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Abstract

Understanding how environmental heterogeneity shapes animal movement is a central
goal of movement ecology, yet movement metrics derived from GPS data often integrate
multiple behavioural states, complicating ecological interpretation. We analysed 30,323
GPS observations from six juvenile white storks (Ciconia ciconia) to disentangle the effects
of habitat and behavioural state on movement speed and altitude above ground level.
Behaviour was classified into resting, local movement, and flight based on speed
thresholds and incorporated into linear mixed-effects models alongside habitat.
Behavioural state was the dominant determinant of movement metrics. Relative to resting,
flight increased speed by approximately 43 km h-1 and altitude above ground level by
approximately 566 m, whereas habitat effects were significant but substantially smaller.
Differences in movement metrics among habitats were largely explained by variation in
the distribution of behavioural states, with cropland dominated by resting behaviour and
water associated primarily with flight. Sensitivity analyses based on alternative
behavioural thresholds, leave-one-individual-out models, flight-only analyses, and
alternative treatments of altitude above ground level produced consistent results. These
findings demonstrate that habitat-associated variation in movement metrics is primarily
mediated by behavioural state rather than representing a direct consequence of habitat
alone. Our results highlight the importance of explicitly accounting for behavioural
heterogeneity when linking movement to environmental conditions and provide a refined
interpretation of the energy landscape framework.

Keywords: animal movement; behavioural state; energy landscape; GPS telemetry;
habitat use; linear mixed-effects model; movement ecology; white stork (Ciconia ciconia)

1. Introduction

Animal movement is a fundamental ecological process linking individuals with
spatially heterogeneous environments and shaping population dynamics, species
interactions, and ecosystem functioning [1]. Understanding how organisms respond to
environmental variability during movement remains a central goal of movement ecology.
For migratory species, this challenge is particularly pronounced because individuals
traverse large geographic areas characterized by diverse habitat types, topographic
conditions, and atmospheric environments.
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For soaring birds, movement efficiency depends strongly on atmospheric processes
such as thermal uplift, which enables individuals to gain altitude with minimal energetic
expenditure [2]. The formation and intensity of thermals are influenced by land surface
properties, linking habitat structure directly to flight performance and movement
behaviour. This relationship underpins the energy landscape framework, which
conceptualizes spatial variation in energetic costs and opportunities as a major driver of
movement decisions [3]. Under this framework, animals are expected to move in ways
that exploit favourable environmental conditions while minimizing energetic expenditure.

In White Storks (Ciconia ciconia), migration behaviour is strongly influenced by
soaring—gliding flight dynamics and atmospheric conditions [4,5]. Previous studies have
demonstrated that migration speed and flight altitude are closely associated with thermal
convection, wind conditions, and large-scale atmospheric structure [4,6,7]. In addition,
migration in this species is highly social. Juveniles migrate together with experienced
individuals, and movement decisions are influenced by flock dynamics and collective
behaviour [5,8]. Consequently, movement responses emerge not only from environmental
conditions but also from behavioural interactions and social information transfer.

Recent advances in high-resolution GPS telemetry have enabled detailed
quantification of animal movement across space and time [9]. These technologies allow
researchers to link movement trajectories with environmental variables such as habitat
type, topography, and weather conditions. However, interpretation of movement metrics
derived from tracking data remains challenging because variables such as speed and
altitude integrate multiple behavioural states, including resting, foraging, local movement,
and directed migratory flight.

Recent developments in movement analysis and data-driven behavioural
classification have further highlighted the complexity of movement responses to
environmental variability [10,11]. Behavioural state refers to distinct modes of activity
underlying observed movement patterns and inferred from tracking data. Mixing
behavioural states within analyses represents a major limitation for ecological inference
because observed movement metrics may reflect behavioural allocation rather than direct
environmental effects. For example, low speeds recorded within a habitat may indicate
increased resting or foraging activity rather than reduced movement efficiency, whereas
high speeds may reflect transient flight behaviour rather than intrinsically favourable
habitat conditions. Without explicitly accounting for behavioural heterogeneity, analyses
risk incorrectly attributing behavioural effects to habitat characteristics [12].

Juvenile White Storks provide a particularly informative system for examining these
relationships because they combine extensive migratory movement with substantial
behavioural variability. Although juveniles are strongly influenced by environmental
conditions, they also migrate socially within flocks and may acquire migratory
information through interactions with experienced individuals [5,8]. Migration in this
species therefore emerges from interactions among atmospheric conditions, habitat
structure, behavioural state, and social processes.

