posterior inference is carried out via a straight-
forward Markov chain Monte Carlo algorithm. Applying this methodology
to Mediterranean and English Channel data, we compare alternative model
specifications through a comprehensive out-of-sample forecasting exercise.
Using log predictive scores and empirical coverage at predictive quantiles to
evaluate each model, we find strong evidence for stochastic volatility in mi-
gration innovations. These models deliver the strongest out-of-sample fore-
casts with empirical coverage close to nominal levels up to the 99th per-
centile. Our framework can be used to develop risk indicators with direct
policy implications for improving governance and preparedness for migration
surges. More broadly, the methodology extends to other zero-inflated nonsta-
tionary count time series applications, including epidemiological surveillance
and public safety incident monitoring.

1. Introduction. Irregular maritime migration and sea border crossings are major is-
sues in contemporary political discourse and come with severe humanitarian consequences
due to the high mortality risks associated with sea migration routes. At the same time, such
“small boat” passages constitute one of the few irregular migration contexts where arrivals
can be tracked with relative precision, based on systematic search-and-rescue logs and im-
migration or asylum registration systems in arrival countries. The resulting availability of
high-frequency data should, in principle, enable a rigorous statistical investigation.

However, the literature on modeling the dynamics of irregular maritime migration and bor-
der crossings remains surprisingly thin. This gap may stem from two intertwined obstacles.
First, data on irregular arrivals by sea present unique challenges, as high-frequency counts
of migrant arrivals are noisy, nonstationary, volatile, and often zero-inflated—a combination
that overwhelms many off-the-shelf modeling techniques. Second, these characteristics make
point forecasts notoriously unreliable, potentially creating the impression that any attempt
to effectively model irregular maritime border crossings is futile. This leaves a significant
research gap both in terms of forecasting capabilities, which could enhance preparedness
and humanitarian response, and in terms of developing structural insights into the underlying
drivers and dynamics of irregular maritime migration.

In this article we demonstrate that both meaningful structural insights and well-calibrated
distributional forecasts of sea border crossing activity can be obtained using a simple context-
specific probabilistic model. Based on theoretical considerations and stylized empirical facts
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of irregular maritime border crossing data, we develop a Bayesian dynamic modeling frame-
work for count data time series. This framework is designed for discrete time series jointly
characterized by: (i) highly persistent trending patterns, (ii) volatility clustering or sudden
shifts in the log-scale intensity, and (iii) zero-inflation. We develop a simple Markov chain
Monte Carlo (MCMC) algorithm for posterior simulation. The proposed methods and algo-
rithms are flexible, easily extensible, and applicable to any nonnegative integer time series.
These features suggest their broader utility across various fields beyond modeling irregular
sea border crossings.

We apply the model to two case study datasets on weekly maritime border crossings in
the Mediterranean Sea and in the English Channel. We benchmark various versions of the
model to gain insight into irregular migration dynamics, focusing particularly on the problem
of producing and evaluating distributional forecasts. Specific emphasis is placed on empirical
coverage in the tails of the predictive distribution of maritime border crossings. This focus
is especially relevant, as accurate tail probability forecasts directly enhance preparedness for
extreme events. For instance, well-calibrated predictive distribution tails may enable more
effective contingency planning in the context of irregular migration, which is often character-
ized by rare events of high magnitude (see, e.g., Bijak (2024)). Such approaches are already
entering the mainstream debate and policy in other areas, such as preparedness for extreme
climate events (e.g., IPCC (2012)), or civil contingencies more generally (HM Government
(2025)). The emerging frameworks for responding to high-impact migration events (e.g., the
EU Migration Preparedness and Crisis Blueprint, EC (2020)) open the possibility of extend-
ing such approaches to migration in a formal and rigorous way.

Our results indicate that the dynamics of irregular sea border crossings are effectively
captured by a Poisson state-space model with log intensity expressed as a random walk with
stochastic volatility. In both our case studies, this model delivers the strongest one-week-
ahead probabilistic forecasting performance for irregular sea border crossing activity among
the specifications considered, with empirical coverage close to nominal levels at upper-tail
quantiles such as gg5 and g99. We connect these findings with the underlying theoretical
considerations and discuss implications for policy and future empirical research under the
assumption that sea border crossings are indeed generated by the proposed model.

This article, therefore, offers two primary contributions. First, from a statistical perspec-
tive, we introduce a flexible modeling framework for analyzing zero-inflated and potentially
nonstationary count time series, accompanied by a straightforward computational algorithm
for posterior simulation. This advances the literature on Bayesian approaches to dynamic
modeling of complex integer-valued time series. Second, in terms of substantive application,
we conduct the first comprehensive predictive evaluation to determine effective approaches
for probabilistic modeling of irregular maritime border crossing data through two high-profile
and policy-relevant case studies. This yields a new benchmark model for examining such
processes and generates evidence-based policy insights regarding the underlying structural
dynamics.

The remainder of the article is structured as follows. Section 2 presents the motivating
case study datasets, empirical stylized facts, theoretical considerations, and related literature.
Section 3 presents our model, prior specification, and the computational approach. Section 4
applies the methodology to the case study datasets. Section 5 discusses the policy implica-
tions of the results and concludes with directions for future research. A simulation study and
additional results are presented in the Supplementary Material (Zens and Bijak (2026)).

2. Data, stylized facts, and theoretical considerations. We analyze weekly time series
data on irregular sea border crossings across two distinct geographical regions. The first case
study examines irregular arrivals in Italy across the Mediterranean Sea, encompassing 7 =
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FIG. 1. Irregular maritime border crossing case study datasets. Left: Mediterranean Sea border crossings to Italy
by sample week from 2015W40 to 2025W11. Right: English Channel crossings by sample week from 2018WO01 to
2025W11. Top panels display log-transformed counts, with zero counts highlighted separately as dots on the zero
line. Bottom panels show log differences of counts for observations where both y; > 0 and y;_1 > 0.

494 weeks from 2015W40 to 2025W11. These data are sourced from the Operational Data
Portal of the United Nations High Commissioner for Refugees (UNHCR).! On average, we
observe 1,607 arrivals per week, with a weekly median of 851 arrivals. The series ranges
from zero arrivals up to a maximum of 15,694 arrivals in the week of August 29, 2016.

For our second case study, we investigate irregular arrivals by sea to the United Kingdom
across the English Channel, covering T = 376 weeks from 2018WO01 to 2025W11. This
dataset is provided by the Border Force branch of the U.K. Home Office.? On average, we
observe 413 arrivals per week, with a weekly median of 152 arrivals. The series ranges from
zero arrivals up to a maximum of 3,564 arrivals in the week of August 22, 2022.

2.1. Empirical stylized facts. Figure 1 presents the data after a logarithmic transforma-
tion (top panels) and after taking first differences of the log-transformed counts (bottom pan-
els). The untransformed count time series are shown in Figure S2 in the Supplementary Ma-
terial. Figure 1 highlights the three main challenges inherent in capturing the dynamics of
maritime migration time series.

