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Abstract
Forecasting refugee migration is challenging, exacerbated by the high dimensional and dynamic nature of its drivers, such
as climatic, economic, and political stressors. This article introduces a novel forecasting framework based on the Dynamic
Elastic Net (DynENet) algorithm, which incorporates a time-varying regularization and a new model selection criterion: the
penalized deviance ratio (PDR). Unlike conventional metrics such as the deviance ratio (DR), which emphasize in-sample
fit, PDR explicitly penalizes model complexity, enhancing generalization in high-dimensional covariate setting. We apply
this framework to forecast asylum-seeker rates (ASR) from Somalia to EU member states, leveraging a comprehensive set
of district-level predictors. Extensive validation demonstrates that PDR-tuned models consistently outperform DR-based
benchmarks in out-of-sample accuracy, reducing average point prediction errors by 40% and improving interval forecasts
by 79%. Furthermore, we demonstrate how the DynENet framework supports explanatory insights at multiple levels—
origin district, destination, and temporal—revealing both persistent and transient nature of migration drivers. The proposed
methodology not only advances forecasting accuracy under high-dimensional covariate conditions but also enhances the
interpretability of complex and evolving migration systems.

Keywords Migration forecasting · Feature selection · Model complexity · Penalized deviance ratio

1 Introduction

Forecasting refugee migration is a critical task, with pro-
found implications for anticipatory humanitarian response
as well as for ensuring safe and orderly migration. However,
building accurate forecasting systems for forced migration
remains a challenge. The drivers of refugee migration are
inherently complex, spanning environmental, political, and
socioeconomic factors, each operating across multiple tem-
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poral and spatial scales. Traditional approaches, particularly
those based on the gravity equation, are often fall short in this
context [1]. While gravity models offer broad insights into
aggregate migration patterns, they fail to capture the crisis-
driven, dynamic nature of forced displacement, resulting in
limited predictive utility. In this article, we propose a novel
machine learning framework designed to model asylum-
related migration as a complex yet explainable system.

Recentmethodological advances have attempted to address
these limitations. In particular, the flow-specific temporal
gravity (FTG)model has been shown to better capture tempo-
ral variation in refugee flows [2]. By exploiting within-dyad
temporal structure, the FTG model improves predictive per-
formance relative to standard gravity-basedmodels. Building
on this foundation, we extend the FTG framework to incor-
porate not only temporal but also spatial heterogeneity in
migration responses. Specifically, we enrich the FTG model
with sub-national, high-resolution covariates, enabling it to
reflect localized shocks and conditions that drive refugee
movements.

Incorporating highly granular spatiotemporal data intro-
duces substantial methodological challenges. It leads to a
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high-dimensional covariate space, composed of numerous
time series potentially associated with refugee flows at vary-
ing lags. This presents a particularly difficult problem in
migration forecasting, where outcome data are typically low
frequency and short in duration. The central challenge, there-
fore, is how to reduce dimensionality effectively without
compromising predictive accuracy.

To address this challenge, we propose a novel feature
selection metric: the penalized deviance ratio (PDR). PDR
extends the traditional deviance ratio (DR) by introducing a
penalty term that discourages overly complex models, thus
enhancing generalization performance in high-dimensional
settings. We apply this framework to the case of refugee
migration from Somalia to the European Union (EU), using
time- and space-varying covariates that capture conflict
intensity, climate variability, and socio-political instability.
While the PDR-based model shows inferior fit on training
data relative to DR, it achieves superior predictive perfor-
mance on unseen data. Crucially, beyond predictive gains, the
model structure selected by PDR offers interpretable insights
into both the empirical signals—such as localized droughts or
violent events—and the conceptual mechanisms, including
delayed responses to shocks and regional spillover effects,
that underpin forced migration. By revealing which features,
locations, and lag structures contribute most to migration
flows, our approach offers not only a forecasting tool, but
also an explanatory lens into the drivers of forced migration.

2 Related work

Traditional migration models grounded in the gravity equa-
tion are foundational for macro-analyses of how bilateral
flows relate to economic and sociopolitical indicators in both
origin and destination countries.More recently, thesemodels
have been extended to incorporate climate and environmental
variables (see, e.g., [3–7]). While they remain foundational
for understanding broad patterns of migration [8, 9], gravity-
based models struggle to capture the complexity of forced
migration and often perform poorly in forecasting contexts.

Rooted in the random utility framework, gravity models
typically assume that migrants are forward-looking, utility-
maximizing agents who move voluntarily in pursuit of better
opportunities or improved living conditions. However, this
assumption has been challenged by the literature on involun-
tary immobility, which highlights that many individuals lack
the capability or resources to migrate, even when faced with
existential threats [10–16]. Thesemodels also tend to impose
homogeneous parameter estimates across dyads, leading to
exaggerated or overly generalized conclusions about migra-
tion responses to economic changes [8, 9, 17–20], as well as
to variations in climatic conditions [3–7].

