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ABSTRACT: Forecasting international student mobility supports institutional
planning, education policy and equitable internationalization, but evidence is
limited on whether artificial intelligence outperforms temporal benchmarks. This
study develops GlobalStudent-AI, a horizon-dependent framework using 9,987
observations from 159 countries across one- to six-year horizons. Models were
selected on 2021-2023 data and tested on an untouched 2024 confirmation year.
Baselines were compared with direct and persistence-residual machine-learning
models using error metrics, clustered bootstrap confidence intervals, adjusted
significance tests, ablation, robustness checks and conformal uncertainty.
Machine learning offered no reliable one-year advantage, but the benefits
increased with increasing horizon. At six years, persistence-residual extra trees
reduced the mean absolute error from 3.77 to 2.34, a 38.02% improvement.
Overall, artificial intelligence was most effective for medium- and long-term
forecasting.

Keywords: international student mobility, artificial intelligence, international
higher education, global student flows; multihorizon forecasting.

INTRODUCTION

International student mobility has become a significant component of
contemporary higher education, shaping institutional internationalization,
national skills strategies, knowledge exchange and the circulation of human
capital. With respect to destination countries, international students contribute to
sustainability, academic diversity, research capacity and regional economic
activity. For sending countries, overseas study can expand access to specialized
education and international networks, although it may also intensify inequalities
in educational opportunity and raise concerns regarding talent retention (Chalil &
Hoque, 2026; Gribble, 2008; Areesophonpichet et al., 2024). The scale and
direction of international student flows are therefore relevant not only to
universities but also to governments, funding bodies, immigration authorities and
organizations responsible for housing, student support and workforce planning.

International student mobility is influenced by interconnected conditions in
both origin and destination countries. Established push—pull perspectives suggest
that limited domestic educational capacity, economic uncertainty and limited
employment opportunities may encourage outward mobility, whereas educational
quality, institutional reputation, economic stability, research opportunities and
perceived career prospects may attract international students to particular
destinations (Doda et al., 2024). Empirical research has further identified the
importance of income differences, higher education participation, linguistic and
geographic proximity, migration networks and policy conditions in shaping
international student flows (Weber & Van Mol, 2023). More recent studies have
extended this perspective by examining sustainability, climate readiness,
destination attractiveness and the broader social and economic consequences of
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international mobility (Shields & Lu, 2024). These findings indicate that mobility
patterns emerge from dynamic relationships among historical, educational,
economic, demographic and policy-related factors rather than from a single
determinant.

The capacity to forecast these patterns has practical importance. Universities
must make decisions concerning recruitment, accommodation, teaching capacity
and student-support provision before final enrollment numbers are known.
Governments likewise require forward-looking evidence when developing visa
policy, scholarship programs, internationalization strategies and regional skills
plans. Inaccurate projections can result in underused capacity, pressure on
accommodations and public services, or poorly targeted recruitment expenditure.
Nevertheless, much of the international student mobility literature remains
explanatory or descriptive, with greater attention given to the determinants, spatial
structure and consequences of mobility than to the comparative accuracy of
alternative forecasting approaches.

Existing forecasting research is also limited in terms of geographical and
methodological scope. For example, research has examined student mobility
using origin—destination matrices, network analysis and spatial models, providing
valuable evidence about mobility routes and regional dependencies but not
necessarily testing out-of-time forecasting performance (Ruiz et al., 2026). Recent
European datasets have substantially improved the spatial representation of
Erasmus + mobility, yet these resources primarily support descriptive and
network-based analysis rather than global, country-level forecasting across
multiple future horizons (Viisénen et al., 2025).

Machine learning offers a potential means of modeling the nonlinear and
interacting relationships underlying student mobility. Explainable machine-
learning methods have already been used to predict regional first-year student
movements, with the results suggesting that ensemble models can achieve strong
predictive performance, whereas SHAP values provide insight into nonlinear
predictor contributions. However, strong model fit does not by itself demonstrate
forecasting value. Student mobility indicators often exhibit substantial temporal
persistence, meaning that the most recently observed value may already provide
a difficult benchmark to outperform. A machine-learning model can achieve a
high coefficient of determination while still producing larger forecasting errors
than a simple persistence forecast. Consequently, the relevant question is not
merely whether artificial intelligence can predict international student mobility
but also whether it adds measurable predictive information beyond appropriate
temporal baselines.

This distinction may be particularly important across different forecast
horizons. Short-term mobility is likely to reflect enrollment continuity, existing
institutional partnerships, visa arrangements and recruitment pipelines, all of
which can create considerable inertia. At longer horizons, however, accumulated
changes in economic conditions, digital access, tertiary education participation,
research investment and demographic structure may become increasingly
relevant. The predictive value of machine learning may therefore be horizon
dependent: simple persistence may remain competitive for near-term forecasts,
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whereas models incorporating broader structural indicators may offer greater
value over medium- and long-term periods. Existing international student
mobility research has not adequately tested this proposition through a consistent
global comparison across several forecast horizons.