First, as is common in many migration processes (Bijak (2010)), the count-valued data
exhibit high persistence with respect to mean intensity. While crossing conditions typically
lead to somewhat higher activity in summer months than in winter, there is no clear deter-
ministic trend over the full sample period. To capture this behavior, we specify a benchmark
count time series model that allows for random walk behavior of the log intensity parameter.
The simple random walk assumption is further supported by the log differences in the bot-
tom panels of Figure 1 being almost exclusively centered around the zero line, suggesting the
absence of a deterministic drift.

Second, as becomes evident from the time series of log differences, the innovation process
on the log scale is heteroskedastic. A priori, it is unclear whether this heteroskedasticity
is the result of an overall heavy-tailed (but constant in time) process or whether volatility
itself follows a dynamic process that produces persistent time-varying volatilities that may be
clustered in time. To investigate this, we will compare various volatility models empirically
by benchmarking them against each other in a large-scale pseudo-out-of-sample forecasting
exercise.

ISource: https://data.unhcr.org/en/situations/europe-sea-arrivals/location/24521 (as of 7 August 2025).
2Source: https://www.gov.uk/government/publications/migrants-detected-crossing-the-english-channel-in-
small-boats/migrants-detected-crossing-the-english-channel-in-small-boats-last-7-days (as of 7 August 2025).
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Third, observed zero counts may reflect one of two distinct phenomena. On the one hand,
zero arrivals may be the result of weeks where external circumstances—such as coast guard
operations, adverse weather conditions, or low smuggler availability—temporarily prevent
crossings despite relatively high migration intensity in surrounding weeks (compare the zero
counts after 2022 in the U.K. time series). In other cases, zero counts may stem from gen-
uinely low migration intensity during those periods (such as in the early period of the U.K.
data). There is no clear a priori way to determine whether a zero should be treated as an
unexpected outlier—effectively missing for the purpose of modeling migration intensity—or
as an informative observation indicating genuinely low migration activity. This motivates an
approach that treats the probability of crossing and the intensity of the underlying migra-
tion process as two separate processes that jointly generate the observed arrival counts. This
conceptualization naturally leads to a parameter-driven time series model for zero-inflated
counts.

2.2. Theoretical considerations. The empirical patterns observed in Figure 1—namely,
high persistence, heteroskedasticity, and zero-inflation—align with what one would expect
from irregular maritime migration processes, which emerge from the complex interaction
of individual decisions, weather conditions, smuggling operations, border enforcement mea-
sures (including pushbacks and deportations), political and diplomatic developments, and nu-
merous other factors (see, e.g., Rodriguez Sanchez et al. (2023), Frontex (2024), Migration
Observatory (2025)). Many of these migration determinants can be conceptualized as evolv-
ing approximately as first-order random walks with time-varying innovation variances. Such
dynamics represent plausible assumptions for classical migration drivers, including conflict
pressures, environmental disasters, macroeconomic developments, smuggler capacity, and
border enforcement efforts.> Adopting a simplified perspective, one may reasonably assume
that the dynamic properties of these migration drivers are inherited by the migration process
itself. This process is then punctuated by occasional events—such as coast guard operations
or exceptionally bad weather conditions—that explain the zero-inflation by temporarily halt-
ing all movement. While these considerations connect our three stylized facts, and ultimately
our statistical model, to basic theoretical intuition, a fully formalized and consistent micro-
theoretical treatment of irregular sea migration remains largely absent from the literature. The
development of such a framework is left for future research.

Note that many of the underlying migration determinants and drivers are shared between
irregular maritime migration and irregular land border crossings. Consequently, a random
walk with stochastic volatility dynamics could be expected to provide a reasonable baseline
for modeling the latter as well. A formal investigation of this matter is left for future re-
search. The primary reasons we study maritime migration as a distinct subject in the current
manuscript are: (i) the availability of relatively high-frequency weekly data, which is sel-
dom the case for land border crossings—at least not in publicly available data sources, (ii)
the zero-inflation mechanism, whereby physical barriers, such as the sea, render crossings
impossible during certain periods, a feature that is presumably less relevant for land border
crossings, and (iii) the relatively distinct public perception and impact of maritime vs. land
migration dynamics (Bhatiya and Kadam (2025)).

2.3. Existing statistical approaches. Conceptual statistical work on high-frequency ir-
regular sea migration data (and high-frequency migration patterns more generally) remains

3Note that in many cases, the direct effects of these drivers may be difficult to model and quantify explicitly.
In such instances, random walk models have been proposed as atheoretical alternatives for analyzing migration
when precise knowledge of drivers is unavailable (Bijak (2010)).
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relatively scarce. The majority of quantitative literature in this domain focuses on causal in-
ference studies that evaluate the impact of factors such as search-and-rescue operations, coast
guard activity, or smuggler network behavior on migration patterns (Camarena et al. (2020),
Hoffmann Pham and Komiyama (2024), Friebel et al. (2024), Deiana, Maheshri and Mas-
trobuoni (2024), Zambiasi and Albarosa (2025)). These studies typically employ relatively
simplistic regression frameworks for count data or Gaussian models for log-transformed
counts, based on a few observable covariates or gravity-type models. Predictive evaluations
are infrequent and, if provided, focus exclusively on point prediction accuracy.

In parallel with recent efforts to apply machine learning techniques for predicting asylum-
related migration activity (Carammia, lacus and Wilkin (2022)), few studies have attempted
to forecast boat migration across various frequencies and case studies—often focusing on
Mediterranean border crossings—using an array of machine learning and standard time se-
ries analytical tools, sometimes combined in ensembles (Georgiou (2016), Bosco et al. (2024,
2025)). While these studies demonstrate some degree of point predictability in sea bor-
der crossing data, the fitted models are largely black-box approaches that provide limited
evidence-based structural insights into underlying patterns. In addition, distributional fore-
casts are typically not considered. Bridging the gap between causal inference-oriented and
prediction-oriented work, Rodriguez Sanchez et al. (2023) use Bayesian time series models
to generate counterfactuals for Mediterranean small boat migration activity, investigating the
role of search-and-rescue operations.

In substantive terms we identify three key limitations in existing statistical approaches
to irregular maritime migration. First, irregular migration is typically modeled using frame-
works similar to those used for regular migration flows (e.g., labor mobility), despite fun-
damentally different underlying dynamics. Even for regular migration dynamics, these con-
ventional models can demonstrate poor predictive performance (Beyer, Schewe and Lotze-
Campen (2022)). Second, model evaluation—if any—relies almost exclusively on point fore-
cast metrics, neglecting probabilistic accuracy measures related to the calibration of predic-
tive distributions. As we discuss in more detail later, such calibration is essential for un-
certainty quantification and risk assessment. Third, maritime migration patterns are almost
exclusively analyzed in the context of the Mediterranean Sea,* limiting our understanding of
whether observed dynamics are region-specific or reflect more universal patterns in irregular
migration dynamics. In general, little is known about the dynamics and statistical properties
of irregular maritime migration.