Recent studies have demonstrated that when model
parameters are allowed to vary across origin–destination
dyads, the estimated migration responses reveal pervasive
heterogeneity [2, 21]. This heterogeneity reflects contextual
factors such as geographic variation, capability to migrate,
and the influence of migration-related policies [11, 16, 22].
Moreover, the drivers of migration are not static and they
evolve over time. Abrupt events like conflict or natural dis-
asters can generate sudden displacement, while slower-onset
phenomena such as environmental degradation may lead
to gradual and persistent mobility trends. Current models
largely ignore these temporal distinctions, assuming stable
parameter estimates and overlooking the transient or endur-
ing nature of migration responses.

In addition to these limitations in explanation, traditional
models are also weak in prediction. Many introduce fixed
effects to adjust for time-invariant flow characteristics (e.g.,
cultural or geographic proximity), but these so-called fixed-
effects gravity models are not designed for forecasting [1, 2].
Although some studies have used such models for forward-
looking projections, their predictive validity is questionable
[3, 16]. These practices risk reinforcing deterministic narra-
tives of ‘mass’ migration, which may be misinterpreted in
policy and media discourse [23, 24].

To address the shortcomings of the migration models dis-
cussed above, we identify three key avenues for methodolog-
ical advancement. First, models need to be parameterized in
a less restrictive fashion such that they can account for non-
uniform and non-spontaneous mobility responses. Second,
models need to be more adaptive such that they can cap-
ture temporal dynamics of migration drivers—time-varying
relationships between predictors and migration outcomes.
Third, implementing rigorous validation to ensuremodels are
robust and reliable in out-of-sample forecasting. Our work
contributes to each of these areas.

Our approach builds on the dynamic elastic net (DynENet)
algorithm, recently proposed for forecasting asylum-related
migration [25], and extends it in three important ways. First,
we introduce a new regularization-based model selection
criterion—the Penalized Deviance Ratio (PDR)—to guide
hyperparameter tuning in DynENet. This method addresses
the challenge posed by high-dimensional time-series data
with short outcomehistories, helping reduce overfittingwhile
preserving predictive performance. Second, we expand the
DynENet model estimated in [25] by adding a layer of cli-
mate indicators derived from satellite imagery. This addition
allows us to further investigate how refugee migration may
be driven by environmental stressors. Third, we aggregate
predictors at the sub-national instead of country-level. This
increased spatial resolution allows us to test DynENet’s abil-
ity to handle high-dimensional covariates; it also provides
additional insights into how the magnitude of migration
drivers may vary within a country of origin—source of het-
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erogeneity that has been largely overlooked in the existing
literature on international migration.

3 A framework for migration forecasting
with high-dimensional covariate space

Asdiscussed at the outset, traditional gravitymodels are inad-
equate in forecasting future migration flows due to restrictive
assumptions posed on model parameters. Specifically, those
models assume migration drivers to be homogeneous across
contexts (countries). Under such assumptions, models can-
not effectively explain or predict the temporal dynamics of
migration outcomes [1, 2].

To address this shortcoming, we impose fewer restrictions
on model parameters and specify our model as:

Yi,t = b0,i +
K∑

k=1

T−1∑

θi=1

bθi
k,i L

θi Xk,i,t + εi,t (1)

where Yi,t denotes the migration flow between an origin–
destination dyad i at time t ; Lθi Xk,i,t represents the k-th
predictor at lag θi ; T is the length of the time series; and
εi,t is a normally distributed error term with zero mean and
constant variance.

Equation (1) comprises multiple time-series models strat-
ified by dyad and is known as the flow-specific temporal
gravity (FTG) model—a new class of migration models
designed to capture temporal migration patterns more accu-
rately [2]. In FTG, model parameters vary across flows i ,
isolating spatial correlation and relying on temporal varia-
tion for identification.

Since the covariate space spans K × (T − 1) dimensions,
estimating Eq. (1) can be challenging, particularly for large
K and small T . We address this challenge through a six-step
framework (Fig. 1):

Step 1: Data preparation

Develop time-series indicators from structured and unstruc-
tured data (e.g., satellite imagery, global news), convert them
into tabular format, and alignwithmigration flow time series.

Step 2: Lead–Lag analysis

To reduce the dimensionality of the covariate space, we per-
form an initial selection of predictors before mapping them
into the DynENet algorithm. Specifically, following [25], we
use the lead–lag analysis to (i) select the predictors that have
significant correlations with the Yi,t and (ii) find the optimal
lag length for each selected predictor.

The lead–lag approach is considered a robust alternative to
the Granger causality test [26]. It uses the Hayashi–Yoshida
estimator to evaluate the correlations between xt and yt+θ

and to find the optimal lag θ̂ by maximizing the contrast
function with respect to θ [27–30]. Let θ ∈ (−δ, δ) be time
lags between predictor xt and outcome yt , and let Us(θ) be
a contrast function. The optimal lag θ̂ is estimated as:

θ̂ = argmax−δ<θ<δ|Us(θ)| (2)

If θ̂ > 0, xt leads yt by an amount of θ̂ , and conversely
if θ̂ < 0, xt lags yt by an amount of θ̂ . A statistical test is
performed to assess whether θ̂ is significantly different from
zero. Moreover, when θ̂ > 0 and θ̂ < 0 are both signifi-
cant, the lead–lag-ratio (LLR) test is performed to determine
whether the lead or lag effect dominates.