Recent global research has examined approximately 1.15 million
international student flows and demonstrated that national climate readiness and
vulnerability are associated with the distribution of internationally mobile
students. Such work significantly advances the understanding of global mobility
and supports scenario-based projections. However, explanatory associations and
future scenarios are methodologically distinct from out-of-time forecasting. A
model intended for planning should be evaluated against strong naive
benchmarks, selected without reference to the final test period and accompanied
by uncertainty estimates. Sensitivity to microstates, extreme observations,
incomplete country histories and differences in predictor availability should also
be examined. Without these safeguards, strong performance may reflect temporal
leakage, influential cases or inadequate comparison standards.

This study addresses these gaps by developing GlobalStudent-Al, a
confirmatory multihorizon framework for forecasting inbound international
student shares. The framework integrates international student mobility records
with historical, socioeconomic, demographic, technological and higher education
indicators. Exact calendar-aligned targets are constructed for forecast horizons
ranging from one to six years. Persistence, drift, historical-mean and pooled linear
baselines are compared with direct and persistence-residual machine-learning
models. Model development and selection are conducted using earlier temporal
folds, while the final selected models are evaluated on an untouched 2024
confirmation year. Forecasting performance is assessed using absolute and
squared error measures, persistence-relative skill, country-clustered bootstrap
confidence intervals and paired tests corrected for multiple comparisons. Feature
ablation, robustness analysis, SHAP-based interpretation and split-conformal
prediction intervals are incorporated to evaluate model dependence, predictive
contributions and forecast uncertainty. The validated framework is subsequently
applied to generate uncertainty-aware country-level forecasts for 2027.

The study makes four principal contributions. First, it reframes
international student mobility prediction as an incremental forecasting problem
by testing whether machine learning improves upon persistence rather than
evaluating artificial intelligence in isolation. Second, it introduces a direct,
horizon-specific persistence-residual framework that allows the value of machine
learning to vary across one- to six-year forecasting periods without recursive error
propagation. Third, it combines temporally separated model selection with
country-clustered uncertainty estimation, multiplicity-adjusted statistical testing,
feature ablation and robustness analysis, thereby providing a more rigorous
assessment than reliance on conventional accuracy measures alone does. Fourth,
it develops calibrated country-level forecasts for 2027 and distinguishes expected
changes from statistically secure mobility signals, supporting a more cautious and
policy-relevant interpretation of future international student flows.
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The remainder of this paper reviews the literature on international
student mobility, its principal determinants and existing forecasting approaches.
It then describes the data sources, predictor construction, forecasting models,
temporal validation design, evaluation measures and uncertainty estimation
procedures. The development, confirmation, ablation, robustness, explainability
and 2027 forecasting results are subsequently presented. The findings are
discussed in relation to previous research, with particular attention given to their
implications for international higher education policy and institutional planning.
Finally, the paper summarizes its main conclusions, acknowledges its limitations
and identifies directions for future research.

LITERATURE REVIEW

International student mobility has been examined through several
complementary perspectives, including studies of mobility determinants, spatial
and network analyses, conventional forecasting, and machine-learning-based
educational prediction. These strands have generated substantial knowledge about
why students move, how mobility routes are structured, and which national or
institutional characteristics influence destination choice. However, considerably
less attention has been given to the comparative forecasting value of these factors,
particularly across different time horizons and within a globally heterogeneous
setting.

Determinants of International Student Mobility

Push—pull theory remains a central framework for understanding

international student mobility. It distinguishes conditions that encourage students
to leave their home country from attributes that attract them to a particular
destination (Gbollie & Gong, 2020; Nikou et al., 2025; Mazzarol & Soutar, 2002).
Push factors include limited program availability, restricted domestic educational
capacity, political or economic uncertainty and weak employment prospects. Pull
factors include educational quality, institutional reputation, research
opportunities, linguistic accessibility, employment pathways, immigration
prospects and established migrant or student networks.
Cross-national studies have shown that international student flows are influenced
by economic disparities, geographical and linguistic distance, higher education
capacity, institutional quality and established bilateral relationships (Lin and Gu,
2026). These factors do not operate independently. The attractiveness of a high-
income destination, for example, may depend on tuition fees, immigration policy,
labor market access, research infrastructure and the openness of its higher
education system. More recent scholarship has broadened this perspective by
considering sustainability, environmental resilience and the capacity of countries
and institutions to respond to changing global conditions.