Our work addresses these gaps and hence makes several contributions to the literature on
migration modeling. First, we construct a parsimonious probabilistic model tailored specif-
ically to high-frequency irregular maritime migration time series, grounded in both theoret-
ical reasoning and observed empirical patterns. Despite requiring no covariates, this frame-
work generates accurate distributional forecasts and yields insights relevant to policy design.
Second, we pioneer the evaluation of distributional forecast accuracy in this domain, with
special emphasis on tail behavior, which is crucial for evaluating uncertainty and providing
accurate risk assessments. Third, we provide the first predictive analysis of English Chan-
nel crossings alongside Mediterranean routes, broadening the empirical evidence base. More
broadly, the dynamic modeling framework we develop extends naturally to applications be-
yond migration, including epidemiological analyses, accident modeling, or reliability con-
texts.

4An exception is Wood (2025), which appeared after earlier versions of this manuscript were circulated as a
working paper.
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3. Dynamic zero-inflated heteroskedastic count models.

3.1. Model specification. Let y; € Ny denote a univariate count observed at equally-
spaced time points ¢t = 1, ..., T. Each count can be a structural zero or arise from a sampling
mechanism. Introduce the latent indicator s; € {0, 1} with interpretation s; = O (structural
zero) and s; = 1 (sampling path active). Conditionally on s; and a latent log-intensity z; € R
the data-generating process is

(S() St = O,
P(kt) NS 17

where §p denotes a point mass at zero. The binary indicators are taken to be i.i.d. s; ~
Bernoulli(;r), € (0, 1). More elaborate dynamic or covariate-driven choices are discussed
in Section 5 but are not pursued here. Marginalizing over the indicator yields the zero-inflated
Poisson mixture

(D VelSe, 2r ~ r=exp(z),t=1,...,T,

(1—m)+mexp(—2A;) y =0,

(2) pOrlze, ) = 2 At = exp(zr).
T ——exp(—A;) v >1,
!
The latent state evolves as a random walk
(3) Zt:thl+8l‘7 8!~f€(';0)7t:17"'7T7

with p(zp) o< 1 as prior on the initial value and where the density f; is parametrized using hy-
perparameters #.> For f;, we consider four distinct specifications. The homoskedastic Gaus-
sian case f, = N(0,072) is used as simple benchmark. For constant heavy-tailed densities,
we consider a scaled z-density with v degrees of freedom f, = 1,(0, 02) and a scale mixture
of two Gaussian densities f, = Z%: 1 Mh N0, 0502) with n; + n2 = 1. Finally, following
Bijak (2010), to model persistent time-varying volatility patterns, we consider a stochastic
volatility model (Kastner (2016)) f. = N(0, exp(h;)), where h; = u+ ¢ (h;—1 — ) + & and
& ~N(©.07).

The considered model is essentially a heteroskedastic non-Gaussian® state-space model.
Poisson state-space formulations and their extensions are well known in the Bayesian lit-
erature (West, Harrison and Migon (1985), Frithwirth-Schnatter and Wagner (2006), Berry
and West (2020)), and state-space models have been used in migration-related applications
in a handful of studies (e.g., Rodriguez Sanchez et al. (2023), Zens and Thalheimer (2025)).
Poisson state-space models with a random-walk log intensity augmented with locally adap-
tive shrinkage or dynamic horseshoe priors have been applied to trend filtering in count
series (Kowal, Matteson and Ruppert (2019), Schafer and Matteson (2025)); differenced
zero-inflated negative binomial specifications have been used to capture time-varying dis-
persion in high-frequency financial counts (Barra, Borowska and Koopman (2018)), and spa-
tially varying-dispersion frameworks have been considered in epidemiological settings (e.g.,

3Note that the underlying factors driving sea migration are extremely challenging to model explicitly. Consider,
for instance, only conflict as a single potential driver of irregular migration. Data on conflict are available in a
timely, geocoded format, which is already a major benefit compared to measurements of other potential drivers,
enabling detailed modeling of conflict-related migration patterns (see, e.g., Zens and Thalheimer (2025)). At the
same time, accounting for the activity of the smuggling gangs, time lag due to travel from the origin region to the
point of embarkation, and the waiting time there is essentially a black box. As a result, a latent variable model is
particularly useful in this context.

SFor large counts, a zero-inflated log-normal model may offer a computationally more efficient alternative to a
Poisson specification. We do not pursue this approach for two reasons. First, counts are not necessarily large in
several applications, including the English Channel data considered here. Second, from a modeling perspective,
migration data inherently consists of counts and is, therefore, most naturally treated as such.
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Mutiso et al. (2022)). In general, coupling count-data likelihoods with state-space methods
enables the construction of highly intricate, domain-specific models (e.g., Kim and Albert
(2018)). Our proposed framework builds directly on these developments, offering a simple,
flexible, and easily extensible approach to zero-inflated, heteroskedastic count time series
with flexible innovation densities, where inference can be carried out via a straightforward
MCMC algorithm. For comprehensive overviews of count time series methodology, see Jung,
Kukuk and Liesenfeld (2006) or Davis et al. (2016); for a Bayesian treatment of static zero-
inflated count models with overdispersion, see Neelon (2019), and for recent work on fore-
casting zero-inflated count time series, see, for example, Aktekin, Soyer and Zhang (2026).

3.2. Prior specification. Bayesian inference requires elicitation of suitable prior densi-
ties. In this article we aim for weakly informative prior specifications to avoid our conclusions
relying heavily on specific hyperparameter choices or prior beliefs. We use a uniform prior
m ~ B(1, 1) for the probability of observing a sampling count. The prior on the initial value
of the latent log intensity is chosen to be flat p(z¢) o 1. For scale parameters, weakly infor-
mative inverse gamma priors of the form o2 ~ ZG(2.5, 0.5) are used across specifications. In
the Student- model, we will estimate the degrees of freedom parameter from the data jointly
alongside the other parameters. For this we pick a shifted exponential prior with rate 1/6 and
shifted to values larger than 3 for v to ensure at least the first three moments of the inno-
vation density exist. For the mixture model weights, we assume (71, n72) ~ Dirichlet(1, 1),
allowing for conditionally conjugate posterior updates. Finally, for the stochastic volatility
model, we rely on the default choices in the stochvol R package (Kastner (2016)) and use
w~N(0,10,000), (¢ + 1)/2 ~ B(5, 1.5) as well as 052 ~G(0.5,0.5).