In this study, we analyse GPS telemetry data from juvenile White Storks to
disentangle the effects of habitat and behavioural state on movement speed and altitude.
We explicitly classify behavioural states based on movement speed and incorporate both
habitat and behaviour into mixed-effects models. This approach allows us to test two key
hypotheses: (1) behavioural state explains a larger proportion of variation in movement
metrics than habitat alone, and (2) apparent habitat effects on movement are mediated
through differences in behavioural state distribution across habitats.

By addressing these questions, we aim to refine the interpretation of habitat-
movement relationships and provide new insight into how energy landscapes shape
movement through behavioural processes. More broadly, this study highlights the
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importance of integrating behavioural classification into movement ecology analyses to
improve ecological inference from high-resolution tracking data.

2. Methods

Individuals were equipped with GPS telemetry devices as part of an ongoing
movement-monitoring programme. GPS locations were recorded at regular intervals and
compiled into a spatial database containing geographic coordinates, movement variables,
and habitat information. The dataset encompassed multiple migratory periods and
represented movements across breeding regions, migratory corridors, stopover areas, and
wintering grounds. GPS observations covered complete migratory trajectories across
years and major migratory corridors (Figure 1). Habitat composition along migratory
pathways is illustrated in Figure 2.

Spatial processing and statistical analyses were conducted in R version 4.3 [13].

Geographical distribution of GPS fixes
from six juvenile White Storks
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Figure 1. Geographical distribution of GPS fixes from the six juvenile White Storks included in the
analyses, showing their complete migratory trajectories across the study period.
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Geographical distribution of GPS fixes
coloured by seven habitat classes
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Figure 2. Geographic distribution of GPS fixes coloured according to the seven habitat classes used
in the statistical analyses (bare, cropland, forest, grassland, shrubland, water, and wetland). Any

map categories displayed for visualization only were not included as analytical habitat classes.

Movement data were collected using high-resolution GPS tracking devices attached
to individual birds. The dataset comprised 30,323 GPS locations from six individuals,
spanning multiple habitat types encountered during migration. Each GPS record included
spatial coordinates, timestamp, ground speed (km h-1), and altitude above mean sea level
(MSL). Elevation data were derived from a digital elevation model (SRTM) [14], allowing
calculation of altitude above ground level (AGL). Movement speed (km h-1) was obtained
directly from the GPS data. Altitude above ground level (AGL) was calculated as:

AGL = GPS altitude - terrain elevation

where ground elevation was extracted from the SRTM dataset at each GPS location. This
correction allowed separation of vertical movement from topographic variation.
Although subtraction of terrain elevation removed the effect of topography, GPS altitude
and terrain elevation are both subject to measurement error, resulting in some negative
AGL values. Therefore, additional sensitivity analyses were performed using AGL values
with negative observations set to zero and using an inverse hyperbolic sine
transformation. Movement speed (km hl) was derived directly from telemetry-derived
movement variables. Variation in movement speed across habitat classes is presented in
Figure 3.
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Movement speed (km h™1)
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Movement speed of juvenile White Storks
across seven analytical habitat classes
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Figure 3. Distribution of movement speed (km h™') across habitat classes. Boxplots show the median,
interquartile range, whiskers (1.5 x IQR), and distribution of observations. Habitat-specific sample
sizes are provided in Table 1.

Table 1. Distribution of behavioural states (resting, local movement, and flight) across habitat
classes. Values represent the number of GPS observations classified into each behavioural state
within each habitat. Uneven distributions reflect both habitat availability and behavioural

preferences, and are explicitly accounted for in subsequent analyses.

Habitat Resting Local Movement Flight Total
Bare 355 38 61 454
Cropland 18,459 1492 2224 22,175
Forest 834 86 213 1133
Grassland 2141 252 565 2958
Shrubland 2241 296 623 3160
Water 17 14 112 143
Wetland 237 51 12 300
Total 24,284 2229 3810 30,323

Each GPS location was assigned a habitat class based on land cover data. Habitat
categories included cropland, grassland, shrubland, forest, bare areas, water, and wetland,
representing the dominant land cover types encountered along the migration route.

Land cover information was extracted within a spatial buffer (170 m radius) around
each GPS point to account for positional uncertainty and local habitat heterogeneity.
Habitat classes were treated as categorical variables in subsequent analyses.

