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Abstract

Nosy Be in the northwestern Madagascar hosts one of the largest known seasonal feeding
aggregations of whale sharks. However, the environmental drivers influencing whale shark
surface feeding behaviour in this area remain poorly understood. This study investigates
the relationship between environmental variability and surface feeding strategies of imma-
ture whale sharks at Nosy Be. Boat-based surveys were conducted in November 2018, 2019,
2022, and 2023, resulting in the photo-identification of 88 individuals and the recording of
85 surface feeding events. The influence of environmental factors on feeding behaviour was
assessed using multicollinearity among the environmental covariates and three-level step
approach: permanova, multinomial logistic regression, marginal effects, and Cochran’s Q,
to evaluate whether environmental conditions discriminate feeding-behaviour categories
and to quantify how individual covariates relate to behavioural composition under a multi-
step framework. Results showed that there is not a strong enough predictive signal for
behaviour based on environmental variables; however, thanks to the marginal effects, it is
possible to better assess the probability of a certain type of eating behaviour in the presence
of an increase in one of the environmental variables, for example, chlorophyll-a appears to
be the most interesting, because its increase is associated with a greater probability of some
behaviours instead the others. These preliminary observations provide the first insights to
evaluate environmental influences on immature whale shark surface feeding behaviour in
Nosy Be, highlighting that it is therefore necessary to deepen and increase data collection
to have long and significant series of data, integrated also with data on the preys subject
to feeding behaviour and to evaluate which other unobserved aspects, perhaps linked
precisely to the consistency and quality of the prey, could allow us to predict feeding
behaviour. Improving the understanding of these relationships is essential for predicting
whale shark habitat use and for supporting conservation and management strategies in a
region increasingly affected by climate variability and anthropogenic pressures.
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1. Introduction

In the Mozambique Channel, Nosy Be island is a high productivity site and the topog-
raphy of the shelf area off north-western Madagascar favours the presence of fast-growing
zooplankton and micronekton [1]. This high productivity and the great density of avail-
able prey promote the presence of plankton-feeding megafauna, including whale sharks
(Rhincodon typus, Smith, 1828) [1]. The productivity period, corresponding to the austral
summer, allows whale shark aggregations around Nosy Be which are strongly linked
to physical oceanographic processes occurring off the northern Mozambique coast [1].
Previous studies showed that the cool, chlorophyll-a-rich surface waters in this region
are generated by coastal upwelling driven by alongshore north-easterly monsoon winds
prevailing from August to March. These nutrient-enriched waters are subsequently trans-
ported offshore by anticyclonic and cyclonic eddies that reach the coast of Nosy Be [2,3].

Nosy Be is known to host one of the largest known whale shark seasonal feeding
aggregations [4,5]. This species seasonally aggregates in Nosy Be from September to
December, using this area as a foraging ground and the aggregation is mainly composed
of immature individuals [1]. This aggregation allowed the frequent observation of whale
sharks at surface exhibiting feeding behaviours. Several studies demonstrated that whale
sharks preferentially feed on zooplanktonic prey [6-12], but also on fish spawn [13,14]
and fast-swimming prey, such as fish [1,5,15,16]. In Nosy Be, preliminary studies on
zooplankton surface abundance and composition reported that zooplankton was mainly
represented by holoplanktonic organisms such as Copepoda, followed by Appendicularia,
Mollusca and Chaetognata taxa [8,17]. Although there is a lack of data on the whale shark
feeding ecology, Whitehead and Gayford [18] showed that whale sharks also actively feed
on benthic prey either predominantly in deepwater environments or where the abundance
of such prey exceeds that of planktonic food sources. Anyway, the possibility to predict
whale sharks’ aggregations will allow us to gather more insights on this topic.

Several authors [19-21] have described different whale shark surface feeding be-
haviours. The most common ones are those reported by Nelson and Eckert [22], who
highlighted three main filter-feeding techniques exhibited in relation to specific zooplank-
ton sources, resulting in an energy gain greater than the actual energy cost following the
theory of optimal foraging. Ram (or simply passive) feeding occurs when zooplankton
density is low. The whale shark swims slowly in a straight line with a horizontal posture,
keeping its mouth slightly to fully open without gulping. The gills are lifted or open, and
prey enters the mouth as the shark moves forward just below the surface. Active surface
ram (or simply active) feeding occurs at high zooplankton density. The shark opens and
closes its mouth rhythmically, performing gulping movements, sometimes with the upper
jaw emerging above the surface. The gills pump rhythmically while swimming is more
vigorous, with frequent turns and surface-oriented movements. This mode combines both
ram- and suction-feeding. Vertical (suction or simply vertical) feeding occurs at moderate
zooplankton density. The shark adopts a vertical or slightly diagonal posture near the
surface with little or no forward motion, hovering or slowly rotating. The mouth and gills
move rhythmically as the shark uses suction feeding to ingest large volumes of water at a
fixed location.

Environmental factors that could influence the whale shark surface feeding behaviour
and shifts in prey are still poorly known [23,24]. Whale shark behavioural patterns seem to
be associated not only with food availability at coastal locations but also with climatic and
oceanographic processes such as ENSO (El Nifio Southern Oscillation), upwelling, coastal
current and fronts, cloud coverage, sea conditions, sea surface temperature, wind speed,
precipitation, time of the day, sea surface chlorophyll-a concentration and bathymetry [7,24-28].
All these factors may potentially control the distribution and abundance of prey at surface.
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Indeed, there is also growing concern that climate change may impact whale shark feeding
behaviour due to indirect effects such as changes to their habitat, food availability and
densities, representing a significant challenge to their survival and conservation efforts [29].