3.3. Posterior simulation. Let

T T
z=(Zla-~-9ZT) ) S=(S1,...,ST)

collect the latent states and inclusion indicators corresponding to the data yq, ..., yr. We use
¥ to denote all hyperparameters associated with a particular choice of f;. To sample from the
joint posterior

p(z,s, %, 20, 2741, |y),

we construct a simple Gibbs—Metropolis sampler that cycles through each full conditional in
turn. After choosing starting values and discarding an initial burn-in, repeated iteration yields
valid draws from the target posterior. Note that we explicitly include both the initial value
zo and the one-step-ahead forecast zr41 as unknown parameters to simplify the exposition
below:

i. Updating (z9, 2, zr+1)- Consider the random-walk prior z; = z;—1 + & with an innova-
tion density f. that admits a conditional-Gaussian representation. Let

T T T
Z*I(ZO,Z aZT—{—]) :(Z()’Z]a?ZT’ZT-I—l) .

Under the random-walk prior with flat initial prior p(z¢) o 1, the augmented state vector z*
has an intrinsic Gaussian prior (Chan and Jeliazkov (2009)) with kernel

1
p(Z*|¥) x exp(—iz*TP(ﬂ)z*)

where the singular precision matrix is

-1 1
-1 1

P@)=D"K@®)D, D= , . :
-1 (T+1)x(T+2)
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and
K(#) =diag(ky, ..., kry1)

collects the increment precisions. The exact form of K (#) depends on the chosen specifica-
tion for f, and will be detailed below. Combining this prior kernel with the Poisson likelihood
contributions for those observations that are on the sampling path (s; = 1) yields

1
P(z0,2, 27411y, 8, 9) eXP<—§Z*TP(17)Z*> [T PO expz)).

tis;=1

Direct sampling from this joint distribution is difficult, so we proceed by single-site up-
dates p(z:|z—¢, 8¢, yr, #) for t =0,..., T + 1, where z_; collects all latent log-intensities
except z;. For the boundary states zo and z741, there is no likelihood contribution, so they
are updated from their Gaussian full conditionals alone. For r =1, ..., T, the full condition-
als are

N (zs; my, vy) St =

0
T A =exp(2),
N(Zt§ my, v)P(yes M) si =1, ' '

p(ze|z—t, 8¢, Y1, B) {

while forr € {0, T + 1},
p(zelz—s, 9) o< N (245 my, vy).

The conditional moments follow from standard Gaussian conditioning:

ZPIJZJ’ Ut:P—,
Py it 1t

where P;; denotes entry (¢, j) of P(#). Each univariate full conditional is proper, and we
sample z; using an adaptive Metropolis—Hastings step (Roberts and Rosenthal (2009)) that
gradually diminishes adaptation of the proposal variance during MCMC and targets an accep-
tance rate of 0.234. The Poisson term P(y;; A;) dominates whenever y; is large, effectively
collapsing the conditional toward a near-point mass. In the empirical examples considered be-
low, we, therefore, did not encounter notable MCMC efficiency problems despite employing
single-site updates.

ii. Updating s. To update the indicators sy, fix s, = 1 for all # where y, > 0. For observa-
tions where y, = 0, sample s; from the conditional posterior p(s;|y;, z;, 7). Recall that the
prior probability of the sampling path being active is 7 and that p(y; = 0|z,) = P(0; A;) =
exp(—A;). Using Bayes’ theorem, the conditional posterior p(s¢|y:, z;, ) is hence Bernoulli
with

7 exp(—is)

s, =1y, 24, 1) = A =exp(zy).
(s | Yy 22, 70) (0 —7) + 7 exp(—y) t p(z¢)

iii. Updating . The conditional posterior density p(x|s) is Beta, 7 ~ B(1 + Zthl s, 1+

T — Zthl St).-

iv. Updating #. Let Az; = z; — z;—1. The hyperparameter updates depend on the choice
of the innovation density f.. We present the posterior updates for four distributional assump-
tions below:

Option 1: Gaussian innovations. When &; ~ N (0, o'2), the variance has a conjugate inverse-
gamma posterior,

T + 1T+1
o |z~zg<25+ 054 = Z(Aa))

t=1

For the latent precision updates, set k; = o~ for all 7.
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Option 2: Student-t innovations. We employ the scale mixture representation of the
Student-¢ distribution,

2
Aztlw,,02~N<0, 0—), w,|v~g(” v)
wy 22

with prior v — 3 ~ Exp(1/6) ensuring the first three moments of the innovation density exist.
The resulting conditional posteriors are

11 | T+
|, z~Ig(25+— 0.5+ = Zw,Az,>
1+v v Az
a)t|l),0’2,z~g< 2 7§+%_;>, t:1,...,T+l.

The degrees of freedom v are updated via adaptive Metropolis—Hastings steps on the log
scale. Propose log v* ~ N (logv, 1,), and accept with probability,
{ V' p(@v*) p(v¥) }
o=

1 _
v pw|v) p(v)

where the adaptation of t, targets an acceptance rate of 0.234. For the latent precision up-
dates, set k; = w,/az.

Option 3: Finite Gaussian scale mixture. Consider H mixture components with weights
n=(@1,...,MH), component variances 0}%, and allocation indicators p; € {1, ..., H},

Azlpr =h,0%, 07 ~N(0,06%}), o} ~IG(2.5,0.5),
pt|p ~ Categorical(n),  ~ Dirichlet(1, ..., 1).

Define Ry, = Z,T 1(p; = h) as the number of allocations to component /. The resulting
conditional posteriors are

1T+1
L Za Az,)

ooy z~zg<25+

Pr(o; = h|-) ocnn - 9(Azs: 0, 0%07;),
n|p ~ Dirichlet(1 4+ Ry, ..., 1+ Rp),

Ry
a,3|-~zg<2.5+ 50545 > Az,)

t:pr=h

where ¢(; i, o2) denotes the Gaussian probability density function with mean p and vari-
ance o 2. For latent precision updates, set k; = (ozazt)_l. We use H = 2 mixture components
in the applications below.

Option 4: Stochastic volatility. For the SV case, we employ the auxiliary-mixture sampler
of Kim, Shephard and Chib (1998), combined with the multivariate Gaussian joint density
representation for state-space formulations (McCausland, Miller and Pelletier (2011)); see
Kastner (2016) and the stochvol R package for an efficient software implementation. The
estimated variance pathways 0,2 = exp(h;) can then be used to update the latent precisions
by setting k; = o,_z
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3.4. Forecasting and log predictive score evaluation. To sample from the posterior pre-

dictive distribution of yr4, for each MCMC draw m sample sT +1 ~ Bernoulli(r ™). If

S(T"_?l =0, set y(T"_?l =0.If s(T"fgl =1, sample z74 from the state evolution, which under the

random-walk prior satisfies z74+1|z7, kT+1 ~ N(ZT, kil +1)» and then sample y(T"_?l |z(Tm_gl ~

P(exp(zT +1)) Forecasts conditional on s711 = 1 are obtained by skipping the Bernoulli
step.