International student mobility is also increasingly affected by disruptions
that are not fully captured by conventional push—pull variables. Changes in visa
requirements, poststudy work opportunities, immigration policy, geopolitical
relations and exchange rates can rapidly alter the relative attractiveness of study
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destinations. The COVID-19 pandemic has demonstrated how border closures,
travel restrictions and uncertainty can interrupt established mobility patterns,
while subsequent recovery has varied across countries and regions. Armed
conflict, economic instability, climate-related disruption and the expansion of
online, hybrid and transnational education may similarly influence whether
students move internationally.

Recent international education research further shows that destination
choice is sensitive to immigration pathways, affordability, career prospects,
perceived safety and changing government policy. Recent studies have
highlighted the importance of poststudy opportunities and institutional conditions,
while evidence from changing visa and immigration policies demonstrates how
policy shifts can disrupt established international enrollment pipelines (Hemati et
al., 2026 ; Crumley-Effinger, 2023). These findings reinforce the need to interpret
mobility as a policy-responsive process rather than as a stable continuation of
historical trends.

Spatial and Network Perspectives

A second strand conceptualizes student mobility as a spatial and

relational system. Studies in this tradition use origin—destination matrices,
network measures, spatial statistics, and geographic visualization to identify
mobility corridors, central destinations, and regional dependencies. Research on
Erasmus mobility has shown that international exchanges form structured
networks rather than isolated bilateral movements. Geographic proximity,
institutional partnerships, historical relationships, and repeated exchange
arrangements can reinforce established routes over time.
Genova et al. (2024) examined student mobility in southern Italy and identified
patterns consistent with cumulative and chain migration. Geolocated Erasmus+
datasets have likewise enabled analysis of mobility at the country, regional, and
institutional levels. Multilayer representations of Erasmus mobility further
demonstrate that the student movement is embedded in evolving institutional and
geographic networks.

These findings are directly relevant to forecasting because they imply
that previous mobility is likely to be a strong predictor of future mobility (Ma and
Zhang, 2022). Established corridors generate information networks, institutional
familiarity, and recurring recruitment patterns, all of which contribute to temporal
persistence. However, spatial and network studies generally prioritize structural
description and explanation rather than out-of-time prediction. They identify
where students move and how mobility systems are organized but rarely test
whether more complex models outperform a simple continuation of the most
recently observed pattern.

Time-Series Forecasting and Scenario-Based Projection

Conventional forecasting studies typically employ autoregressive
integrated moving-average models, exponential smoothing, trend extrapolation,
and cross-correlation analysis. Forecasting international student enrollment has
also been examined using time series methods, which have demonstrated its
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potential value for institutional planning (Chen et al., 2019). Such methods are
transparent and derive predictions primarily from the historical behavior of the
outcome. The relationships among economic growth, higher education expansion,
and international student mobility in Taiwan are analyzed using cross-correlation
and ARIMA-based forecasting (Lo et al., 2022). Their findings indicated that
economic and educational indicators evolve jointly with student mobility and that
conventional time series models can support long-term planning. Recent research
has also applied statistical, deep-learning, and ensemble forecasting models to
African international student mobility, demonstrating the growing relevance of
forward-looking analytical approaches for institutional planning and international
education policy (Shikaa & Igiri, 2026).

The transferability of national forecasting models is nevertheless limited
by variations in higher education systems, migration policy, demographic
conditions, and economic structure. A model developed within one national
context may not be generalizable to a global panel containing countries with
markedly different mobility histories and institutional characteristics. Existing
studies also tend to concentrate on a single forecast period, offering limited
evidence on whether model performance changes across short-, medium-, and
long-term horizons.

Scenario-based studies address future uncertainty differently. Rather
than estimating one expected outcome, they examine mobility under alternative
assumptions concerning policy, economic development, demographic change, or
environmental conditions. For example, (Shields, 2019) investigated potential
future mobility patterns under different combinations of national climate
vulnerability and adaptation readiness. Such work is valuable for strategic
analysis, but scenario construction is not equivalent to confirmatory forecasting.
Scenarios illustrate plausible futures, whereas forecasting evaluation asks whether
a model accurately predicts observations that were not used during its
development.

This distinction is becoming increasingly important in the postpandemic
international education environment. Border closures, changing immigration
rules, uneven economic recovery and shifts in student preferences have shown
that mobility patterns may depart abruptly from historical trajectories. The
expansion of online, hybrid and transnational education may also alter the
relationship between participation in international education and physical
movement across borders. Forecasting systems should therefore be evaluated not
only under relatively stable conditions but also for their ability to accommodate
structural breaks and changing policy environments.

The broader forecasting literature indicates that no model class
consistently dominates across all datasets and horizons. Statistical models may
perform well when temporal relationships are stable, whereas machine-learning
or hybrid approaches may offer advantages when nonlinear relationships and
multiple predictors are important. Consequently, model performance should be
assessed against credible naive and conventional benchmarks rather than inferred
from goodness of fit alone.
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Machine Learning and Explainable Educational Prediction

Machine learning has become increasingly prominent in educational
research, particularly in studies of academic performance, dropout, retention,
employability, and student success (Hammoudi Halat et al., 2023 ; Boujmiraz et
al., 2026). Random forests, gradient boosting, support vector machines, neural
networks, and ensemble approaches can capture nonlinear associations and
interactions that may not be represented adequately by conventional linear
models.