Habitat representation was uneven across the dataset; however, all observations
were retained to preserve ecological realism, and this imbalance is explicitly considered
in interpretation. To account for behavioural heterogeneity, movement records were
classified into three behavioural states based on speed thresholds:

Resting: speed < 2 km h'; Local movement: 2-10 km h-1; Flight: > 10 km h-!
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These thresholds were chosen to distinguish stationary or near-stationary behaviour
from active movement and sustained flight, following established approaches in
movement ecology. While speed-based classification is a simplification, it provides a
robust and reproducible method for separating major behavioural modes in large datasets.
Because White Storks combine soaring and gliding flight with intermittent resting and
foraging behaviour during migration [4,5], explicitly accounting for behavioural
allocation was considered essential to avoid confounding behavioural and habitat effects.

More advanced approaches such as hidden Markov models or accelerometer-based
classification can provide finer behavioural resolution [10,11], but speed-based
classification remains a robust and reproducible approach for large GPS datasets.
Although speed-based classification does not capture the full complexity of behaviour, it
provides a transparent and reproducible framework suitable for large-scale GPS datasets.

We evaluated the effects of habitat and behavioural state on movement speed and
altitude using linear mixed-effects models. Two response variables were analysed:

1. Movement Speed (Km H-);
2.  Altitude Above Ground Level (M).

Two separate linear mixed-effects models were fitted using the Ime4 package [15]:

Speed ~ Habitat + Behaviour + (1 | BirdID)

AGL ~ Habitat + Behaviour + (1 | BirdID)

In both models, habitat and behavioural state were included as fixed effects, while
BirdID was included as a random intercept to account for repeated observations from the
same individual. Bare habitat and resting behaviour were used as the reference categories.

Model assumptions were assessed through visual inspection of residual plots.
Residual skewness and heteroscedasticity were also evaluated to assess model fit. Model
performance was quantified using marginal and conditional R? values [16]. Marginal R2
represents the variance explained by the fixed effects, whereas conditional R? represents
the variance explained by both fixed and random effects.

Given the observational nature of the dataset, habitat representation was uneven,
with some habitat classes containing substantially more observations than others. This
imbalance was retained in the analyses to preserve ecological realism but was considered
explicitly when interpreting the model estimates.

Behavioural state and habitat were not statistically or ecologically independent
because certain habitats were more frequently associated with particular behaviours, such
as resting in cropland or flight over open areas. Including behavioural state in the models
therefore allowed habitat effects to be evaluated after accounting for differences in
behavioural allocation. Because behavioural state was classified using movement speed,
an additional model restricted to flight observations was fitted as a sensitivity analysis to
evaluate habitat effects independently of behavioural state classification. To evaluate the
robustness of the results, several sensitivity analyses were performed. Behavioural state
thresholds were modified by increasing the flight threshold from 10 to 12 km h-1, leave-
one-individual-out analyses were conducted by sequentially excluding each bird, and
additional models were fitted after removing extreme observations. For AGL, models
using the original values were compared with models in which negative values were set
to zero and with inverse hyperbolic sine-transformed AGL values.

All analyses were conducted in R [13]. Linear mixed-effects models were fitted using
Ime4 [15]. Marginal and conditional R? values were calculated using the MuMIn package
[17]. Data processing and manipulation were performed using dplyr [18], and graphical
outputs were produced using ggplot2 [19].
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Variation in movement speed and altitude among habitat classes was visualized
using boxplots showing medians, interquartile ranges, whiskers extending to 1.5 times the
interquartile range, and distributional variability. Behavioural state composition across
habitats was summarized using proportional distributions of behavioural observations.
Geographic patterns were visualized using maps representing complete migratory
trajectories across years.

All analyses were conducted using reproducible analytical workflows implemented
in R. Statistical code, derived variables, and processing procedures are available from the
corresponding author upon reasonable request.

3. Results

The analysed dataset comprised 30,323 GPS telemetry observations from six juvenile
White Storks tracked across multiple years, encompassing migratory movements from
breeding areas through migratory corridors and wintering regions. GPS fixes spanned a
broad geographic extent and included multiple habitat categories representing
heterogeneous environmental conditions encountered during migration.