For log predictive distribution evaluation, we integrate out z741 numerically. For each
posterior draw m, define

g™ () = / P(y:exp(2) plars1 =zlzf" k) dz.,

which we approximate using Gauss—Hermite quadrature. The corresponding full zero-inflated
predictive pmf is

p(m) (y]y) = (1 - j'r(m)) + j.[(m)g(m)(o) y=0,
™M g™ (y) y>1

Given M posterior draws, the estimated log predictive distribution at yr 1 is

10gP()’T+1|y)=10g{ Zp< ><yT+1|y)]

m=1

while the score conditional on s741 =1 is
_— 1 M
log p(yr+ilsr+1=1,y) = log{ﬁ > g(m)()’T+l)}-

3.5. Simulation exercises. We evaluate the proposed mechanisms and posterior simula-
tion algorithms in a controlled setting using a simulation study. Full details are provided in
Supplementary Material Section S1; here we summarize only the main insights for brevity.
We compare zero-inflated homoskedastic and stochastic volatility Poisson random walk mod-
els against a naive homoskedastic Poisson approach that treats all zeros as arising from the
sampling count process. In the first setting, the random walk innovation variance is simu-
lated as constant. The homoskedastic Poisson random walk recovers parameters well, while
the stochastic volatility model approximates the constant variance accurately, though, as ex-
pected, with somewhat lower efficiency. The naive model severely overestimates variance by
misattributing occasional drops to zero as part of the sampling process. In a second setting,
the innovation variance is assumed to oscillate between low and high volatility periods. The
stochastic volatility model accurately recovers the underlying volatility dynamics. The zero-
inflated homoskedastic model produces averaged estimates that overestimate volatility during
tranquil periods and underestimate it during volatile periods. The naive Poisson random walk
performs worst, severely overestimating innovation variance by ignoring zero-inflation.

Overall, the stochastic volatility specification proves sufficiently flexible to accommodate
both constant and time-varying volatility regimes, nesting the simpler homoskedastic model
as a special case. This flexibility translates to strong empirical performance in the application
presented in Section 4. Regarding zero-inflation, we find no substantial differences between
the stochastic volatility and homoskedastic Poisson specification in the settings considered.
While the stochastic volatility model performs similarly or marginally better in classifying
zeros as structural, both models classify truly structural zeros with very high accuracy.
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4. Modeling irregular migration in the Mediterranean Sea and the English Channel.

4.1. Predictive performance and benchmarking. Before discussing inferential results un-
der any of the proposed specifications, we first assess distributional forecasting performance
under alternative choices of f.. The purpose of this exercise is not to claim that any single
specification dominates all conceivable competitors, but rather to identify which model com-
ponents (e.g., heavy tails or stochastic volatility) are required for reasonable distributional
forecasting performance in the context of irregular maritime migration.

We conduct a benchmarking exercise in which we repeatedly split the data into a training
sample of length 7 — 250 and a one-step-ahead hold-out observation, whose distribution we
aim to predict. We repeat this procedure for 250 hold-out periods using a rolling-window
scheme. For each model we collect 75,000 posterior samples after a burn-in period of 7,500
iterations. We then compute several performance metrics, including cumulative log-predictive
scores, root mean square error, and correlations between posterior mean forecasts and realized
values. To evaluate tail calibration, we additionally report empirical coverage with respect to
the predictive tail quantiles go1, gos, 910, 490, 95, and gog.

4.1.1. Operational target and the role of structural zeros. As our ultimate aim is to pro-
vide operationalizable forecasts conditional on the sampling regime being active and to ac-
curately capture the upper tail of the predictive distribution, we report baseline results based
on predictive distributions conditional on s74+1 = 1 and compute out-of-sample metrics using
only observations with y, > 0, thereby focusing evaluation on weeks with realized crossing
activity. This evaluates how well a model predicts the magnitude of arrivals when they oc-
cur. In the context of policy preparedness, this conditional forecasting target is arguably the
most operationally relevant. For completeness and as an additional robustness check, we also
report results that integrate over uncertainty in s71 and include all hold-out observations in
the Supplementary Material; these are referenced and briefly discussed below.

4.1.2. Baseline predictive results. Table 1 reports the baseline out-of-sample results.
They confirm our initial assessment that accurate point predictions for irregular sea border
crossings are difficult to obtain. The generally low correlation between point forecasts and
realized values highlights the limited point predictability of the irregular maritime border-
crossing process, reinforcing our decision to emphasize distributional forecasts. For the
Mediterranean data, specifications with heavy-tailed innovations—implemented either via
mixture models or ¢-distributions—outperform the homoskedastic Gaussian benchmark in
terms of log predictive scores and tail coverage.

The strongest performance in both case studies is achieved by specifications that incor-
porate stochastic volatility, providing compelling evidence of persistent time variation in
volatility in the underlying migration intensity process. This suggests that the process alter-
nates between relatively stable periods and episodes of heightened fluctuation. Figure 2 fur-
ther illustrates this point by tracking cumulative log predictive scores relative to the stochastic
volatility model over the hold-out period. For the Mediterranean data, the gains from stochas-
tic volatility are consistent throughout and are particularly pronounced during high-volatility
episodes (e.g., early 2022), when the stochastic volatility model is able to adapt more flexibly.
For the U.K. data, the gains of stochastic volatility relative to static heavy-tailed specifications
are weaker and less uniform over time. Nonetheless, over the considered hold-out period the
improvements remain substantial, and we view stochastic volatility as a strong benchmark
also for this case study. Future work may further validate or revise this conclusion as longer
time series become available.

Turning to tail calibration, empirical tail coverage closely tracks nominal coverage un-
der the stochastic volatility model. It is noteworthy that a highly parsimonious specification
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TABLE 1
Results of the predictive exercise and hold-out evaluation

LPS RMSE Corr.  qo1 4905 910 9% 495 499 N

ITA  Gaussian (excl. zeros) —2,144.436 7.563 0.366 0.020 0.057 0.081 0.899 0.931 0.980 247
ITA  Gaussian (incl. zeros) —2,180.422 7.564 0.367 0.004 0.016 0.040 0.931 0.955 0.984 247

ITA  Gaussian —2,144371 7.565 0.365 0.020 0.057 0.081 0.899 0.931 0.980 247
ITA Mixture —2,135.893 7565 0.364 0.012 0.057 0.081 0.895 0.935 0.984 247
ITA  Student-t —2,138.267 7.565 0.366 0.012 0.057 0.117 0.895 0.931 0.984 247
ITA  Stoch. Vol —2,121.401 7.562 0.366 0.008 0.057 0.101 0.907 0.955 0.992 247

U.K. Gaussian (excl. zeros) —1,726.586 6.546 0.367 0.023 0.068 0.108 0.869 0919 0.973 222
U.K. Gaussian (incl. zeros) —1,854.025 6.594 0.335 0.000 0.000 0.005 0.883 0.905 0.955 222