Litmeyer and Hennemann (2024) applied explainable machine learning

to first-year student mobility and reported that ensemble models could achieve
competitive predictive performance, whereas SHAP values supported the
interpretation of nonlinear predictor contributions. Their study demonstrated the
value of combining prediction with interpretability and provided evidence that
mobility decisions may be influenced by complex interactions among contextual
variables.
Nevertheless, much educational machine-learning research remains focused on
individual students, institutions, or domestic regional mobility rather than global
international student flows. In addition, validation procedures do not always
preserve temporal order, creating a risk that future information may indirectly
influence model development. Many studies also compare several algorithms
without determining whether any model improves upon a strong persistence
benchmark. This is particularly important in international education, where visa
regimes, recruitment networks, institutional partnerships, and enrollment
pipelines may create considerable short-term stability.

Similarly, the wider forecasting literature cautions that algorithmic
complexity does not guarantee improved out-of-sample performance. Tree-based
ensembles can represent nonlinear relationships effectively, but their forecasting
value must be demonstrated through temporally ordered validation, comparison
with simple benchmarks, statistical testing, and explicit assessment of uncertainty.
Explainability measures such as SHAP are also most appropriately interpreted as
indicators of predictive contribution rather than evidence of causal influence.

Deep-learning forecasting approaches can capture complex sequential
and nonlinear patterns, but their effectiveness depends on the data volume,
temporal density, architecture, and validation design. Because the present
country-year panel is relatively short, irregular, heterogeneous, and affected by
missing data, extra trees provide a suitable balance between nonlinear modeling
capacity, robustness, and interpretability. The methodological novelty of
GlobalStudent-Al lies primarily in its confirmatory temporal design, horizon-
specific evaluation, persistence-relative modeling, robustness analysis,
multiplicity-adjusted inference, and calibrated uncertainty (Kong et al., 2025).

Synthesis and Research Gap

Taken together, the existing research provides substantial insight into the
determinants, spatial organization, and potential future development of
international student mobility. Determinant-based studies identify relevant
economic, educational, demographic, policy, and environmental conditions.
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Spatial and network analyses reveal persistent mobility corridors and institutional
relationships. Time series and scenario studies demonstrate the value of historical
trends and alternative future assumptions, whereas machine learning studies show
the potential of nonlinear and explainable prediction.

However, these studies remain only partially connected. Explanatory
studies do not establish whether identified determinants improve future forecasts.
Spatial and network studies rarely evaluate the predictive performance of multiple
horizons. National time series studies offer limited evidence of global
generalizability, and scenario-based projections are not direct tests of out-of-
sample accuracy. Existing machine learning studies seldom combine strict
temporal ordering, strong naive benchmarks, horizon-specific evaluation,
statistical inference, robustness analysis, and calibrated uncertainty.

The principal unresolved issue is therefore whether machine learning
adds reliable predictive value beyond temporal persistence in global international
student mobility forecasting and whether that value changes as the forecast
horizon lengthens. Short-term mobility may be dominated by existing enrollment
pipelines, visa arrangements, institutional partnerships, and recruitment practices.
Over longer periods, however, changes in economic capacity, digital connectivity,
higher education participation, research investment, and demographic structure
may become increasingly informative.

The present study addresses this issue through a direct multihorizon
forecasting framework that compares machine learning models with persistence,
drift, historical-mean, and pooled linear benchmarks across one- to six-year
horizons. Model selection is conducted using earlier temporal observations, while
final performance is assessed on an untouched confirmation year. The analysis
further incorporates country-clustered bootstrap confidence intervals,
multiplicity-adjusted statistical tests, feature ablation, robustness analysis, SHAP-
based interpretation, and conformally calibrated prediction intervals. In this way,
the study evaluates not only whether artificial intelligence can forecast
international student mobility but also when it contributes predictive information
beyond established temporal patterns.

METHOD

This study adopted a global longitudinal forecasting design to test
whether machine learning models add predictive value beyond conventional
temporal benchmarks in forecasting inbound international student mobility. The
analytical design was direct, multihorizons and confirmatory: each one- to six-
year target was constructed independently using exact calendar alignment,
candidate models were selected only from temporally earlier development years,
and the final model for each horizon was assessed on an untouched 2024
confirmation set. The complete workflow is summarized in Figure 1.
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Figure 1: Analytical workflow of the global student-Al forecasting
framework.