In our framework, we use the yuima R package [31]
to select predictors to be mapped into the DynENet model
and to identify the optimal lag of each selected predictor.
Specifically, for a given predictor xt−θ̂ to be selected, it needs
to satisfy: (i) xt leads yt ; (ii) the corresponding lead–lag ratio
(LLR) for θ̂ > 0 relative to θ̂ < 0 is greater than 1; and (iii)
θ̂ > 0 is significant at 95% confidence level.

Given the lead–lag analysis, Eq.(1) is reduced to K dimen-
sions in the covariate space:

Yi,t = b0,i +
K∑

k=1

bk,i L
θ̂k,i Xk,i,t + εi,t (3)

where θ̂k,i is estimated by the contrast function Eq. (2) for
each dyad flow i and predictor k.

Step 3: DynENet hyperparameter tuning

Weuse theDynamicElasticNet (DynENet) [25],which regu-
larizes regressionover rollingwindows. Its objective function
is:

min
βi

{
1

T

T∑

t=1

L(Yi,t , Xi,tβi ) + λi

2

[
(1 − αi )β

2
i + 2α|βi |

]}

(4)

where Xi,tβi = b0,i + ∑K
k=1 bk,i L

θ̂k,i Xk,i,t . T is the length
of time-series data, L(.) is a loss function, λi determines
the magnitude of penalty on βi , and αi is a mixing factor
determining the fraction of penalty applied to β2

i and to |βi |,
respectively.

Equation (4) combines two types of penalized regression:
Ridge and LASSO (Least Absolute Shrinkage and Selection
Operator). For αi = 0, Eq. (4) is a Ridge regression which

will shrink the coefficients through the penalty factor
λi

2
β2
i .
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Fig. 1 Methodological
framework

For αi = 1, Eq.(4) becomes a LASSO regression, which will
zero out the coefficients through the penalty factor λi |βi |.
When αi = 0.5, the model becomes the DynENet with half
Ridge and half LASSO regression. This mix is considered a
good compromise in terms of prediction and interpretation
[25].

We set αi = 0.5 and tune λi over a predefined grid for
each rolling window using a new metric, penalized deviance
ratio (PDR):

PDRi,w =

⎡

⎢⎢⎢⎣1 −
∑Tw

tw=1

(
Yi,tw − ̂Yi,tw

)2

∑Tw

tw=1

(
Yi,tw −

∑Tw
tw=1 Yi,tw
Tw

)2

⎤

⎥⎥⎥⎦

×Tw − 1 − ki,w
Tw − 1

(5)

where Tw is the length of the training data within each fold,
ki,w is the number of selected features for each flow in each
fold.

In essence, PDRi,w measures the fraction of null deviance
in Yi,tw (i.e., the sum of squared deviations from the uncondi-
tional mean of Yi,tw ) explained by the model after adjusting
for the number of selected covariates ki,w. The metric is a
decreasing function of ki,w, and hence, the deviance ratio
is penalized when model complexity increases. The optimal
λi,w is chosen from the tuning regression that produces the
highest value of PDRi,w.

The tuning procedure described above aims to prevent
the migration model from overfitting, enhancing its predic-
tive accuracy. Specifically, the optimized λi,w balances the
trade-off between model complexity and training fit, which
is critical for our model to make stable and robust extrap-
olation into possible futures. Moreover, the rolling window

design for tuning λi,w is valuable for uncovering how the
complexity of asylum-related migration systems may evolve
overtime. In particular, when λi,w changes, the number of
predictors (i.e., migration drivers) retained as well as their
weights may vary accordingly.

Step 4: Model selection

Once the optimal λi for each flow is found, we store its cor-
responding model features and weights, i.e., the estimates of
bk,i and b0,i in Eq.(3).

Step 5: DynENet forecastingmodel testing

The performance of the best-tuned model is evaluated by
comparing its predictions against the observed values in the
testing set. We use two metrics: sum of squared errors (SSE)
and prediction interval score (IS).

SSE assesses how well the point predictions made by
Eq. (3) may resemble the actual outcomes:

SSEi =
T∑

t=1

(Yi,t − Ŷi,t )
2 (6)

Prediction IS assesses the quality of probabilistic fore-
casts, by assigning a numerical score based on the predictive
distribution and on the actual data points of the outcome
[32]. Considering the prediction interval of Ŷi,t to be at
(1−α)×100% confidence level, the upper and lower bounds
of predictive quantiles are Q1−α/2(Ŷi,t ) and Qα/2(Ŷi,t ),
respectively, and the IS for the predictive interval is defined
as:

ISα

(
Q1−α/2(Ŷi,t ), Qα/2(Ŷi,t ); Yi,t

)
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= (
Q1−α/2(Ŷi,t ) − Qα/2(Ŷi,t )

)+
2/α

(
Qα/2(Ŷi,t ) − Yi,t

)
I

(
Yi,t < Qα/2(Ŷi,t )

)+
2/α

(
Yi,t − Q1−α/2(Ŷi,t )

)
I

(
Yi,t > Q1−α/2(Ŷi,t )

)
(7)

where I(·) is an indicator function equals to 1 if the condition
is true, 0 otherwise.