While several studies investigated the effects of some environmental factors on whale
shark surface sightings and moving patterns [9,27,30-33], only three studies described
the environmental drivers of whale shark surface feeding behaviour. However, while
Motta et al. [34] and Gleiss et al. [35] showed in Cabo Catoche (Mexico) and Ningaloo Reef
(Australia), respectively, the correlation between the time of the day and the whale shark
feeding technique adopted, Reinero et al. [24] described for the first time the overall effects
of environmental factors on the whale shark surface feeding behaviour in Djibouti. The
authors reported that sea surface chlorophyll-a (SSC) concentration, in turn influenced
by other environmental variables, was the main parameter predicting the selection of
filter-feeding techniques [24]. Specifically, active and vertical feeding behaviours were
associated with rainfall, lower sea surface temperature (SST), worse sea conditions, and low
wind speed during the morning, conditions that enhance SSC concentrations. In contrast,
passive feeding was favoured during opposite environmental conditions [24]. Additionally,
El Nifio events promoted passive and vertical feeding behaviours, whereas active feeding
was more prevalent during La Nifia events [24].

In Madagascar, studies examining the influence of environmental factors on whale
shark surface feeding behaviour are currently lacking. However, predictors linked to
oceanographic processes such as ENSO and associated wind patterns and SSTs, together
with local (SSC and cloud coverage) environmental factors, may influence not only whale
shark distribution and abundance but also feeding behaviour and prey availability, thereby
affecting the selection of filter-feeding techniques in relation to prey density.

Given this important knowledge gap, understanding the environmental drivers of
whale shark surface feeding behaviours is essential for informing conservation management
of this endangered species in Madagascar, where coastal aggregations in Nosy Be may
be exposed to multiple threats associated with ecotourism activities. Accordingly, this
study aims to: (1) analyze if observed feeding behaviours are not driven by uneven
sampling effort across the different sampling windows, (2) if observed feeding behaviour
patterns could be distorted by variation in observation effort, (3) the surface feeding
behaviours exhibited by whale sharks in relation to environmental factors and (4) verify if
environmental factors are associated with different surface feeding strategies in order to
predict potential future scenarios.

2. Materials and Methods
2.1. Study Area

Nosy Be (13°39’ S, 48°20’ E; Figure 1), meaning “big island” in the Malagasy language,
is located approximately 8 km off the northwestern coast of Madagascar in the Mozambique
Channel. It forms an archipelago with several smaller surrounding islands, including Nosy
Fanihy, Nosy Sakatia, Nosy Faly, Nosy Ambariobe, Nosy Tanikely, Nosy Komba, Nosy
Mamoko, and Nosy Tonga. Nosy Be is of volcanic origin, covers an area of approximately
312 km?, and reaches a maximum elevation of 450 m at Mont Lokobe. Sea surface tem-
peratures range from about 24 °C in August to 28-30 °C in February [17]. Four scientific
expeditions were conducted in 2018, 2019, 2022, and 2023, excluding the SARS-CoV-2
pandemic years of 2020-2021. Sampling activities were carried out in November of each
year, which corresponds to the peak season for whale shark surface sightings [5].
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Figure 1. Nosy Be (Madagascar) and the sampling area between Nosy Sakatia and Nosy Tanikely.

2.2. Whale Shark Sightings and Identification

Boat-based surveys for whale sharks were conducted along the southwestern coast of
Nosy Be Island, with logistical support from the partner operator Manta Diving. Surveys
were carried out during the morning hours (approximately 09:00-13:00), when sea condi-
tions were generally more favourable. Overall, approximately 160 h of monitoring were
conducted over the four study years, specifically, in 2018, two weeks, 2019, one month,
2022, one week, and in 2023, one week. The spatial coverage of surveys between Nosy
Sakatia and Nosy Tanikely was not fixed but included an area comprising within 5 km
from the coast; search routes and distances varied depending on whale shark sightings. A
team of at least eight trained volunteers and research staff from the Sharks Studies Centre—
Scientific Institute of Massa Marittima, Italy, collected standardized data. All interactions
with sharks adhered to the Madagascar Government and whale shark codes of conduct [36].
To minimize disturbance, groups of four people at a time entered the water gently from the
boat, always maintaining a minimum distance of three metres from the animals.

Whale sharks were frequently observed feeding at the surface in association with
zooplankton patches and bait balls formed by mackerel tuna feeding on juvenile fish, which
typically attracted seabirds. These areas are known locally as “chasse” due to intense
surface activity and are generally visible from a certain distance [5]. Once a whale shark
was sighted, snorkelers approached it underwater to photograph and film both flanks
above the pectoral fins, just posterior to the gill slits, using action cameras (in housing
GoPro Hero 7, 8,9, 10, 11, 12 underwater cameras USA) for photo-identification. Individual
identification was based on the unique spot patterns present in this region of each shark [37].
Body scars and wounds were also documented to support individual identification [22].
Operators swam beneath the whale shark to determine its sex by checking for the presence
of claspers within the pelvic fins [22]. Whale shark partial sizes were measured using laser-
photogrammetry from the mouth to the base of the first dorsal fin [24,33], and total length
(TL) was subsequently calculated using the equation proposed by Matsumoto et al. [38].
However, laser-photogrammetry was only employed in 2022 and 2023; in previous years
(2018 and 2019), size measures were taken by comparison with the dimensions of the boat
and measures were not considered for greater accuracy of estimates.
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Photographs were then uploaded to the I*S (Interactive Individual Identification Sys-
tem) Classic pattern recognition software v4.0 to evaluate matches among specimens [24,33].
For each sighted and recorded shark, the following information was documented: identifi-
cation number, photos of both flanks, date and location of sighting, sex (if determined), TL
(if available), associated videos and photo references, and the position of scars and wounds.
If the same shark was resighted multiple times during the same or different years, only the
first recorded sighting was considered.