Data and Variables

International student mobility indicators were obtained from Our World
in Data (UNESCO Institute for Statistics, 2025). The principal outcome was the
inbound international student share, defined as the percentage of tertiary students
in a country who originated from abroad. The corresponding outbound share was
included as a predictor. The available inbound series covered 1998-2025, while
the outbound series covered 1998-2023.

Country-level socioeconomic, demographic, technological and higher
education indicators were retrieved through the World Bank application
programming interface (World Bank, 2026). The variables included gross
domestic product per capita, internet use, tertiary enrollment, government
expenditure on education, unemployment, urban population, total population and
research and development expenditure. Records were merged by ISO-3 country
code and calendar year. After target construction and eligibility screening, the
analytical panel contained 9,987 exact calendar-aligned forecasting observations
representing 159 countries.

The predictors were organized into historical mobility, socioeconomic-
demographic and higher education domains. Historical features included the
current inbound and outbound shares, one- to three-year inbound lags, a one-year
outbound lag, expanding historical mean and standard deviation, history length,
recent change and acceleration. Gross domestic product per capita and population
were transformed using log(1 + x). Values outside the valid 0—100% range were
treated as missing. The median imputation and missingness indicators were
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estimated within each training fold so that information from the confirmation
period could not influence preprocessing.

Table 1: Data domains, variables and analytical roles

Domain Variables . Role in Source
analysis

Inbound international student Forecast target at
Mobility outcome share horizons of one to six Our World in Data
years

Current and lagged inbound Captures pathway
and outbound shares; historical persistence and
mean; variability; change; recent mobility
acceleration; history count dynamics

Historical mobility Our World in Data

Represents economic

GDP per capita; internet use; capacity, connectivity
’ World Bank

Socioeconomic and
unemployment; urban

d hi . . hi
emographic population; total population and demographic
structure
Tertiary enrollment; education Represents
Higher education expenditure; research and education-system and World Bank

development expenditure research capacity

Forecasting Framework

For country i, base year t and horizon h, the target was the observed
inbound share in year t+ h. Separate targets were generated for h =
1, ...,6through exact country—year matching. This ensured that, for example, a
three-year target always represented a genuine three-calendar-year interval rather
than the third subsequently available observation. The change target was defined
as follows:

Ayitin = Yitrn = Yie (1)
Three simple benchmarks were included. Persistence carried the most recent
inbound share forward unchanged. Drift extrapolated the latest annual change
across the relevant horizon, whereas the historical-mean forecast used the
expanding country-specific mean. A pooled ridge model provided a regularized
linear benchmark. These comparators were necessary because slowly changing
education indicators can yield high model fit even when a learned model fails to
outperform a simple temporal forecast.
Two extra tree formulations were evaluated. The direct model predicted the future
level itself. The persistence-residual model predicted change relative to the
current inbound share and then added a shrinkage-adjusted change estimate to
persistence:

Viern = Vie T Anfrn(Xip)- 2

The residual shrinkage coefficient was selected from 0.0 to 1.0 in increments of
0.1 using an internal validation year. The extra trees used 700 estimators, a
minimum of three observations per terminal leaf and 90% of the available features
at each split. All predictions were restricted to the valid 0—100% range.
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Temporal Validation and Evaluation

For each horizon, the four most recent target years with at least 35
eligible countries were retained. The first three target years—2021, 2022 and
2023—formed development folds, while 2024 was reserved as the untouched
confirmation year. Within each fold, all observations with earlier target years were
used for training, and the latest year within that training period was reserved for
internal validation. This nested temporal structure prevented future observations
from influencing model selection or shrinkage tuning. The untouched 2024
confirmation set included 67, 65, 63, 64, 64 and 59 countries at the one- to six-
year forecast horizons, respectively.
Models were ranked separately for each horizon using the mean development-
period mean absolute error, with the root mean squared error used as a secondary
criterion. The selected model was then frozen and evaluated once on 2024. The
performance is reported as the mean absolute error, root mean squared error,
median absolute error, coefficient of determination, symmetric mean absolute
percentage error, weighted absolute percentage error and bias.

Incremental predictive value was measured using the MAE skill relative

to persistence:
MAEmogel,n

Skill, =1 — 3)

MAEpersistence,h

Country-level absolute errors were compared using paired Wilcoxon signed-rank
tests. The resulting p values were adjusted across the six horizons using the Holm
procedure. Country-clustered bootstrap confidence intervals were generated from
1,500 resamples, with countries sampled with replacement. The analysis reported
median skill, the 95% bootstrap interval and the estimated probability that skill
was positive.

Explainability, Robustness and Forecast Uncertainty

Ablation analysis assessed whether forecasting performance depended
on particular predictor domains. The selected extratrees formulation was re-
estimated using the full feature set, historical features only, socioeconomic
features only, higher education features only and a version excluding explicit
missingness indicators. Each reduced model was assessed for the same
confirmation year.