Step 6: Explanatory and predictive analytics

A unique feature of our proposed framework is that it can
not only provide a tool for predictive analytics based on a
rigorously tested model in Step 5, but also offer insights into
how the importance of different migration drivers may vary
across time and space based on Step 3.

For predictive analytics, our approach may provide both
point and interval forecasts. The probabilistic interval of pre-
dictions can be obtained through a bootstrapping procedure.
Specifically, for each flow i and for S forecasting steps, we
can draw S residuals from the training set, assuming the
residuals are independent over time. These residuals are then
added to Ŷi,t .

˜Yi,t+s = ̂Yi,t+s + ε̃i,t+s, ε̃i,t+s
i.i.d.∼

Uniform
({ε̂i,1, ε̂i,2, . . . , ε̂i,T }) (8)

where ε̂’s are residuals from Eq. (3), and T is the length of
each flow’s time-series in the training set.

Repeating this procedure for many times yields a sample

of ˜Yi,t+s , and the Qα/2(˜Yi,t+s) and Q1−α/2(˜Yi,t+s) of the

sampled ˜Yi,t+s constitute the (1 − α) × 100% prediction
interval.

The rolling window cross-validation procedure in Step 3
provides a basis for explanatory analytics. Specifically, the
flow-specific and time-varying weights allow us to inves-
tigate how migration responses to different factors varied
across origins and destinations as well as over time. We
also construct an importance-frequency (IF) space to analyze
the relationship between the relative importance of predic-
tors and how often different covariates are selected by the
DynENet model.

In our framework, we define the relative importance of
predictors as:

Ranki,k = 1

W

W∑

w∈W

vipw,k,i∑
k vipw,k,i

(9)

wherew is an index for each rollingwindow or fold, andW is
the total number of folds. vipw,k,i is the variable importance

of a given predictor L θ̂k,i Xk,i,t in Eq. (3). It quantifies how
much a model’s performance would change if the effect of

a selected predictor is removed through permutation of the
predictor values [33].

The frequency of a predictor being selected is defined as:

Freqi,k = 1

W

W∑

w∈W
I(bw,k,i �= 0) (10)

where w is an index for each rolling window or fold, and W
is the total number of folds. I(·) is an indicator function equal
to 1 if the parameter bw,k,i in Eq. (3) is nonzero, 0 otherwise.

4 Case study: Somalia-EU refugeemigration

In this section, we demonstrate the application of our pro-
posed framework using a case study on refugee migration
from Somalia to the European Union (EU). While the frame-
work is broadly applicable across migration contexts, we
focus here on this specific case to manage the computational
demands of processing high-resolution spatiotemporal satel-
lite data. Somalia faces severe development challenges, with
approximately 72% of the population living below the inter-
national poverty line of $2.50 per day [34].More urgently, the
country has been increasingly affected by extreme weather
events, which undermine fragile, agriculture-based liveli-
hoods and contribute to widespread food insecurity and
human displacement.

4.1 Data preparation

This case study integrates multiple data sources. To capture
climatic conditions, we process gridded remote sensing data
and derive two key indicators:

1. Standardized Precipitation and Evapotranspiration Index
(SPEI): a normalized index measuring the intensity of
extreme climate conditions [35]. A value of +1 or −1
denotes wet or dry conditions one standard deviation
from the mean. Unlike single metrics (e.g., temperature
or rainfall), SPEI captures the net water balance between
precipitation and evapotranspiration.

2. Soil Moisture Index (SMI): derived from satellite obser-
vations from theEuropeanSpaceAgencyClimateChange
Initiative Soil Moisture Climate Copernicus. It measures
the water content in soil layers, critical for understanding
agricultural stress.

Both indices are aggregated at the district level across
Somalia. Due to resource constraints, we process historical
data from January 2016 to December 2020. Thus, our anal-
ysis is limited to this 48-month window, and all other data
described below are aligned to this time frame.
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To assess conflict, economic, and sociopolitical condi-
tions, we use the Global Database of Events, Language,
and Tone (GDELT).1 GDELT collects global news data and
classifies events into 316 categories based on the CAMEO
codebook [36]. Following [25], we group these into five
macro-categories:

• GD:Political
• GD:Social (unrest)
• GD:Conflict
• GD:Economic
• GD:Governance

Event intensity is quantified using the Goldstein scale,
which assigns numerical scores to events ranging from −10
(highly conflictual) to +10 (highly cooperative). Positive
values reflect peaceful actions (e.g., treaty signing), while
negative values indicate hostile actions (e.g., military attack).