Videos were analyzed to classify the surface feeding behaviours exhibited by the
sharks, and only footage in which both the mouth and gills were clearly visible was used.
Feeding activities were categorized as passive (P), active (A), or vertical (V) following
the criteria described by Nelson and Eckert [22]. The frequency of each behaviour was
calculated as a percentage (%). It should be noted that individual sharks could be observed
multiple times throughout the day, and all exhibited behaviours were recorded.

2.3. Environmental Data Collection

Environmental variables were collected during all scientific expeditions (2018, 2019,
2022, and 2023), either measured in situ or obtained from international databases as follows:

(1) SeasSurface temperatures (SST), expressed in degrees Celsius (°C) was obtained by Cli-
mate Re-analyser database https:/ /climatereanalyzer.org/research_tools/monthly_
tseries/ (accessed on 15 January 2024).

(2) Wind speed, expressed in knots, was obtained by Visual Crossing programme https:
/ /www.visualcrossing.com/excel-weather/ (accessed on 15 January 2024).

(8) Sea Surface Chlorophyll-a (SSC) concentration, expressed in mg/m3, was obtained
by Copernicus Marine Data Storage programme https://marine.copernicus.eu/it/
accesso-dati (accessed on 15 January 2024).

(4) Cloud coverage, expressed in oktas, represents the fraction of the sky obscured by
clouds in eighths [39]. The following intervals were used to categorize sky conditions:
0-2 oktas for clear sky, 3-5 oktas for partly cloudy sky, and 6-8 oktas for overcast
sky. Cloud coverage data were obtained from the Visual Crossing programme https:
/ /www.visualcrossing.com/excel-weather/ (accessed on 15 January 2024).

(5) El Nifio Southern Oscillation (ENSO), expressed in Multivariate ENSO Index (MEI),
was obtained by NOAA Physical Sciences Laboratory database https://psl.noaa.gov/
enso/mei/ (accessed on 15 January 2024).

2.4. Statistical Analysis

This study assessed 85 recorded surface feeding behaviours (from individuals exhibit-
ing at least one feeding behaviour) across four time periods (2018, 2019, 2022, and 2023).
The dataset contains both quantitative and qualitative variables. The formers correspond
to five environmental factors: SST (°C), SSC (mg/ m?3), ENSO (MEI), cloud coverage (oktas),
wind speed (knots); the latter correspond to the three different feeding behaviours: active
(A), passive (P), and vertical (V) feeding. SST, SSC, ENSO, and wind speed were catego-
rized as scale-level variables. The cloud coverage is categorized as an ordinal level variable
characterized by ranks as follows: 1 = 0-2 oktas; 2 = 3-5 oktas; 3 = 6-8 oktas. The feeding
behaviour is a nominal variable.

2.4.1. Are Observed Feeding Behaviours Not Driven by Uneven Sampling Effort Across the
Different Sampling Windows?

To verify that the observed feeding behaviours are not driven by uneven sampling
effort across the different sampling windows, two complementary checks were imple-
mented using the observation date and the ordinal coding of feeding behaviour (V <P < A),
corresponding to vertical, passive, and active feeding behaviour. Weeks were defined as
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International Organization for Standardization (ISO) weeks of the year. Because several
week-by-category cells are sparsely populated, model-based inference was used alongside
a parsimonious contingency-table comparison. (A) Week-of-year effect net of inter-annual
heterogeneity. A proportional-odds ordinal logit with year fixed effects (FE) was estimated,
and the week-of-year block was evaluated through a likelihood-ratio (LR) test comparing
models with vs. without the week factor. (B) Early vs. late sampling window. As a
robustness simplification, observations were grouped into an earlier (ISO week < 48) and a
later (ISO week > 48) sampling window, and independence between this two-level timing
indicator and feeding behaviour was tested using Pearson’s chi-squared test. Effect size
was summarized by Cramér’s V.

2.4.2. Observed Feeding Behaviour Patterns Could Be Distorted by Variation in
Observation Effort? Or Does the Number of Feeding Behaviours Depend on the
Number of Whale Sharks Observed?

To evaluate whether the observed feeding behaviour patterns could be distorted by
variation in observation effort, a composition-based check was performed using the daily
sampling record. Observations with missing date or feeding behaviour were excluded.
Feeding behaviour was treated as a three-level categorical outcome (V, P, A). For each
sampling day, the total number of observation records was computed and interpreted as a
proxy for the number of whale-shark “sightings” recorded that day (daily_sightings). In
parallel, the number of “A’ events recorded on the same day (A_count) was calculated. The
response of interest was the daily proportion of ‘A’ behaviours, operationalised through
a binomial likelihood with A_count successes out of daily_sightings trials. A baseline
intercept-only model was compared to an extended model including daily_sightings as
a predictor. The incremental contribution of daily sightings was assessed via an LR test
(deviance difference).