Robustness was examined by excluding countries with populations
below 100,000, removing observations in the upper 1% of absolute mobility
changes and restricting the sample to countries with at least eight historical
inbound observations. These analyses tested whether the central results were
driven by microstates, extreme changes or limited country histories.

SHAP values were computed for the one-year persistence—residual extra trees
model to identify variables with the greatest predictive contribution. The values
were interpreted as model-based contributions rather than causal effects.

Forecast uncertainty was assessed using gradient-boosting quantile regressors for
the Sth, 50th and 95th percentiles of future change. Raw intervals were
subsequently widened through split-conformal calibration using the latest
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preconfirmation year. Interval performance was evaluated using the prediction
interval coverage probability, mean prediction interval width and Winkler score.

2027 Forecasting Application

After confirmation, the horizon-specific quantile models were re-
estimated using all available labeled observations. Each country’s forecast
horizon was determined by the difference between 2027 and its latest available
inbound-mobility year. Countries with implied horizons between one and six
years were retained, and the analysis produced a median forecast with
conformally calibrated lower and upper bounds.
Potentially emerging mobility signals were screened conservatively. A country
was required to have a below-median current inbound share, an expected increase
in the upper quartile, a positive conformal lower-bound change, an interval width
below the 75th percentile, at least eight historical observations and a population
of at least 100,000. These criteria distinguished positive point forecasts from
increases supported across the complete calibrated interval.
All the stochastic procedures used a fixed seed of 42, and data acquisition,
preprocessing, modeling and evaluation were implemented through reproducible
Python pipelines. The study used aggregated, publicly available country-level
data and involved no individual-level records, personal identifiers or direct
participation by human subjects. Participant consent was therefore not applicable.

RESULTS

The confirmation results revealed a clear horizon-dependent pattern.
Machine learning did not improve upon persistence at the one-year horizon, but
its relative advantage increased progressively as the forecast interval lengthened.
The greatest gain occurred at six years, when the persistence-residual extratrees
model reduced the mean absolute error by 38.02% relative to that of persistence.
Across all six horizons, the horizon-balanced mean improvement was 14.79%.

Horizon-Dependent Forecasting Performance

W MAE skill over persistence (%)
-4 95% bootstrap interval
0 ~— Confirmation MAE

sa5%

araom

38.02%

MAE skill over persistence (%)

i ¥

1year 2years 3years dyears 5 years 6 years 1 7 3 1
Forecast horizon Forecast horizon (years)

Figure 2 (a): Confirmation-period

MAE skill over persistence, 95% Figure 2 (b): Persistence-relative
bootstrap confidence intervals and ~ MAE skill across one- to six-year
model MAE across forecast forecast horizons.

horizons.
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As shown in Figure 2(a), the forecasting performance improved progressively as
the prediction horizon increased. The model performed slightly worse than
persistence at the one-year horizon, with negative MAE skill, but achieved
positive improvements from two years onward. The greatest gains occurred at the
five- and six-year horizons, where the MAE skill reached 24.96% and 38.02%,
respectively. The bootstrap confidence intervals indicate greater uncertainty at
shorter horizons, whereas the longer-horizon improvements were more clearly
separated from zero. The line plot also shows that the confirmation MAEs
increase with the forecast horizon, reflecting the greater absolute difficulty of
predicting outcomes further into the future.

The persistence-residual extra trees model was selected during
development at every horizon. Its performance on the untouched 2024
confirmation set is summarized in Figure 2 (b). At one year, the model performed
slightly worse than persistence did. Small positive gains appeared at two to four
years, followed by substantially larger improvements at five and six years. This
pattern indicates that recent mobility levels were difficult to outperform in the
short term, whereas socioeconomic, demographic and historical information
became more useful over longer intervals.

The statistical analysis supported the horizon-dependent pattern. The
bootstrap confidence intervals included zero at horizons one to four, indicating
uncertainty regarding improvement over persistence. At five years, the estimated
skill was positive, and the bootstrap interval excluded zero; however, the paired
Wilcoxon test was not statistically significant after the Holm correction for
multiple comparisons. At six years, the bootstrap interval was entirely positive,
and the Holm-adjusted Wilcoxon test confirmed a statistically significant
improvement over persistence.