To capture the stringency of immigration policies in dif-
ferent EU member states, we compute the recognitions rate
defined as the number of positive decisions as a fraction
of total asylum applications. The data for computing these
statistics are obtained from EUROSTAT. Moreover, fol-
lowing [25], we also include the number of illegal border
crossings (ibc) fromSomalia to theEUexternal borders, from
the Frontex Migratory Map.

The dependent variable is the monthly asylum-seeking
rate (ASR) of Somali nationals to EU countries, measured
as the number of first-time asylum seekers per 1,000 peo-
ple remaining in Somalia. This is calculated using monthly
asylum application data from EUROSTAT, normalized by
Somalia’s population from the World Bank. To match the
satellite data time frame, we restrict analysis to January
2016–December 2020. Some EU countries are excluded due
to excessive missing values or insufficient ASR variability.

We focus on asylum applications (rather than general
migration statistics) for two reasons: (i) Higher temporal
resolution (monthly) enables the use of time-series forecast-
ing via DynENet and (ii) Refugee migration is central to
ongoing EU asylum policy debates, particularly since the
2015 refugee crisis [3]. Figure 2 illustrates ASR trends for
Somali nationals across EU destinations. Between January
2016 and December 2019, Germany (DEU) received the
highest number of applications, followed by France (FRA)
and Italy (ITA). Notably, the peaks of asylum requests vary
by destination, suggesting that the drivers of asylum flows to
different EU member states are not homogeneous. As noted
earlier, this justifies the use flexible models like DynENet
that accommodate flow-specific parameters.

1 https://www.gdeltproject.org

4.2 Preprocessing for modeling

Before training, all data are preprocessed as follows:

• ASR Transformation: Monthly ASR is first transformed

as ASR = Nasylum + 1

Norigin + 1
to ensure ASR ∈ (0, 1]. It is

then log-transformed using the natural logarithm.
• Covariate Aggregation: All predictors are aggregated to
monthly frequencies to match ASR.

• Normalization of Predictors: Each time series xt is nor-
malized via:

1. Translation: x ′
t = xt − mint (xt ) (ensures all values

are positive)
2. Normalized growth trends:

x ′′
t = (x ′

t + max(x ′
t ) × 0.01)

(x ′
1 + max(x ′

t ) × 0.01)
− 1

Finally, to evaluate forecasting performance, the dataset is
partitioned into training and testing sets, separated by a ver-
tical line in Fig. 2. In what follows, we demonstrate how our
DynENet model can identify temporal and spatial patterns
in climate, conflict, economic, and socio-political drivers of
Somali refugee migration to various EU destinations, as well
as the model’s ability to forecast possible futures.

4.3 Cross-validation

To search for the optimal hyperparameter λi in Eq. (4), we
apply cross-validation by partitioning the data as shown in
Fig. 3. The total data span is 48 months, of which the last 6
months are reserved for testing (see Fig. 2). The training set
contains 42 months of data, which are further divided into 10
folds (sub-periods) with varying length.

4.4 Lead–lag analysis

For each training fold, the algorithm starts with a lead–lag
analysis using the contrast function inEq. (2). This step effec-
tively reduces the dimensionality of covariate space in Eq.
(1) by:

• Pre-select predictors that exhibit statistically significant
correlations with the asylum-seeking rate (ASR); and

• Determine the optimal lag length for each selected pre-
dictor.

Figure 4 depicts the correlations between pre-selected
predictors and ASR for each EU destination. These cor-
relations are averaged across all cross-validation folds (as
shown in Fig. 3) and aggregated over all administrative dis-
tricts within Somalia. The heatmap is structured by variable
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Fig. 2 Trends in monthly
asylum-seeking rate in the EU
for Somali nationals, Jan.
2016–Dec. 2019

Fig. 3 Rolling origin
cross-validation scheme

categories, including climatic (e.g., SPEI and soil moisture),
socio-economic, political, governance, and conflict indica-
tors, each assessed across multiple temporal lags (L1–L6).

Notably, the figure reveals that correlations between cli-
matic predictors andASRare relativelyweak, suggesting that
climate fluctuations exert limited direct influence on refugee
flows in this context. In contrast, socioeconomic and political
indicators derived from GDELT exhibit stronger associa-
tions, with several variables maintaining moderate positive
or negative correlations across multiple lags. This pattern
implies that governance quality, political stability, and social
dynamics may play a more immediate and sustained role
in shaping refugee migration than environmental stressors
alone.

The heterogeneity of correlations across destination coun-
tries also highlights that the drivers of asylum-seeking behav-
ior are context-dependent: while some destinations exhibit
stronger associations with governance, socio-political, eco-
nomic and/or conflict indicators, others display weaker or

even inverse relationships. These findings underscore the
importance of integrating adaptive modeling approaches to
account for diverse nature and temporal dynamics of human
mobility.