To assess whether any apparent association was robust and not driven by between-
year heterogeneity or isolated high-leverage sampling days, four complementary sensitivity
analyses were carried out. First, the binomial models were refitted including year fixed
effects and the LR test was repeated for the addition of daily_sightings. Second, a quasi-
binomial specification was estimated to allow for potential extra-binomial variation, and
inference on the daily_sightings slope was based on the corresponding Wald test (with the
estimated dispersion parameter ¢). Third, influential-point diagnostics were computed
using Cook’s distance under the unadjusted daily model; the most influential day was
removed and the LR test was recomputed (leave-one-out sensitivity). Fourth, the data were
aggregated at the ISO week level within year (year-week periods), and the year-adjusted
LR test was repeated using weekly totals (sightings) and weekly A counts.

2.4.3. Multicollinearity Checks Among Environmental Covariates

Multicollinearity among the environmental covariates (sst, chl_a, enso, cloud_cov,
wind_speed) was assessed using pairwise correlation analysis and variance inflation factors
(VIE). Prior to computing these diagnostics, the data were restricted to complete cases
across the five covariates, and all variables were coerced to numeric format; observations
producing missing values after coercion were excluded. Pearson correlation coefficients
were computed to quantify linear associations, and Spearman rank correlations were com-
puted as a robustness check against non-normality and monotone (non-linear) relationships.
Correlation results were saved both as matrices and as a ranked list of variable pairs or-
dered by absolute correlation. In addition, VIF values were computed from auxiliary linear
regressions in which each covariate was regressed on the remaining covariates, provid-
ing a complementary multicollinearity diagnostic. All multicollinearity diagnostics were
computed on complete cases (n = 72).
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2.4.4. Four-Level Step Approach: PERMANOVA, Multinomial Logistic Regression,
Marginal Effects, and Cochran’s Q

Analyses were conducted to evaluate whether environmental conditions discrim-
inate feeding-behaviour categories and to quantify how individual covariates relate
to behavioural composition under a multi-step framework. The workflow comprises:
(i) a PERMANOVA test in environmental space; (ii) a multinomial logistic regression for
class membership with out-of-sample classification diagnostics; (iii) marginal effects on
predicted outcome probabilities; and (iv) a matched-model comparison (Cochran’s Q with
McNemar post hoc tests) focusing on the binary contrast A versus non-A.

All steps were implemented on complete cases for feeding behaviour and the five
environmental covariates (sst, chl_a, enso, cloud_cov, wind_speed). Feeding behaviour
was coded as a three-level factor with labels V, P, and A. When available, the year was
retained as a blocking /adjustment factor to reduce sensitivity to between-year differences.
The final complete-case sample used here was n =72 (V: 10, P: 48, A: 14).

Step 1: PERMANOVA (environmental space vs. behaviour)

Environmental covariates were standardized (z-scores) and an Euclidean distance
matrix was computed in the resulting multivariate space. A PERMANOVA was used to test
whether distances among observations differ across behaviour categories. Permutations
were performed under a reduced model with 9999 randomisations; when year was present,
permutations were constrained within year strata.

Step 2: Multinomial logistic regression and confusion matrix

A multinomial logistic regression was fit to model behaviour as a function of the
environmental covariates (and year effects when available). A simple predictive check was
performed using an 80/20 random split into training and test sets.

Step 3: Marginal effects on outcome probabilities

Average marginal effects were computed on the probability scale to summarize how
each environmental covariate shifts the predicted probability of each outcome (V, P, A),
averaged over the observed covariate distribution.

Step 4: Cochran’s Q and post hoc McNemar comparisons (A vs. non-A)

A matched-model comparison was performed to assess whether single-covariate
logistic models differ in their ability to classify A versus non-A. For each environmental
predictor, a separate binomial logistic regression was fit (with year effects when available).
Predicted probabilities were thresholded using a prevalence-based cutoff equal to the
observed proportion of A in the complete-case sample (cutoff = 0.1944), which is more
stable than a 0.5 threshold under class imbalance. For each model and observation, a
correctness indicator was defined (1 = correct; 0 = incorrect). Cochran’s Q test was then
applied to the matched correctness matrix.

3. Results
3.1. Whale Shark Identification and Surface Feeding Behaviour

A total of 88 specimens were photo-identified: 33 in 2018, 36 in 2019, 13 in 2022, and
6 in 2023. In 2018, of the 33 identified whale sharks, 11 were males and one female, while
the others (n = 21) were unsexed. In 2019, of the 36 identified sharks, 22 were males and
one female, while the others (n = 13) were unsexed. In 2022, of 13 identified sharks, 3 were
males and 3 females, while the others (n = 7) were unsexed. In 2023, of the six identified
sharks, two were females and one male, while the others (n = 3) were unsexed.

Eight whale sharks were measured in size through laser-photogrammetry: 2022 had
4 with an average TL of 5.96 £ 1.61 m; and 2023 had 4 with an average TL of 3.51 & 0.96 m.
Based on the measured TL, these sharks were classified as immature [40].
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Overall, 85 surface feeding behaviours were recorded. In 2018, the most frequent
surface feeding behaviour was P (70%), followed by A (19%), and V (11%). In 2019, the
most frequent surface feeding behaviour was P (43,5%), followed by V (37%), and A (19.5%).
In 2022, the most frequent surface feeding behaviour was V (71%), followed by P (29%). In
2023, the most frequent surface feeding behaviour was P (59%), followed by V (23%), and
A (18%) (Table 1).