Cropland represented the dominant habitat category within the dataset, followed by
grassland, shrubland, and bare habitats, whereas wetland and water habitats contained
comparatively fewer observations. Behavioural allocation varied strongly among habitat
types, suggesting that habitat use was closely associated with behavioural context.

Behavioural composition differed substantially among habitat classes (Table 1).
Resting behaviour predominated within cropland habitats, whereas habitats associated
with migratory movement contained proportionally larger fractions of flight observations.

Grassland and shrubland habitats exhibited mixed behavioural composition,
reflecting combined use for movement and temporary stopover activities. Water-
associated observations were rare but characterized by relatively greater proportions of
flight behaviour, consistent with directed movement rather than stationary activities.

These patterns indicate that habitat classes differ not only environmentally but also
behaviourally, suggesting that movement metrics measured within habitats reflect
behavioural allocation in addition to direct environmental influences.

Movement speed varied among habitat categories (Figure 3). Cropland habitats
exhibited relatively low median movement speeds, whereas habitats associated with
directed movement showed elevated values and greater variability.

Speed distributions were strongly right-skewed across habitats, reflecting occasional
episodes of sustained migratory flight embedded within a broader distribution
dominated by low-speed activities. Interquartile ranges differed among habitats,
indicating habitat-specific variation in behavioural composition.

Habitats characterized by greater proportions of flight behaviour exhibited broader
speed distributions and elevated upper tails, whereas habitats dominated by resting
behaviour showed compressed distributions concentrated near low movement speeds.

These observations suggest that behavioural state composition contributes
substantially to habitat-associated variation in movement speed.

Altitude above ground level also differed among habitat classes (Figure 4). Habitats
associated with greater flight activity exhibited elevated altitude distributions and
increased variability relative to habitats dominated by resting or local movement.

Altitude distributions were positively skewed across all habitat classes, reflecting
episodic soaring flight occurring within broader behavioural repertoires. Upper
distribution tails extended substantially higher in habitats associated with migratory
movement, consistent with altitude gains achieved during soaring behaviour.

https://doi.org/10.3390/d18080453
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Water-associated observations exhibited particularly high altitude values despite
limited sample size, whereas cropland habitats showed generally lower altitudes
corresponding to increased stationary or local activities.

Overall, habitat-associated altitude differences mirrored behavioural state
distributions more strongly than habitat identity alone.

Altitude above ground level of juvenile White Storks
across seven analytical habitat classes

T
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Habitat class
n = 12,350 n=786 n = 6,437 n=>5,698 m=16 n =180

Figure 4. Distribution of altitude above ground level (AGL) across habitat classes. Boxplots show
the median, interquartile range, whiskers (1.5 x IQR), and distribution of observations. Habitat-
specific sample sizes are provided in Table 2.

Linear mixed-effects models identified behavioural state as the strongest predictor of
both movement speed and altitude (Table 2). Relative to resting behaviour, flight
behaviour produced substantially greater movement speeds and higher altitudes,
whereas local movement showed intermediate values.

Table 2. Effects of habitat type and behavioural state on movement speed and altitude above ground
level (AGL), estimated using linear mixed-effects models. Estimates ({3) are shown relative to the
reference category (bare habitat, resting behaviour). Behavioural state had a substantially larger
effect size than habitat across both models. Only coefficients available in the reported analysis
output are shown; em dashes indicate values not reported in the available output.

Model Predictor Estimate (B) SE p-Value
Movement speed  Intercept: Bare, resting — — —

Cropland — — —

Forest — — —

Grassland — — —
Shrubland — — —
Water — — —
Wetland — — —
Local movement 2.456 — —
Flight 43.035 — <0.001
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AGL Intercept: Bare, resting — — —
Cropland -14.773 — <0.001
Forest — — not significant
Grassland -14.620 — <0.001
Shrubland -18.143 — <0.001
Water 136.121 — 0.008
Wetland — — not significant
Local movement 10.097 4.115 0.015
Flight 566.086 3.398 <0.001

(a) behavioural state; (b) altitude (AGL) model.

Habitat effects remained statistically detectable after accounting for behavioural state
but were considerably smaller than behavioural effects. This pattern indicates that
behavioural allocation explains a substantial proportion of habitat-associated variation
observed in movement metrics.

The very small difference between marginal and conditional R? indicated that the
random intercept for BirdID explained little additional variance after accounting for
habitat and behavioural state.

Model explanatory power further supported behavioural dominance, with
behavioural predictors accounting for substantially greater variance than habitat variables
alone.