Table 2: Principal confirmation findings

F .
ore cast Interpretation

horizon

1 year No improvement over persistence

24 years Modest but statistically uncertain gains

5 vears Substantial numerical improvement, but not significant after
y multiplicity correction

6 years 38.02% lower MAE than persistence; statistically significant

and bootstrap-supported

The secondary error measures were consistent with this conclusion. The strongest
long-horizon model maintained high explanatory accuracy and near-zero bias,
indicating that its improvement was not produced by systematic overprediction or
underprediction. Full MAE, RMSE, MedianAE, (R"2), sSMAPE, WAPE and bias
values are provided in the supplementary results.
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Feature Contribution and Robustness

The feature-group analysis revealed that socioeconomic and
demographic variables contained much of the information responsible for the
improvement in the medium- and long-horizon forecasts. As shown in Figure 3,
the socioeconomic-only model matched or exceeded the full model from the one-
to five-year horizons and performed almost as strongly as the full specification at
six years. Historical mobility remained useful, particularly at longer horizons,
whereas the higher-education-only specification produced smaller and less
consistent gains. Removing explicit missingness indicators had a negligible
influence on performance, suggesting that the observed improvements were
driven primarily by substantive predictor values rather than patterns of data

absence.
(A) Predictor-group skill across horizons (B) Six-year comparison

mmm Full model mmm Socioeconomic only

mmm Historical only — mmm Education only
30
cl Socio-
economic
‘ {
l I HI Historical

Education

MAE skill relative to persistence (%)
5]

o

1 2 3 4 5 6 0 10 20 30
Forecast horizon (years) MAE skill (%)

Figure 3: Forecasting skill by predictor group across the six horizons.

Because the ablation models were re-estimated separately for each
predictor specification, the six-year full-model skill shown in Figure 3 differs
slightly from the 38.02% skill obtained by the final frozen confirmation model.
The six-year result remained stable across all sample restrictions. After excluding
microstates, the persistence-relative skill was 41.55%, 38.28% after the upper 1%
of absolute mobility changes were removed and 37.12% when the analysis was
restricted to countries with at least eight historical observations. The similarity of
these estimates to the full-sample result of 38.02% indicates that the principal
finding was not driven by very small countries, influential mobility changes or
limited reporting histories.

SHAP values were examined for the one-year persistence—residual
extratrees model to complement the predictor-group ablation analysis. The current
inbound international student share made the greatest predictive contribution to
the estimated change in mobility. Internet use, historical variability, GDP per
capita, population and recent mobility change also influenced the model output,
whereas the remaining variables had relatively small effects. The direction and
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magnitude of the SHAP values indicate how each feature contributed to individual
predictions within the fitted model and should not be interpreted as evidence of
causality.

Forecast Uncertainty

Raw quantile intervals undercovered the observed outcomes at all
horizons. As shown in Figure 4(a), conformal calibration improved coverage
substantially, particularly at the two longest horizons, where empirical coverage
reached approximately the nominal 90% level or higher. The calibrated intervals
were wider than the unadjusted intervals, reflecting the expected trade-off
between interval precision and reliability.

Countries with the largest expected increases by 2027

MMMMM

Netherlands

eeeeeeeeeeeee

Forecast horizon Precicted change i nbound ntermational student share by 2027 (percentage paints)

Figure 4 (a) : Raw and conformally calibrated
prediction-interval coverage across forecast
horizons.

At five and six years, the conformal coverage reached 90.63% and 93.22%,
respectively. The coverage at horizons two to four remained slightly below the
nominal target, while the one-year interval became conservative. The full interval
width, pinball loss and Winkler score results are provided in the supplementary
material.

Country-Level Forecasts for 2027

The final models generated median forecasts and conformally calibrated
uncertainty intervals for 2027. The greatest expected median increases were
observed for Monaco, Macao, Qatar, the Netherlands, Andorra, Hong Kong and
Iceland, as shown in Figure 4 (b).
However, the conformal lower-bound change remained negative for every
country, indicating that none of the expected increases remained positive across
the complete uncertainty interval. Country-level forecasts should therefore be
interpreted as emerging signals rather than as secure predictions of future growth.
The complete set of country forecasts and calibrated intervals is provided in the
supplementary material.
Overall, the results demonstrate that the forecasting value of machine learning
strongly depends on the prediction horizon. Persistence remained difficult to
outperform over one year, while gains at intermediate horizons were modest or
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statistically uncertain. In contrast, persistence-residual extra trees produced a
substantial and statistically significant improvement at six years. This long-
horizon advantage remained stable across robustness checks, was largely
associated with socioeconomic and demographic information, and was
accompanied by improved uncertainty calibration. Although the 2027 forecasts
identified several potential growth destinations, no predicted increase remained
positive across the full conformal interval.

DISCUSSION

This study examined whether machine learning improves upon temporal
persistence when international student mobility is forecast across one- to six-year
horizons. Its value depended strongly on the forecast length. Persistence remained
difficult to outperform at one year, whereas the persistence-residual extra trees
model became increasingly effective over longer horizons. At six years, it
achieved a substantial and statistically significant reduction in forecast error,
suggesting that recent mobility levels dominate short-term forecasts, while
socioeconomic, demographic, and educational conditions become more
informative over time.