U.K. Gaussian —1,726.057 6.545 0.367 0.023 0.068 0.108 0.869 0914 0.973 222
U.K. Mixture —1,724.793  6.545 0.367 0.023 0.068 0.108 0.869 0919 0.973 222
U.K. Student’s ¢ —1,725.238 6.546 0.366 0.014 0.072 0.113 0.860 0.914 0977 222
U.K. Stoch. Vol —1,721.395 6.547 0.368 0.009 0.059 0.117 0.878 0.932 0.986 222

Note: Columns report the cumulative log predictive score (LPS), root mean square error (RMSE) on the logarith-
mic scale, correlation of forecasts and true values (Corr.), and empirical coverage with respect to the predictive
first, fifth, 10th, 90th, 95th, and 99th quantiles (go; — g99), with n denoting the number of nonzero hold-out ob-
servations. Results are summaries across out-of-sample periods where y741 > 0 and conditional on s741 = 1.
Second column refers to the innovation model for the Poisson random walk. “Gaussian (excl. zeros)” is a ho-
moskedastic model where all zeros are treated as missing. “Gaussian (incl. zeros)” is a homoskedastic model
where all zeros are considered part of the sampling process. All other models use an explicit zero-inflation mech-
anism to estimate s;

achieves good tail calibration for a highly complex and volatile social process. Accurate tail
quantile estimates and forecasts are particularly useful in this context, as they can be used for
contingency planning and as operational risk indicators. From the perspective of statistical
decision theory, an important consideration is that quantiles solve optimal decision prob-
lems under (asymmetric) linear loss functions. If such loss functions could be elicited from
forecast users (e.g., migration practitioners or policymakers), even approximately, policy and

12.54 100
10.0+
) )
73 wg 751
88 751 <3 [ P * W A | 1
g9 2D 504 Y|
g8 gg Ih
- 25+ 4 254
0.0+ [e] o [} 0.04 o oow 00 0 @O ®o o o ®o ®© o
2021 2022 2023 2024 2025 2021 2022 2023 2024 2025

0 0
= —5- =
> >
E E,?
3¢ -104 3P
O. - O — 4
T 151 T
14 ['4
~20 -6
2021 2022 2023 2024 2025 2021 2022 2023 2024 2025
—— Gaussian (excl. zeros) ---- Gaussian --- Mixture Student's t —— Gaussian (excl. zeros) ---- Gaussian --- Mixture Student's t

FI1G. 2. Top row: One-step-ahead predictive distributions and realized observations (black line) over the 250
hold-out periods. Zero observations are highlighted separately on the x-axis. Grey shaded areas are 90% credi-
ble intervals. Bottom row: Cumulative log predictive scores relative to the stochastic volatility model. The Poisson
model without zero-inflation is not shown due to noncompetitive performance. Left column: Mediterranean cross-
ing data. Right column: English Channel crossing data. Hold-out period runs from 2020W23 to 2025W11. Results
are computed across out-of-sample periods where yr 1 > 0 and conditional on st = 1.
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operational preparedness could be substantially improved based on distributional forecasts
(see, e.g., Bijak (2010)). So far, such elicitation has not been carried out in the context of
migration, although, especially given the high policy salience, there are strong arguments for
implementing it as a part of broader preparedness efforts (EC (2020)). Additionally, an ex-
plicit elicitation of potential impacts of different migration scenarios would be in line with
existing examples of preparedness and contingency planning (e.g., National Risk Register,
HM Government (2025)) and recent work on infectious disease response (Mills et al. (2025)),
which use probabilistic assessment for risk management purposes.

In addition, quantiles are invariant under monotonic transformations. This implies that if
the policy objective functions of different decision makers (such as the cost of running re-
ception centers or time of processing asylum applications) can be expressed as monotonic
transformations g(-) of the number of irregular migrants y;, then under linear loss functions,
the solutions to such decision problems are simply the values of g(-) evaluated at the respec-
tive quantiles of the predictive distribution of y;. This feature additionally underscores the
versatility of the approach, where different users, with different objectives and loss functions,
could use the same underlying probability distributions to support their decisions as long as
these distributions are well calibrated, including in the tails.

Finally, quantile estimates and forecasts also admit straightforward operational interpre-
tations in our context. For example, the 90th percentile corresponds to an approximate 10%
weekly probability of exceeding the indicated threshold, implying an expected exceedance
about once every 10 weeks (roughly every two to three months). Likewise, the 95th per-
centile corresponds to about a 5% weekly probability, or one exceedance approximately ev-
ery 20 weeks (around every five months). The 99th percentile implies roughly a 1% weekly
probability, corresponding to an extreme event about once every 100 weeks, that is, close
to once every two years. While these interpretations rely on an independence approximation
and should, therefore, be viewed as heuristic, they nonetheless yield transparent and inter-
pretable indicators that can serve as starting points for contingency planning. Developing
more comprehensive operational risk indicators for this domain remains an avenue for future
research.

4.1.3. Further predictive results and insights. Table S1 in the Supplementary Material
reports log predictive scores and tail coverage when marginalizing over s; and evaluating
performance on all hold-out observations (including weeks with y; = 0). Supplementary Ma-
terial Figure S4 presents the corresponding posterior predictive distributions and cumulative
log predictive score plots. Overall, these results lead to very similar conclusions but indicate
slightly worse empirical coverage in the lower tail.

This difference primarily reflects our convenient, but simplifying, assumption of a con-
stant probability m over the sample. A constant r has two implications for forecasting. First,
when the estimated probability of a structural zero (1 — ) is sufficiently large, the lowest
predictive quantiles become exactly zero (compare Figure S4). This also affects in-sample
fits; see Supplementary Material Figure S5. The effect is modest for the Mediterranean se-
ries, where zeros are rare and 7 is estimated close to one. The quantiles are, therefore, similar
under conditioning on s; = 1 and marginalizing over s;. In contrast, for the U.K. series with
a larger fraction of zeros, the differences are more substantial. For example, gos is equal to
zero throughout the sample period when marginalizing over s;. Second, a constant 7 typ-
ically overstates the prior probability of structural zeros during periods in which they are
uncommon and vice versa. In our application this does not appear to materially affect overall
predictive performance, as the likelihood is typically informative about the separation be-
tween structural zeros and nonzero observations. Nevertheless, for forecasting it implies that
the predictive distribution may be biased, with size and direction of the bias depending on the
period under consideration. Model extensions and generalizations that relax the constant-m
assumption are discussed in Section 5.
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FI1G. 3. Top row: Crossing counts and distributional fit by sample week on a logarithmic scale. Zero counts are

highlighted separately on the zero line. Middle row: Estimated posterior density of hy. Bottom row: Estimated pos-
terior mean probability of y; being a structural zero. Left column: Mediterranean crossings by sample week from
2015W40 to 2025W11. Right column: English Channel crossings by sample week from 2018WO01 to 2025W11.
Solid lines are posterior means. Grey shaded areas indicate 90% credible intervals.