GPS observations covered complete migratory trajectories across years and
demonstrated consistent use of major migratory corridors (Figure 2). Spatial patterns
reflected movement between breeding regions, migratory stopovers, and wintering areas.

Habitat-coloured GPS fixes illustrated that behavioural and environmental
heterogeneity were distributed throughout migratory pathways rather than confined to
discrete geographic regions. This spatial complexity further supports the need to
explicitly integrate behavioural state when interpreting habitat-movement relationships.

Altitude Above Ground Level

Altitude above ground level (AGL) also varied across habitats. Mean AGL ranged
from 4.35 m in cropland to 584.05 m over water, with intermediate values in forest (218.76
m), bare areas (127.08 m), grassland (124.55 m), shrubland (95.65 m), and wetland (12.97
m). Median AGL values were low in most terrestrial habitats but substantially higher over
water, reflecting differences in behavioural state distribution.

The altitude model showed patterns consistent with those observed for speed.
Relative to resting behaviour, local movement increased AGL by 10.097 m (SE = 4.1149, p
= 0.015), while flight increased AGL by 566.086 m (SE = 3.398, p < 0.001). Local movement
increased speed by 2.456 km h, and flight by 43.035 km h-'.

Because behavioural states were defined using speed thresholds, the magnitude of
these effects was expected and should not be interpreted independently of the
classification procedure.

Habitat effects were again secondary. Compared to bare habitat, AGL was
significantly lower in cropland (8 = -14.773, p < 0.001), grassland ( = -14.620, p < 0.001),
and shrubland (f =-18.143, p < 0.001), while water was associated with higher altitude (3
=136.121, p = 0.008). Forest and wetland did not differ significantly from the reference
category.

The direction and interpretation of the principal model results remained consistent
across all alternative analytical specifications. Sensitivity analyses including alternative
behavioural thresholds, leave-one-individual-out analyses, exclusion of extreme
observations, flight-only models, and alternative treatments of altitude above ground
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level all produced qualitatively similar conclusions (Table 3). These analyses support the
robustness of the reported habitat and behavioural state effects.

Across both models, behavioural state consistently explained a substantially larger
proportion of variation than habitat. The magnitude of behavioural coefficients was an
order of magnitude greater than that of habitat effects, indicating that differences between
resting, local movement, and flight dominate observed variation in both speed and
altitude.

After accounting for habitat and behavioural state, the contribution of individual
identity was small, as indicated by the minimal difference between the marginal and
conditional R? values (Table 4).

Habitat effects on movement metrics were statistically significant but modest relative
to behavioural effects. These patterns were consistent across both response variables,
indicating a general effect of behavioural state on movement metrics.

Table 3. Sensitivity and robustness analyses used to assess the influence of behavioural state

classification, individual birds, extreme observations, and alternative treatments of altitude above

ground level (AGL).
. . . Movement Speed .
Analysis Analytical Specification AGL Result Interpretation
Result
Resting <2 km h?; local
Primary Flight effect: 43.035
, movement 2-10 km h-7; Flight effect: 566.086 m Reference model
analysis . km h-!
flight > 10 km h-!
Alternative  Flight threshold increased Flight effect: 43.326 Only minor changes in
) Flight effect: 568.734 m .
flight threshold  from > 10 to >12 km h™! km h! effect size
Alternative Conclusions were
. Resting threshold reduced = No meaningful . . . .
resting No meaningful change insensitive to the resting
from <2 to <1.5 km h! change
threshold threshold
Each bird was excluded No single bird
Leave-one- ) Flight effect: 42.614— Flight effect: 543.867— ) .
o sequentially and the models disproportionately
individual-out ) 43.176 km h-! 581.683 m )
were refitted influenced the results
Models were refitted after ) The main conclusions were
Extreme-value i No meaningful
) removing extreme speed No meaningful change  not driven by extreme
analysis : change )
and AGL observations observations
i Habitat-associated speed
) Habitat effects .
_ The speed analysis was . differences were not solely
Flight-only . . remained detectable; )
restricted to observations Not applicable an artefact of the speed-
speed model » ) the water effect was .
classified as flight based behavioural

not significant e
classification

. ) Results were nearly
Negative AGL Negative AGL values were . ) ) .
Not applicable Marginal R?=0.511  identical to those from the
raw AGL model

Residual symmetry

treatment set to zero

Inverse hyperbolic sine
AGL ) . . ) improved while the
. transformation applied to Not applicable Marginal R? = 0.666 L .
transformation ACL ecological interpretation
remained unchanged
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Note: Across all sensitivity analyses, the direction and general magnitude of the principal
behavioural state and habitat effects remained consistent. The flight-only model addressed the
dependence created by defining behavioural state from speed, whereas alternative AGL treatments

evaluated the influence of negative values and residual skewness.