Table 1. Percentages (%) of surface feeding behaviours displayed by whale sharks across sampling
years. A stands for active feeding; P stands for passive feeding; and V stands for vertical feeding.

Surface Feeding Behaviour 2018 2019 2022 2023
A 19 19.5 - 18
P 70 43.5 29 59
Vv 11 37 71 23

Total 100 100 100 100

3.2. Environmental Factors and Surface Feeding Behaviour
3.2.1. Concerning the Observed Feeding Behaviour Patterns That Could Be Distorted by
Variation of the Sampling Windows

Concerning the feeding behaviours not driven by uneven sampling effort across the
different sampling windows, Table 2 reports the Early vs. Late distribution of feeding
behaviour, and Table 3 summarizes the formal tests. Both checks indicate that the be-
havioural composition differs across sampling windows. In the Early vs. Late comparison,
the proportion of A is higher in the Late window, whereas V is more frequent in the Early
window (Pearson x2 = 12.113, df = 2, p = 0.00234; Cramér’s V = 0.378; n = 85). Consistently,
the year-adjusted ordinal model shows a statistically detectable weekly campaign contri-
bution beyond year fixed effects (LR = 11.786, df = 3, p = 0.00815; n = 85). These results
indicate that the distribution of observed feeding behaviours varies systematically with
the timing of observations (week-of-year). Then, it was explicitly verified whether this
timing signal persists after accounting for the measured ecological conditions (sst, chl-a,
enso, cloud_cov, and wind_speed) and inter-annual heterogeneity. The evidence supports a
temporal dynamic in behavioural composition rather than a pattern that can be attributed
to differential sampling effort. In this sense, the sampling calendar is informative because
it is aligned with time-varying ecological conditions, while the remaining week-to-week
differences reflect additional temporal structure in the system beyond what is captured by
the available environmental covariates.

Table 2. Feeding behaviour by sampling window.

Sampling Window \' P A n

Early 13 (29.5%) 29 (65.9%) 2 (4.5%) 44
Late 4 (9.8%) 25 (61.0%) 12 (29.3%) 41
Total 17 54 14 85

Notes: Test (Early vs. Late): Pearson chi-square. n denotes the total number of observations within each
sampling window.

Complete cases were retained for both the response and the ecological covariates
(n = 85). Feeding behaviour was modelled as an ordered outcome with levels V <P < A
(coded 1-3). Observation dates were mapped to ISO week-of-year to construct a categorical
weekly “campaign” factor; to stabilize estimation under sparse designs, week levels with
fewer than three observations were pooled into an “Other” category, resulting in four-week
levels overall. Proportional-odds ordinal logistic models were then estimated, comparing
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a baseline specification including ecological covariates and year fixed effects (sst, chl_a,
enso, cloud_cov, wind_speed + year) with an extended specification that additionally
included the weekly timing factor. The incremental contribution of timing was evaluated
via a likelihood-ratio test between the two models, with AIC reported as complementary
evidence on relative fit. As reported in Table 4, adding week-of-year to the model that
already controls for the ecological covariates and year fixed effects yields a statistically
detectable improvement in fit (LR = 8.840, df = 3, p = 0.0315), with a concordant decrease
in AIC (151.10 to 148.26). This indicates that the ecological covariates explain part of
the variability in feeding behaviour, yet the week-of-year retains additional informative
content. This pattern is consistent with residual temporal dynamics (e.g., seasonality or
other unmeasured time-varying processes) that are not fully captured by the environmental
variables available in the dataset.

Table 3. Summary of sampling-window robustness tests.

Test Statistic df p-Value Effect Size Min Expected n

Pearson chi-square ~ 12.113 2 0.00234 Cramér’s V=0378 6.753 85

Ordinal logit 11.786 3 0.00815 - - 85
Notes: df denotes the degrees of freedom of the test, for the Pearson chi-square. Effect size reports the magnitude
of association where applicable: Cramér’s V is provided for the contingency-table test as a standardized measure
on [0,1] (larger values indicate stronger association), while an analogous standardized effect size is not reported
for the LR test in this summary table.
Table 4. Conditional timing check controlling for ecological covariates and year fixed effects.

Test LR_Stat df p_Value n  n_week levels n_year levels aic_env_only aic_env_plus_week

Ordinal logit  8.84024 3 0.03149 8 4 4 151.0953 148.2550

Notes: LR_stat is the likelihood-ratio statistic comparing the extended vs. baseline model. df is the difference
in model degrees of freedom (number of additional parameters introduced by the week factor). p_value is the
corresponding LR-test p-value. n is the number of complete-case observations used in estimation. n_week_levels
is the number of week-of-year factor levels included after pooling sparse weeks into an “Other” category.
n_year_levels is the number of year fixed effect levels included. AIC_env_only is the AIC of the baseline model
(ecological covariates + year fixed effects). AIC_env_plus_week is the AIC of the extended model (baseline + week-
of-year).