4.2. Model fit, volatility estimates, zero-inflation patterns. Figure 3 displays smoothed
one-step-ahead predictive distributions for the count data models. At each time point ¢, these
distributions are obtained by propagating draws from the full-sample (smoothed) posterior of
the latent intensity one step forward through the state-space model and then generating the
corresponding count outcome. Repeating this procedure yields a Monte Carlo approximation
to the model-implied distribution of y, conditional on s, = 1 and on the full information
in y.” The middle row of Figure 3 shows posterior density estimates of the log variances
hy = log(otz), illustrating the time-varying uncertainty captured by the stochastic volatility
model. All reported summaries are based on 75,000 posterior draws after a burn-in of 7,500
iterations.

For both the U.K. and Mediterranean crossings data, Figure 3 helps explain why the
stochastic volatility specification outperforms competing models in predictive terms. In the
Mediterranean case, the estimated variance exhibits clear alternation between high-volatility
episodes (e.g., early 2022) and more tranquil periods (e.g., mid-2022). Similar, albeit less
pronounced, patterns emerge in the U.K. case study, consistent with the smaller performance
gap between the stochastic volatility model and the competing specifications. In both ap-
plications, the stochastic volatility component captures shifts between tranquil and volatile
regimes, allowing the predictive distribution to widen or tighten adaptively and thereby im-
proving predictive distribution estimates.

In terms of the zero-inflation component, the bottom row of Figure 3 reports the posterior
probabilities that an observed zero corresponds to a structural zero. For the Mediterranean
data, the posterior mean 7 = 0.96 indicates that the sampling regime is active most of the
time. When zeros do occur, the model assigns them to the structural-zero state (s; = 0) with
near-unit probability. As a result, the implied structural-zero probability closely matches the
empirical frequency of zeros in the data (3.8%). For the U.K. data, we obtain 7 = (.85,

TWe use this quantity as an illustrative in-sample distributional fit diagnostic. It differs from the real-time one-
step-ahead predictive distributions in Figure 2, which condition only on information available up to r — 1.
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compared to an empirical zero frequency of 22.3%, indicating that not all zeros are classified
as structural. In particular, most zeros prior to 2019 are attributed to the sampling process
(s; = 1), whereas zeros after 2019 are predominantly classified as structural (s; = 0). This
pattern reflects that migration intensity is comparatively low early in the sample. Zeros in
that period are interpreted as arising from this low intensity (i.e., few or no attempts) rather
than from temporary conditions that render crossings effectively impossible.

4.3. Further exploratory exercises. To gain deeper insight into the drivers of time-
varying volatility patterns and structural zeros in sea migration data, we conduct additional
empirical analyses. Specifically, we aim to explain the posterior mean of: (i) log variances
and (ii) the logit-transformed a posteriori structural-zero probabilities for each ¢ in both case
studies using linear regression. For completeness, we also consider: (iii) an exploratory lin-
ear regression model with the logarithm of weekly border crossings as the outcome variable.
As explanatory variables these models include monthly and annual effects to capture seasonal
patterns and long-term trends as well as potential policy shifts. Additionally, we incorporate a
variable measuring wave height in the broader crossing regions (see Supplementary Material
Figure S3) to approximate prevailing weather and sea conditions.’

The results of these exploratory models, which are detailed in Supplementary Material
Table S2reveal several distinct dynamics. We find that both seasonal and annual patterns
predict variance patterns in the Mediterranean case study, with the summer months typically
being the most tranquil. A similar pattern is visible in the English Channel example, although
it is less pronounced. In both case studies, the wave height variable is positively related to log
variance, though the association is relatively weak once seasonality is controlled for in the
same model. This likely reflects that wave height and broader meteorological conditions are
themselves strongly seasonal.

For both case studies, structural zeros do not exhibit clear seasonal patterns. Wave height,
however, is a strong predictor of structural zeros in both settings, underscoring the relevance
of weather and sea conditions in maritime migration; compare also the findings in Wood
(2025). Given the small number of zero weeks in the Mediterranean data, we find no strong
annual effects, whereas for the U.K. the later years show an increase in structural zeros. Note
that structural zeros may reflect interception by coast guards, weather effects, accidents, or
lack of smuggler availability. We can only explore one of these mechanisms explicitly, since
reliable data on interceptions or smuggler activity are typically not publicly available. Finally,
wave height also has strong effects on overall arrival intensity on the log scale in both case
studies, suggesting increased accident risk and a greater reluctance to initiate a journey in
adverse weather conditions as potential underlying channels.

Overall, the explanatory power of the covariates—as measured by the coefficient of
determination—remains modest, suggesting that a broader constellation of factors likely
drives the volatility, feasibility, and magnitude of crossings. Our findings, therefore, indicate
that at least half of the variation in volatility and feasibility cannot be attributed to long-run
trends, annual effects, seasonal patterns, or weather and maritime conditions. This substantial
unexplained component likely reflects unmeasured factors such as fluctuations in smuggling
operations, coast guard activities, and upstream determinants of the potential migrant popu-
lation (e.g., conflict events and political instability). Importantly, both the reported R? values

8Note that this procedure is of course quite imperfect and exploratory in nature, given that it ignores various
aspects such as correlations across time or uncertainty in the latent outcome variables, among others. Nevertheless,
it provides some first-order insights into process dynamics and potential drivers.

9Data on significant wave height are collected by the European Centre for Medium-Range Weather Forecasts
(ECMWF) and are available at https://cds.climate.copernicus.eu/datasets/reanalysis-eraS-single-levels (as of 7
August 2025).
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and the covariate importance assessments should be interpreted cautiously. They are overly
confident, as the regression models do not account for uncertainty in the estimated volatility
paths and in the structural-zero probabilities, and due to the presence of autocorrelation.

Future work could incorporate covariate-driven volatility or structural-zero dynamics di-
rectly into the model to strengthen latent volatility estimation rather than using covariates
only in post-hoc exploratory regressions. This would directly connect to related zero-inflated
models to analyze migration dynamics (Wood (2025), Zhang et al. (2026)). For real-world
deployment, however, such an approach would face practical challenges, since weather data
and other relevant covariates often become available only ex post and would, therefore, also
need to be forecast, introducing additional modeling complexity.