4.5 Hyperparameter �

We tune λi via a grid search, which is defined as λs =
exp(−5/59 × s), where s ∈ [0, 1, 2, ..., 49]. This results in
50×10 Elastic Net regressions for each flow, yielding a total
of 500 λi values and corresponding model specifications.

The relationship between the training performance—
measured by PDRi,w—and the 500 λi values can be non-
linear. From Eq. (5), PDRi,w is a decreasing function of
the number of selected features ki,w, ceteris paribus. This
implies a positive relationship between PDRi,w and λi , as
higher λi values lead to fewer selected predictors, thereby
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Fig. 4 Correlations between
pre-selected predictors and ASR
(averaged across training folds
and districts in Somali)

reducing ki,w. However, the standard deviance ratio (DR)2

tends to decrease monotonically with increasing λi in the
training set, because stronger L1 penalization (with fixed
L2 penalty) enforces greater sparsity and reduces model fit.
These properties suggest a potentially concave relationship
between PDRi,w and λi .

Figure 5 illustrates how both the standard DR and PDRi,w

vary with respect to λi . Each point represents an Elastic Net
model from the grid search. As anticipated, the standard DR
(shown as red circles) declines monotonically with λi , while
PDRi,w (shown as blue circles) exhibits a concave shape.

Notably, the optimal λi values selected by maximizing
PDRi,w are systematically larger than those chosen by the
standard DR. This implies that our proposed metric favors
sparser, more parsimonious models relative to traditional
DR-based selection.

2 The standard deviance ratio is given by:

DRi,w = 1 −
∑Tw

tw=1

(
Yi,tw − Ŷi,tw

)2

∑Tw

tw=1

(
Yi,tw − 1

Tw

∑Tw

tw=1 Yi,tw
)2

4.6 Training and testing performance

To examine the effect of our proposed PDR metric on model
performance, we compare its prediction errors with a bench-
mark model tuned using the standard deviance ratio (DR)
metric. Both models are trained on data up to June 2019,
with the subsequent six months reserved for evaluating fore-
casting performance. Figure 6 presents the performance of
the PDR model relative to the DR benchmark. A negative
value indicates superior performance of the PDR model.

Panel (a) reports the percentage differences in the Sum
of Squared Errors (SSE) for point predictions, computed
according to Eq. (6). Across all EU destinations, the PDR
model exhibits a significantly worse fit on the training data.
This outcome is expected, as shown in Figure 5, since the
PDR-tuned λ tends to be higher, resulting in sparser models.
However, in the testing set, the PDR model mostly outper-
forms the DR benchmark, delivering lower point prediction
errors. These contrasting performances between training and
testing sets suggest that models tuned with the standard DR
are more prone to overfitting.

Panel (b) reports the percentage differences in the predic-
tion interval score (IS), calculated usingEq. (7). Similar to the
pattern observed with SSE, the PDR model yields higher IS
values in the training set, again indicating inferior in-sample
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Fig. 5 Optimal λi

fit. However, in the testing set, the PDRmodel achieves supe-
rior performance in most cases, except for Austria. These
results further reinforce the view that DR-tuned models tend
to overfit, which undermines their generalizability.

In terms of aggregate testing performance, PDR is clearly
favored. As illustrated by the blue bars in Fig. 6, the PDR-
tuned model achieves an average reduction of 40% in point
prediction error and a 79% reduction in interval score, com-
pared to theDR benchmark. This demonstrates the predictive
advantage of the PDR criterion, despite some isolated cases
of under-performance.

4.7 Predictive analytics

We construct 95% prediction intervals using Eq. (8). Fig-
ure 7 illustrates the models’ ability to reproduce the trends
in asylum-seeker rates (ASR) from Somalia to the EU and
to individual member states. All values are presented on the
original scale (asylum seekers per 1000 Somali population),
having been exponentiated from the log-transformed model
estimates.

The top panel displays the aggregate ASR to the EU,
while subsequent panels disaggregate the trends by desti-
nation country. The vertical dashed line marks the boundary
between the training and testing sets, with the forecasting
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Fig. 6 Difference in training
and testing errors between
DynENet and Benchmark
AR(1) models

target corresponding to the final six months of the sample
period (July–December 2019).

The PDR-selected models yield point forecasts that are
more stable and exhibit reduced variability relative to the
benchmark. This reflects strongerL1penalization and greater
sparsity in the DynENet model under the PDR criterion.
As expected, this leads to a poorer fit during the train-
ing period, but substantially enhances predictive accuracy
out-of-sample. These results underscore the PDR metric’s
effectiveness in managing the bias–variance trade-off.

Additionally, the wider prediction intervals produced
by the PDR model reflect a higher level of epistemic

uncertainty—driven by larger residuals—and result in impr-
oved empirical coverage. While this comes at the cost of
increased interval width, the net effect is a reduction in the
prediction interval score (IS), as defined in Eq. (7). The
improved coverage outweighs the width penalty, leading to
more accurate and reliable probabilistic forecasts.