3.2.2. Concerning the Observed Feeding Behaviour Patterns That Could Be Distorted by
Variation in Observation Effort

The unadjusted daily composition check provides only borderline evidence that
the proportion of ‘A’ behaviours changes with observation intensity (Table 5; LR de-
viance = 3.868, df = 1, p = 0.049; 31 sampling days). However, this signal is not robust in
specifications that more directly address effort-related confounding. When between-year
differences are controlled for, the association between daily_sightings and P(A) is no longer
statistically detectable (Table 6; year-adjusted LR p = 0.142). A quasi-binomial specification
yields a non-significant slope (Table 6; Wald p = 0.074; ¢ = 0.628), indicating that inference
becomes more conservative once potential extra-binomial variation is allowed. Influence
diagnostics show that the unadjusted daily result is sensitive to a single high-leverage
day (Cook’s D =2.031 on 5 December 2019); removing this day shifts the LR test to non-
significance at the 5% level (Table 6; leave-one-out LR p = 0.059). Taken together, the daily
scale evidence does not support a stable effort-driven distortion in behavioural composi-
tion: ecological/temporal heterogeneity and single-day leverage largely account for the
borderline unadjusted signal. At the weekly aggregated scale, a significant association is
observed (Table 6; year-adjusted weekly LR p = 0.0016). Given the very small number of
year-week units and the strong temporal structure already documented in the sampling-
window analyses, this weekly scale result is more consistent with underlying temporal
dynamics than with a pattern driven solely by differential sampling intensity.
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Table 5. Binomial composition check at daily scale (unadjusted).

Test Statistic (LR Deviance) df p-Value n_Days
Binomial GLM:  3.86752 1 0.04923 31

Notes: The table reports a likelihood-ratio (LR) test from a binomial generalized linear model (GLM) assessing
whether the daily proportion of A behaviours varies with daily sampling intensity. Statistic (LR deviance) is the
LR deviance comparing the model including daily_sightings to the intercept-only model; it is asymptotically
distributed as a x> random variable under the null. df is the difference in degrees of freedom between the
two nested models (here 1, corresponding to the single added slope). p-value is the x? test p-value for the LR
statistic. n_days is the number of daily units included in the analysis.

Table 6. Robustness checks for the composition-based effort test.

Check p-Value Notes

Daily binomial (unadjusted) LR 0.04923 Borderline at 5%

Daily binomial (year-adjusted) LR 0.14206 Controls for between-year heterogeneity

Daily quasi-binomial (year-adjusted) Wald 0.07368 Allows extra-binomial variation (¢ = 0.628)
Daily binomial LOO LR 0.05911 Dropped 5 December 2019 (Cook’s D = 2.031)
Weekly binomial (year-adjusted) LR 0.00155 Aggregated by ISO week within year (few units)

Notes: The table summarizes robustness checks for the composition-based effort test, where the outcome is the
daily proportion of “A” behaviour and the predictor is observation intensity (daily sightings). For the year-
adjusted specifications, likelihood-ratio (LR) tests compare nested binomial models with vs. without the intensity
term while controlling for between-year differences via year fixed effects. The quasi-binomial specification
provides a robustness check that relaxes the strict binomial variance assumption; the reported p-value is the Wald
test for the intensity coefficient under this more flexible variance structure. The leave-one-out (LOO) check refits
the daily binomial model after removing the single most influential day identified by Cook’s distance in the
unadjusted daily analysis. Finally, the weekly aggregation collapses observations to ISO week-within-year units
to reduce day-to-day noise.

3.2.3. Multicollinearity

The correlation structure indicates generally moderate associations among the en-
vironmental predictors. In the Pearson matrix (Table 7), the largest absolute correlation
is observed between enso and chl_a (r = 0.827), which exceeds a conservative screening
threshold of |r| > 0.80. The next strongest Pearson association is between enso and sst
(r = 0.687), followed by chl_a and sst (r = 0.537). All remaining Pearson correlations
are small-to-moderate in magnitude. The Spearman matrix (Table 8) corroborates that
most dependencies are not extreme; the strongest monotone association is chl_alenso
(r = 0.500), which remains below the r threshold. This discrepancy between Pearson and
Spearman for the enso—chl_a pair is consistent with a strong linear component combined
with discretization/limited variability in ranks at the available sampling resolution.

Table 7. Pearson correlation matrix among environmental covariates.

sst chl_a enso cloud_cov wind_speed
Sst 1.000 0.537 0.687 —0.245 0.144
chl_a 0.537 1.000 0.827 —0.031 —0.224
Enso 0.687 0.827 1.000 —0.301 —0.022
cloud_cov —0.245 —0.031 —0.301 1.000 —0.344
wind_speed  0.144 —0.224 —0.022 —0.344 1.000

Notes: Pearson r quantifies linear association. Values were computed on complete cases (1 = 72).

VIF diagnostics (Table 9) further suggest that multicollinearity is not severe in the
present set of covariates. The largest VIF is observed for enso (VIF = 3.99), followed by
chl_a (VIF = 3.28), whereas the remaining covariates show substantially lower values.
In combination with the correlation screening, this pattern points to a modest shared
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signal primarily involving the enso—chl_a pair, without suggesting that the covariate set is
dominated by near-linear dependence. Overall, the evidence supports carrying forward
the full environmental specification in subsequent models, while treating the enso—chl_a
overlap as the main dependency to keep in view when interpreting individual coefficients
and when checking the stability of estimates under alternative specifications.

Table 8. Spearman rank correlation matrix among environmental covariates.

sst chl_a enso cloud_cov wind_speed
Sst 1.000 0.453 0.434 —0.167 0.228
chl_a 0.453 1.000 0.500 —0.084 —0.239
Enso 0.434 0.500 1.000 —0.496 0.164
cloud_cov —0.167 —0.084 —0.496 1.000 —0.325
wind_speed 0.228 —0.239 0.164 —0.325 1.000

Notes: Spearman p quantifies monotone association based on ranks. Values were computed on complete cases
n=72).