Table 4. Performance and diagnostic statistics of the linear mixed-effects models used to analyse
movement speed and altitude above ground level (AGL). Marginal R? represents the variance
explained by the fixed effects, whereas conditional R? includes both fixed and random effects. Bird
identity was included as a random intercept in all models. The small differences between marginal
and conditional R? indicate that individual identity explained little additional variation after
accounting for habitat and behavioural state. The inverse hyperbolic sine transformation improved

the distribution of AGL residuals, although some heteroscedasticity remained.

Response/Model

Marginal R? Conditional R?

BirdID Random- Residual

. ) Diagnostic Interpretation
Effect Variance Variance

Movement speed

High explanatory power; BirdID
0.832 0.832 0.043 40.976 contributed little additional

variance

AGL, raw values

Moderate explanatory power;
0.510 0.510 — — residuals were strongly skewed

and heteroscedastic

AGL, negative values

Results were nearly identical to

0.511 — — —
set to zero the raw AGL model
] ) Residual symmetry improved,
AGL, inverse hyperbolic o
0.666 — — — although some heteroscedasticity

sine transformation

remained

4. Discussion

Our results demonstrate that behavioural state is the primary determinant of
movement speed and altitude in juvenile White Storks, whereas habitat effects are
comparatively weaker and largely mediated through behavioural allocation. This finding
highlights the importance of explicitly accounting for behavioural heterogeneity when
interpreting movement-environment relationships from GPS telemetry data. Apparent
habitat-specific differences in movement metrics cannot be interpreted solely as direct
environmental effects because habitats differ substantially in the behavioural states
expressed within them.

The strongest effects observed in our models were associated with behavioural state.
The movement speed model showed high explanatory power (marginal R? = 0.832;
conditional R? = 0.832), whereas the raw AGL model explained a moderate proportion of
the variance (marginal and conditional R2 = 0.510). Applying an inverse hyperbolic sine
transformation improved the AGL model fit (marginal R? = 0.666) by reducing residual
skewness, although some heteroscedasticity remained (Table 3). Flight behaviour was
associated with substantially higher speeds and altitudes than resting or local movement.
For movement speed, however, this large effect should be interpreted with caution
because behavioural states were defined using speed thresholds. Nevertheless, the flight-
only sensitivity analysis demonstrated that habitat effects remained detectable after
restricting the analysis to flight observations, supporting the robustness of the principal
conclusions. Similar patterns have been documented in White Storks and other soaring
migrants, where movement performance depends primarily on flight mode and
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atmospheric conditions rather than habitat alone [4,6,7]. Consequently, analyses that fail
to distinguish behavioural states may incorrectly attribute behavioural variation to habitat
effects.

The observed habitat differences are therefore best interpreted as behaviour-
mediated rather than habitat-deterministic. Cropland, which dominated the dataset, was
associated primarily with resting behaviour and consequently exhibited low median
speeds and altitudes. In contrast, habitats characterized by more frequent flight behaviour
showed substantially elevated movement metrics. This pattern suggests that habitats
influence movement indirectly through their association with behavioural allocation
across the migratory landscape.

The predominance of resting records in cropland may reflect several, non-exclusive
functions of agricultural landscapes during migration. Croplands can provide accessible
foraging opportunities, open visibility and suitable temporary resting areas, and may
therefore be used both for daytime stopovers and for roosting in the surrounding
landscape. However, the present speed-based classification cannot distinguish foraging,
daytime resting, and nocturnal roosting, and no inference can be made about microhabitat
quality within individual cropland sites. Future studies combining GPS fixes with time-
of-day information, accelerometry, and field-based characterization of roost sites would
help resolve these finer-scale behavioural processes.