4.8 Explanatory analytics

The cross-validation scheme illustrated in Fig. 3 implies that
parameter estimates may vary over time. Moreover, since
models are estimated for individual flows—each representing
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Fig. 7 Predicted vs. observed asylum-seeking rate

migration from Somalia to a specific EU country, parameter
values for the same predictor may differ across destinations.
This flexible and adaptive structure offers nuanced insights
into the spatiotemporal dynamics of migration drivers.

To guide interpretation, we distinguish three levels of
model parameters:

• Level I: A destination-district-specific and time-varying
parameter captures how migration intensity to a specific
EUdestination responds to changes in a district-level pre-

dictor (e.g., howASR from Somalia to Germany changes
in response to soil moisture conditions in the district of
Eyl).

• Level II: A district-specific and time-invariant parameter
reflects how overall migration to the EU responds, on
average, to changes in a district-level predictor (e.g., how
ASR from Somalia to the EU is affected by changes in
soil moisture in Eyl).

• Level III:Adestination-specific and time-varyingparam-
eter captures how migration to a specific EU destination
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responds, on average, to changes in a predictor across
all Somali districts (e.g., how ASR from Somalia to
Germany is affected by soil moisture changes across
Somalia).

Unlike standard least squares regression, DynENet does
not yield conventional statistical significance levels. Instead,
it uses LASSO-based shrinkage to retain only the most
predictive covariates. We thus interpret nonzero (retained)
coefficients as indicators of statistically important migration
drivers.

Level II: district-specific and time-invariant parameters

By aggregating Level I parameters across destinations and
time, we derive Level II parameters that characterize how
migration responses vary across districts in Somalia. These
metrics enable the identification of potential "hotspots" of
forcedmigration sensitivity. Figure 8 displays the spatial dis-
tribution of average coefficients describing the relationship
between local stressors and Somalia–EU refugee migration.
The maps visualize how changes in conflict, economic, gov-
ernance, political, social, soil, and climatic (SPEI) conditions
relate to asylum flows to the EU. Red/green shades, respec-
tively, denote positive and negative migration responses to
adverse local conditions, while white or pale yellow areas
indicateweak or negligible relationships (i.e., near-zero coef-
ficients).

A key pattern is that political and conflict-related vari-
ables yield a higher number of nonzero coefficients (N.Dist),
suggesting that these factors are more frequently associ-
ated with migration dynamics compared to other covariate
groups. However, their average magnitude of these coeffi-
cients (Avg.Coef ) remain modest, indicating that although
such factors are spatially widespread, their overall influence
on migration intensity is limited. This points to a complex
interplay between local instability and migration potential
rather than a simple causal relationship.

Figure 8 further reveals pronounced spatial heterogene-
ity. Coefficients for the same predictor often differ in both
sign and magnitude across districts. This implies that similar
stressors may operate as either "push" or "trapping" forces
depending on local context. For example, intensified conflict
in Burao appears positively associated with asylum flows,
whereas in areas such as Bosaso or Hobyo, conflict corre-
lates negatively with refugee migration, possibly reflecting
mobility constraints, differing livelihood strategies, or the
protective effects of social and family networks.

Overall, these patterns suggest that in many Somali dis-
tricts, deteriorating conditions do not automatically translate
into increased refugee movements. Instead, they align with
the concept of resource-constrained immobility, whereby
worsening sociopolitical or environmental circumstances

limit individuals’ ability to migrate rather than motivating
displacement [12, 14, 16]. This underscores the importance
of considering not only the presence of adverse conditions
but also the underlying capacities and constraints that shape
migration responses across heterogeneous local contexts.

Level III: Destination-specific and time-varying parameters

By employing a rolling-origin cross-validation design (as
illustrated in Fig. 3), the estimated parameters explicitly
account for temporal variation. This dynamic modeling
framework allows for a fine-grained examination of how
migration drivers evolve over time rather than assuming
static relationships. Figure 9 displays the resulting Level III
coefficients, capturing time-dependent associations between
predictor variables and asylum-seeker rates (ASR) for each
EU destination.

The results reveal pronounced temporal and spatial het-
erogeneity even though the analysis focuses on a single-
origin country (Somalia) and a single migration stream
(refugee movements). Such variation underscores the com-
plex and context-contingent nature of forced migration
systems, where the relevance and magnitude of different
drivers fluctuate over time and across receiving countries.
For instance, while conflict indicators frequently emerge as
significant and positively associated with refugee outflows,
their intensity and persistence vary across destinations, sug-
gesting that geopolitical shocks and instability in Somalia
are consistently influential but mediated by country-specific
reception dynamics.

This temporal heterogeneity allows us to make a dis-
tinction between persistent and transitory migration drivers.
Persistent drivers are those that recur across multiple time
windows,maintaining stable predictive power throughout the
observation period. In this case, conflict intensity and gov-
ernance instability fall into this category, highlighting their
role as structural determinants of Somalia–EU refugee flows.
These drivers reflect deep-rooted vulnerabilities under endur-
ing adverse conditions that systematically shape migration
pressures.