Table 9. Variance inflation factors (VIF) for environmental covariates.

Covariate VIF
Enso 3.99
chl_a 3.28
sst 1.88
cloud_cov 1.30
wind_speed 1.24

Notes: VIF values below 5 are commonly interpreted as indicating no severe multicollinearity.

The Pearson heatmap (Figure 2) highlights a concentrated block of positive association
among sst, chl_a, and enso, with the strongest cell corresponding to the enso—chl_a pair.
In contrast, cloud_cov shows weak-to-moderate negative associations with sst and enso,
and wind_speed displays only mild correlations overall. The Spearman heatmap (Figure 3)
shows a similar qualitative pattern but with attenuated magnitudes, and it more clearly
emphasizes the negative monotone relationship between enso and cloud_cov (r ~ —0.50).
Overall, the two heatmaps are consistent in indicating that potential collinearity concerns
are localized rather than pervasive across the predictor set.

wind_speed 0.14 -0.22 -0.02 -0.34

cloud_cov -0.34
enso -0.02
chl_a

-0.22

sst 0.14

X
&

Figure 2. Pearson heatmap.
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Figure 3. Spearman heatmap.

3.2.4. PERMANOVA, Multinomial Logistic Regression, Marginal Effects, and Cochran’s Q

Step 1: Results are summarized in Table 10.

Table 10. PERMANOVA results.

Test

Permutations Strata df F R? p_Value n

PERMANOVA

9999

year 2 0.8436 0.0239 0.6862 72

Notes: The table reports a PERMANOVA (permutational multivariate analysis of variance) testing whether the
multivariate environmental conditions differ across the three feeding behaviours (V, P, A). The analysis is based on
Euclidean distances computed from the standardized environmental covariates (SST, Chl-a, ENSO, cloud coverage,
wind speed) using complete cases (n = 72). Permutations indicate the number of random permutations used to
obtain the p-value (9999). Strata = year means permutations were restricted within year blocks to account for
inter-annual heterogeneity. The reported F is the pseudo-F statistic, and R? is the proportion of total multivariate
variance explained by behaviour. df refers to the degrees of freedom for the behaviour term. p_value is the
permutation-based significance level for the behaviour effect.

The PERMANOVA provides no evidence of behavioural separation in the multivariate
environmental space (p = 0.686; Table 10). The explained share of distance variance is small
(R? =~ 0.024), indicating that any between-behaviour differences in the joint distribution of
the five covariates are modest relative to within-behaviour variability.

Step 2: Multinomial logistic regression and confusion matrix

A multinomial logistic regression was fit to model behaviour as a function of the
environmental covariates (and year effects when available). A simple predictive check was
performed using an 80/20 random split into training and test sets. Class predictions on the
test set were summarized via a confusion matrix and standard metrics (Tables 11 and 12).

Table 11. Confusion matrix for the multinomial model (test set).

Truth \% P A
\Y% 0 1 0
P 0 11 0
A 0 2 1

Notes: The confusion matrix reports out-of-sample classification results for the multinomial logistic model
predicting the three feeding behaviours (V, P, A) from the environmental covariates. Rows denote the true
observed behaviour in the held-out test set, and columns denote the model’s predicted class (maximum predicted
probability). Cell entries are counts of test observations; the diagonal contains correct classifications. The test set
size is Nest = 15 (With Nyain = 57 used for model fitting).
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Table 12. Predictive diagnostics for the multinomial model (test set).

Metric Value n_test n_train
accuracy 0.8000 15 57
recall V 0.0000 15 57
recall_P 1.0000 15 57
recall_A 0.3333 15 57
precision_V NA 15 57
precision_P 0.7857 15 57
precision_A 1.0000 15 57

Notes: Predictive diagnostics are computed from the confusion matrix in Table 10 on the same held-out test set
(Ngest = 15; Nrain = 57). Accuracy is the overall share of correct classifications. Recall (class-specific sensitivity) is
the share of correctly predicted observations within each true class (row-wise). Precision (class-specific positive
predictive value) is the share of correct predictions among observations predicted as that class (column-wise).
Precision for class V is reported as NA because the model never predicted V in the test set (i.e., the predicted-V
column total is zero), so the quantity is undefined.

Predictive performance is concentrated in the majority class P: all P observations in
the test set were correctly classified (recall_P = 1.00), whereas the minority class V was not
recovered (recall_V = 0; Table 11). Classification of A is partial (recall_A = 0.33). Precision
for V is undefined because no test observation was assigned to V (Table 11). Given the
small test sample (n_test = 15) and class imbalance, these diagnostics are best interpreted
as a stability check rather than as a definitive assessment of predictive accuracy.

Step 3: Marginal effects on outcome probabilities

Average marginal effects were computed on the probability scale to summarize how
each environmental covariate shifts the predicted probability of each outcome (V, P, A),
averaged over the observed covariate distribution. Point estimates and confidence intervals
are displayed in Figure 4.

-40

Average marginal effect on outcome probability

-80
chl_a cloud_cov enso sst wind_speed

Figure 4. Average marginal effects on outcome probability from the multinomial model (with
confidence intervals).