For soaring birds such as White Storks, movement ecology is tightly linked to
atmospheric structure and thermal dynamics. Flight during migration relies on the
efficient exploitation of thermal uplift, allowing birds to gain altitude while minimizing
energetic expenditure [2,4]. Previous studies have demonstrated that migration altitude
and movement speed vary with thermal convection, wind conditions, season, and latitude
[6,7]. Similarly, large-scale analyses of White Stork migration have shown that migratory
routes and movement strategies are strongly shaped by atmospheric conditions and the
availability of soaring opportunities [5]. Although atmospheric variables were not
analysed directly in the present study, these processes provide an important ecological
context for interpreting the observed behavioural patterns.

Habitat-associated behavioural patterns may therefore partly reflect local
atmospheric conditions rather than habitat structure alone. For example, land surface
heating can influence the availability and strength of convective uplift, while wind
direction and boundary layer development can alter flight altitude, speed, and the timing
of departures. The relatively high-altitude observations over water should not be
interpreted as evidence that water generates favourable thermals; they are more plausibly
associated with sustained crossing flights and with atmospheric conditions encountered
before or during those crossings. Integrating GPS data with meteorological reanalysis
products would allow future studies to test whether apparent habitat effects are mediated
by atmospheric structure.

Importantly, migration in White Storks is also strongly social. Juveniles rarely
migrate independently and instead travel within flocks containing experienced
individuals, where movement decisions may emerge through collective behaviour and
social information transfer [5,8]. Consequently, juvenile movement responses should not
be interpreted exclusively as direct reactions to environmental conditions. Instead,
observed movement trajectories likely emerge from interactions among habitat,
atmospheric conditions, flock dynamics, and behavioural state. Integrating these
processes is essential for understanding migration ecology in large soaring birds.

Although the analysis included only six individuals, leave-one-individual-out
models showed that the principal effects were not driven by any single bird. Nevertheless,
individual physiological condition, prior experience, and social position within a flock
may contribute to variation in migratory performance and behavioural allocation,
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particularly during the first migration. The Slovenian origin of the tracked birds is also
relevant because this region lies close to a transition between major European migratory
routes. Accordingly, the trajectories represented here should be interpreted as individual
examples within a broader and potentially flexible flyway system rather than as a
complete description of population-level migration.

Our findings support and extend the energy landscape framework [3]. Rather than
affecting movement only through direct energetic constraints, landscapes influence
movement by structuring behavioural opportunities under different environmental
conditions. The resulting movement patterns therefore emerge from behavioural
responses to heterogeneous energy landscapes rather than from habitat effects alone. This
interpretation is consistent with previous studies demonstrating that White Stork
migration is governed by a combination of behavioural decisions and atmospheric
processes operating across multiple spatial scales [4-7].

The results also emphasize the broader methodological value of behavioural
classification in movement ecology. High-resolution tracking data allow researchers to
quantify movement in considerable detail [9], but raw metrics such as speed and altitude
integrate multiple underlying behaviours. Without explicit behavioural classification,
variation among habitats can be misinterpreted as a direct environmental response. More
advanced approaches, including hidden Markov models and classifications incorporating
auxiliary sensor data, may provide finer behavioural resolution [10,11]. Nevertheless, the
present speed-based classification offered a transparent and reproducible framework for
separating broad behavioural states.

Several limitations should nevertheless be acknowledged. The small number of
tracked individuals also limits population-level inference, even though leave-one-
individual-out analyses indicated that no single bird disproportionately influenced the
results. Habitat representation was highly uneven, with some habitat classes containing
relatively few observations. In particular, inference for water and wetland habitats should
remain cautious because of the limited sample sizes. Altitude above ground level also
contains uncertainty because GPS altitude and terrain elevation are both subject to
measurement error, resulting in some negative AGL values. However, alternative
treatments of AGL and additional sensitivity analyses yielded consistent conclusions.
Furthermore, atmospheric variables such as wind speed, thermal uplift intensity, and
boundary layer structure were not included directly in the analyses, despite their known
importance for soaring migration [6,7]. Future work should therefore integrate
meteorological variables and more advanced behavioural classification approaches to
better resolve the mechanisms underlying movement decisions.

Despite these limitations, this study provides robust evidence that behavioural
classification substantially improves ecological interpretation of movement data.
Explicitly accounting for behavioural heterogeneity reduces overestimation of direct
habitat effects and allows a more mechanistic interpretation of movement-environment
relationships. More broadly, our results demonstrate that movement metrics derived from
tracking data should be interpreted within a behavioural framework that considers
behavioural state alongside habitat characteristics and other environmental drivers.
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