In contrast, transitory drivers are those exhibit intermit-
tent or episodic importance. For example, fluctuations in the
recognition rate (used here as a proxy for destination-country
asylum policy) appear episodic, possibly reflecting shifts in
administrative practices, political climates, or international
protection norms. These results align with prior findings
emphasizing the responsiveness of refugee flows to policy
volatility and the externalization of asylum policy regimes
within the EU context.

The temporal instability and spatial heterogeneity of coef-
ficients across destinations indicate that migration drivers
cannot be generalized uniformly across the migration sys-
tems. Instead, they interact with destination-specific con-
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Fig. 8 Average parameter
estimates by Somali districts

Fig. 9 Average parameter
estimates by sub-periods/folds
and EU destinations
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Fig. 10 Importance–frequency
(IF) space

texts, such as reception capacity, policy frameworks, diaspora
networks, as well as the overall costs associated with the
movement. Such temporal fluidity and multi-scalar nature
of migration drivers underscore the need for more adaptive
models that can capture non-stationary and context-specific
migration processes. DynENet fills this void by offering a
path toward disentangling the structural from the contingent
dimensions of refugee mobility, which has critical implica-
tions for both predictive modeling and policy planning.

Variable importance and frequency (IF) space

To synthesize the spatiotemporal dynamics shown in Figs. 8
and 9 , we construct the importance-frequency (IF) space,
depicted in Fig. 10.

The y-axis shows the average relative importance rank of
each predictor across folds (Eq. (9)), indicating its predictive
power. The x-axis displays the average frequency with which
each predictor is selected (Eq. (10)), indicating its likelihood
of being retained. A frequency of 1 implies consistent selec-
tion; a value of 0 means it was never selected.

This IF space allows classification of migration drivers
into four quadrants:

• High-probability, high-impact Frequently selected and
highly predictive.

• High-probability, low-impact Frequently selected but
weakly predictive.

• Low-probability, high-impact Rarely selected but stro-
ngly predictive when included.

• Low-probability, low-impact Infrequently selected and
weakly predictive.

As most predictors fall in the bottom two quadrants in
Fig. 10, it is evident that the majority of environmental
and societal factors act as low-impact drivers. Furthermore,
no covariates appear in the top-left quadrant, implying an
absence of "black swan" events—rare triggers with large
impacts—during the study period. This finding reinforces
the view that Somali–EU refugee migration is shaped more
by persistent, structural drivers than by episodic shocks.
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5 Conclusions

This paper introduces a novel framework for forecasting
refugee migration that directly addresses the challenges
posed by high-dimensional covariate spaces. Our key inno-
vation is the penalized deviance ratio (PDR), a newmetric for
hyperparameter tuning that extends traditional model selec-
tion criteria to better suit forecasting tasks with sparse, noisy,
and multi-collinear predictors.

Unlike the standard deviance ratio (DR), which tends to
prioritize in-sample fit and can lead to overfitting in high-
dimensional settings, the PDR explicitly balances model
sparsitywith predictive accuracybypenalizingover-paramet-
erization. This makes it particularly well-suited to dynamic
elastic net (DynENet) models, where controlling the bias–
variance trade-off is critical for stable out-of-sample predic-
tions.

Through extensive cross-validation and application to
Somali–EU asylum flows, we demonstrate that PDR-tuned
models outperform DR-based benchmarks in both point and
probabilistic forecasts. Improvements in the prediction inter-
val score are observed across 23 of 24 EU destinations,
underscoring the robustness of thePDRapproach evenwithin
a single-origin case study. The method produces parsimo-
nious and interpretable models that remain stable across
time and destination contexts, effectively mitigating the
challenges of high dimensionality without sacrificing gen-
eralization.

Beyond forecasting, our framework provides new insights
into the drivers of forced migration by leveraging dynamic
regularization to uncover persistent and transitory migra-
tion determinants at multiple spatial levels. This dual focus
on predictive performance and interpretability marks a sub-
stantive advancement in the methodological approaches for
migration modeling.

We acknowledge, however, that the empirical scope of this
study is limited to a single-origin country. This constraint
reflects the considerable computational demands of process-
ing and harmonizing gridded remote sensing datasets at high
temporal and spatial resolution. Expanding the analysis to
include multiple origin contexts would require substantial
data-processing capacity that exceeds the resources currently
available and is planned for future work. Nevertheless, even
within this constrained design, the strong and consistent
predictive improvements achieved across nearly all EU des-
tinations suggest that the advantages of the PDR are not
case-specific but rather indicative of its general applicability
to other migration and forecasting domains.

In sum, the penalized deviance ratio and the accompa-
nying high-dimensional forecasting framework represent a
robust, interpretable, and generalizable approach for ana-
lyzing and anticipating migration flows in an increasingly

complex world, where human mobility is shaped by a web
of interrelated and often opaque factors.
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