The weak one-year performance is consistent with the institutional
inertia of international higher education. Recruitment cycles, visa arrangements,
bilateral agreements, program capacity, and institutional partnerships generally
change gradually, meaning that the latest inbound share already provides a strong
near-term forecast. Over five or six years, however, changes in economic
capacity, digital connectivity, population structure, tertiary participation, and
research investment can accumulate sufficiently to alter mobility patterns. The
persistence-residual approach was therefore effective because it retained the latest
value as an anchor while longer-term adjustments were estimated. The five-year
improvement was substantial but did not remain significant after multiplicity
correction, whereas the six-year gain was supported by both bootstrap inference
and the Holm-adjusted Wilcoxon test.

Socioeconomic and demographic indicators accounted for much of the
medium- and long-horizon performance. The socioeconomic-only model matched
or approached the full model, indicating that economic capacity, internet access,
population structure, urbanization, and labor market conditions provide useful
forecasting information. Historical mobility remained relevant, but the strongest
forecasts combined persistence with changing national conditions rather than
simply reproducing recent trends. The higher education variables contributed less
independently, possibly because they overlapped with broader measures of
national capacity. The negligible effect of removing missingness indicators also
suggests that performance was driven by substantive predictor values rather than
patterns of data availability.

The six-year results remained robust after the exclusion of microstates,
extreme changes, and countries with limited histories. However, generalizability
remains limited because the confirmation was based on one untouched year.
Omitted factors such as tuition fees, scholarships, visa rules, poststudy work
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rights, exchange rates, geopolitical events, and bilateral relationships may create
structural breaks before their effects appear in historical data. The forecasts should
therefore be interpreted as conditional planning estimates rather than policy-
invariant predictions.

Conformal calibration improved interval coverage, although wider

intervals reflected the trade-off between precision and reliability. Several
countries showed positive median changes for 2027, but all the lower bounds
remained negative. These forecasts should therefore be treated as emerging
signals rather than as secure predictions of growth.
The findings extend international student mobility research by distinguishing
explanatory relevance from forecasting usefulness. Economic, educational, and
demographic variables may be associated with mobility without necessarily
improving prediction. They added clear value mainly at medium and long
horizons. The results also reinforce the persistence of established mobility
corridors, institutional relationships, and recruitment networks, showing why high
predictive accuracy alone is insufficient unless a model outperforms an
appropriate temporal benchmark. The ablation and SHAP analyses aid
interpretation, but they indicate a predictive contribution rather than causality.

For short-term planning, persistence may offer a sufficiently accurate
and transparent basis for recruitment targets, admissions capacity, and student-
service provision, supplemented by current application, visa, and recruitment
information. For longer-term planning, machine-learning forecasts may support
strategic enrollment management, program development, scholarship allocation,
staffing, accommodation, student support, immigration-system capacity, and
institutional partnerships. Universities may use horizon-specific forecasts to
assess the geographical balance of recruitment portfolios and identify countries
requiring closer monitoring. Governments and international education
organisations may use them to inform internationalization strategies, scholarships,
regional skills planning, and poststudy employment capacity. However, forecasts
should complement professional judgment, local market knowledge, partner
engagement, and policy analysis.

Forecasts should be presented as ranges rather than single values.
Because all 2027 intervals cross zero, the identified countries should be monitored
rather than treated as guaranteed growth markets. The remaining limitations are
the use of inbound shares rather than absolute or bilateral flows and the absence
of explicit spatial dependence, bilateral networks, and abrupt structural-break
modeling.

CONCLUSION

This study developed GlobalStudent-AI to forecast inbound
international student mobility across 159 countries and horizons of one to six
years. The findings show that machine learning provides little advantage over
persistence in the short term but becomes increasingly valuable over longer
horizons. At six years, the persistence-residual extra trees model reduced the mean
absolute error by 38.02% and remained statistically significant after multiplicity

296



Journal of International Students 16(18)

correction. Socioeconomic and demographic variables contributed strongly to this
improvement, whereas conformal calibration produced more reliable uncertainty
intervals. Although several countries showed positive expected changes for 2027,
none remained positive across the complete calibrated interval.

For practical application, universities should use transparent persistence-
based forecasts for short-term enrollment and capacity planning while combining
longer-horizon machine-learning forecasts with institutional knowledge, policy
monitoring and scenario analysis. Governments and international education
organisations may use such forecasts to support strategic enrollment management,
scholarship allocation, visa-processing capacity, accommodation, student
services and long-term internationalization planning. However, because all 2027
conformal intervals cross zero, the country-level projections should be treated as
signals for monitoring rather than firm evidence for recruitment or resource-
allocation decisions.

Future research should extend confirmation across multiple future years,
incorporate bilateral origin—destination flows and absolute student numbers, and
examine additional predictors such as tuition fees, visa policy, poststudy work
opportunities, institutional rankings and scholarships. Further work could also
compare graph-based, hierarchical and dynamic forecasting models and
investigate adaptive conformal methods to improve interval efficiency under
temporal and regional distribution shifts.
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