5. Discussion and concluding remarks.

5.1. Policy implications. The empirical evidence in favor of a random walk with persis-
tent time-varying volatility in border crossing activity has at least three direct policy implica-
tions. First, our finding that irregular migration is well approximated by a random walk con-
firms earlier intuitions about the inherent difficulty of predicting these flows (Bijak (2010)).
Because random walks imply limited forecastability and uncertainty that expands rapidly
with the forecast horizon, turning points may easily be missed, even by elaborate point fore-
casting tools. Policymakers should, therefore, avoid relying on medium-run forecasts and
rigid annual quotas in reception infrastructure. Instead, the focus should be on real-time
monitoring tools and on maintaining flexible surge capacity (e.g., modular reception cen-
ters, standby search-and-rescue assets, or dynamic solidarity mechanisms) that can scale up
or down as the migration process unfolds.

Second, the evidence for persistence in volatility patterns suggests clustering of calm and
volatile periods, with long stretches of low variance alternating with bursts of high variance.
This mirrors field observations that Mediterranean crossings can remain subdued for months
and then increase sharply within weeks when, for example, a civil-war front shifts, a smug-
gling route reopens, or the business model of smuggling networks changes. From a policy
perspective, this points to treating migration management as a risk management problem,
not only as flow management. Risk management explicitly requires taking into account both
the uncertainty and potential impact of unforeseen events (e.g., HM Government (2025); for
a migration example, see Bijak et al. (2019)). Our results suggest that an important part of
the uncertainty considerations may be related to the volatility of flows. During low-volatility
windows, policymakers may invest in contingency planning and insurance-type funding (e.g.,
an EU-wide migration contingency fund) so that cash, assets, and staff can be prepositioned
for the next high-volatility spell and scaled up rapidly as demand increases.

Third, a random walk with stochastic volatility implies a heavy-tailed distribution of
outcomes, in the sense that extreme events occur more frequently than under standard ho-
moskedastic models. Conceptually, occasional extremes should, therefore, not be treated as
“unexpected outliers” or “black swan” events but rather as a structural feature of irregu-
lar migration processes. Policy should accordingly prioritize systems that are robust to tail
risk. Examples include contingency plans that ensure sufficient search-and-rescue capacity
for “worst-case” scenarios, fast-track legal pathways that can relieve pressure once a surge
begins, the negotiation of standby humanitarian corridors with coastal states, or trigger-based
burden-sharing clauses to reduce pressure on countries of first arrival (e.g., automatic reloca-
tion once arrivals exceed a predefined high percentile).

Note that replacing our simpler unit-root assumption with a less stringent but still highly
persistent mean-reverting process (e.g., an AR(1) model with persistence parameter close to
one) would only slightly alter these conclusions. However, an AR(1) regime would suggest
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two additional policy levers. First, interventions that effectively reduce persistence—for in-
stance, through diplomacy in origin states, legal work-migration channels, or humanitarian
cash transfers—could speed up the decay of shocks and spikes. Second, because the result-
ing predictive intervals are large but not unbounded, risk-based insurance and reinsurance
instruments (e.g., bonds that pay out when arrivals exceed a high percentile) may be priced
more realistically, especially when coupled with statistical decision theory. In short, high per-
sistence implies that shocks linger, yet even weak mean reversion leaves scope for proactive
measures that accelerate a return toward long-run “normality.”

In summary, viewing irregular maritime migration through the lens of a random walk with
stochastic volatility shifts the policy focus from forecasting and flow management toward risk
management and preparedness, and from average-case planning toward governance informed
by volatility and tail risk. While a fully fledged real-world operationalization of these ideas is
beyond the scope of this article, the well-calibrated distributional forecasts produced by our
model may provide a useful starting point in that direction.

5.2. Model extensions and future research. Several avenues for future research remain.
First, alternative and more flexible specifications for f; could be considered, including asym-
metric innovations or combinations of stochastic volatility and heavy tails. Second, a dynamic
specification for the sampling probability w,—for example, via dynamic probit models—
would be a natural extension and could improve forecasting performance. Our simplifying
assumption of constant 7 is convenient but does not reflect real-world observations, such as
the clustering of zeros over time. Moreover, both the 7; process and the volatility process
could be allowed to co-move with the latent count intensity, which may further strengthen
out-of-sample predictive performance, particularly for the zero-inflation component. Finally,
the conditional mean dynamics could be explored further by assessing whether a highly per-
sistent, but mean-reverting, specification outperforms the RW(1) benchmark. Overall, in the
irregular sea border crossings applications studied here, several modeling choices could be
refined to improve log predictive scores or achieve more accurate tail coverage. Nevertheless,
based on our empirical exercises, we are confident that a random walk with persistent, time-
varying volatility provides a useful, simple, and well-performing benchmark framework for
irregular migration processes.

Moreover, our analysis has focused on a univariate setting, but extensions to multivari-
ate count data frameworks could be highly valuable. Potential applications in migration and
border crossing data are numerous. For example, jointly modeling crossings at different Eu-
ropean entry points could enable borrowing strength across borders, border types, and ori-
gin countries when modeling sparse and noisy migration time series. This may also help
to provide new, granular evidence on the impact of differentially restrictive visa and migra-
tion enforcement regimes on changes in migration routes and preferred destinations and on
switching from legal to illegal modes of crossing borders (Czaika and Hobolth (2016)). Con-
ceptually, we expect that a straightforward multivariate extension of our current model could
provide a useful baseline for multivariate irregular migration dynamics. At the same time,
many applications likely exhibit complex cross-series dependency structures, as we have ob-
served, for instance, in ongoing work on probabilistic modeling of asylum dynamics in the
EU-27.

On a final note, ethical considerations are paramount when developing models in this do-
main. Any predictive approach can be problematic given the risk of dual use or misuse—for
instance, being used to advocate more restrictive border-closure policies or repressive mea-
sures, or exploited by smuggling networks to inform their operations. In our setting, this
risk is relatively limited because we model weekly arrivals at the country level rather than,
for example, daily route-specific departures. Moreover, as discussed above, border crossing
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series are barely point-predictable, which further constrains operational misuse. Ultimately,
these concerns intersect with political choices that reflect societal values and are negotiated
through democratic processes. At the same time, they must be weighed against the potential
benefits of improved preparedness and more effective humanitarian resource allocation, par-
ticularly for sea border crossings. Risks of misuse can be further mitigated through ethical
oversight, strict data protection protocols, and inclusive stakeholder engagement to ensure
that such models serve public safety and humanitarian objectives without undermining indi-
vidual rights.

Significance statement. Irregular maritime migration—or “small boat” crossings—poses
major humanitarian and policy challenges, yet statistical understanding of these flows re-
mains limited. We develop a probabilistic model that captures three key features of weekly
sea arrival data: persistent migration intensity, periods of calm alternating with volatile times,
and occasional weeks with seemingly unexpected zero crossings. Applied to Mediterranean
and English Channel data, we find strong evidence that volatility itself changes over time
in persistent patterns. Our model produces well-calibrated forecasts, including accurate pre-
dictions of rare tail events. This offers a foundation for policy approaches centered on risk
management and preparedness rather than point predictions. The methodology extends to
other nonstationary count time series with zero-inflation.
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