Figure 4 indicates that effects are generally small for most predictors once uncertainty
is accounted for, which is coherent with the weak omnibus separation in PERMANOVA
(Table 9) and the limited recovery of minority classes in the classification check (Table 11).
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The most structured pattern is observed for chl_a, which shows outcome-specific shifts
consistent with changes in behavioural composition.

Step 4: Cochran’s Q and post hoc McNemar comparisons (A vs. non-A)

A matched-model comparison was performed to assess whether single-covariate
logistic models differ in their ability to classify A versus non-A. For each environmental
predictor, a separate binomial logistic regression was fit (with year effects when available).
Predicted probabilities were thresholded using a prevalence-based cutoff equal to the
observed proportion of A in the complete-case sample (cutoff = 0.1944), which is more
stable than a 0.5 threshold under class imbalance. For each model and observation, a
correctness indicator was defined (1 = correct; 0 = incorrect). Cochran’s Q test was then
applied to the matched correctness matrix. Model-wise diagnostics, the Q test, and pairwise
McNemar post hoc tests (Holm-adjusted) are reported in Tables 13-15.

Table 13. Cochran step diagnostics: model-wise correctness summaries (A vs. non-A).

Model n_correct share_correct var_correct
model_sst 44 0.6111 0.2410
model_chl_a 19 0.2639 0.1970
model_enso 19 0.2639 0.1970
model_cloud_cov 39 0.5417 0.2518
model_wind_speed 41 0.5694 0.2486

Notes: This table summarizes, for each single-covariate logistic model (A vs. non-A), the matched correctness
evaluated on the same n = 72 complete-case observations. n_correct is the number of observations correctly
classified by the model after converting predicted probabilities to a binary class using the prevalence-based
cutoff (cutoff = proportion of A in the analysis sample). share_correct is the corresponding proportion of correct
classifications. var_correct is the across-observation variance of the 0/1 correctness indicator.

Table 14. Cochran’s Q test comparing single-covariate models (A vs. non-A).

Test

Q

df p_Value n k_models cutoff

Cochran Q

47.7500

4 1.064 x 1077 72 5 0.1944

Notes: This table reports Cochran’s Q test used to assess whether the k = 5 single-covariate models have equal
correctness rates for the A vs. non-A classification when evaluated on the same n = 72 observations. Q is the
Cochran test statistic, with degrees of freedom df = k_models — 1. p_value quantifies evidence against the null
hypothesis that all models perform equally in terms of correctness. cutoff is the prevalence-based probability
threshold used to convert predicted probabilities into binary predictions before computing correctness.

Table 15. Pairwise McNemar post hoc tests (Holm-adjusted) for model correctness (A vs. non-A).

Model 1 Model 2 p_Value p_adj_holm
model_sst model_chl_a 8.324 x 107° 8.324 x 107°
model_sst model_enso 8.324 x 1076 8.324 x 107°
model_chl_a model_wind_speed 0.000126 0.001008
model_enso model_wind_speed 0.000126 0.001008
model_chl_a model_cloud_cov 0.0007829 0.004698
model_enso model_cloud_cov 0.0007829 0.004698
model_sst model_cloud_cov 0.4414 1

model_sst model_wind_speed 0.7003 1
model_chl_a model_enso 1 1
model_cloud_cov model_wind_speed 0.8231 1

Notes: This table reports pairwise McNemar post hoc comparisons of classification correctness between single-
covariate logistic models for the A vs. non-A contrast. Reported p_value refers to the unadjusted McNemar test, while
p_adj_holm is the Holm-adjusted p-value controlling the family-wise error rate across all pairwise comparisons.

https://doi.org/10.3390/d18030136


https://doi.org/10.3390/d18030136

Diversity 2026, 18, 136

15 of 20

Cochran’s Q strongly rejects equality of correctness across the five single-covariate
models (Q = 47.75, df =4, p = 1.06 x 10~%; Table 14), indicating that predictive agreement
with the A/non-A contrast differs materially by predictor under the prevalence-based
decision rule. Table 13 shows that the sst-only model attains the highest overall correctness
(44/72), whereas chl_a-only and enso-only models attain substantially lower correctness
(19/72 each). Post hoc McNemar tests (Table 15) support differences between the sst-only
model and both chl_a-only and enso-only models after multiplicity adjustment, while
differences among sst, cloud_cov, and wind_speed are not supported.

4. Discussion

During the sampling period, 88 individual whale sharks were photo-identified using
the I3S Classic programme. This result further confirms that Nosy Be hosts a significant
whale shark aggregation, as previously reported by Diamant et al. [5], who photo-identified
681 individuals in this area, highlighting the ecological relevance of this site at a broader
spatial scale. Moreover, most of the identified whale sharks were males (n = 37) compared
to females (n = 7), and all measured individuals were immature, confirming a sex- and
size-based segregation in favour of immature males, as also reported by Diamant et al. [5]
for Nosy Be.

However, the high number of unsexed individuals (n = 44), due to observational
limitations, constrains robust inference and limits the interpretation of temporal patterns in
sex composition. Nonetheless, the overall male bias observed is consistent with previous
reports of sex segregation in whale sharks at coastal feeding sites [6,11,19,24,25,33]. Simi-
larly, although the limited number of measured individuals precludes assessments at the
scale of the entire aggregation, these observations align with earlier studies showing that
coastal aggregation sites are typically dominated by immature individuals [11,19,25,26].
While sex- and size-based segregation are common among shark species—often driven by
differences in nutritional requirements or by the avoidance of intra-specific competition
and predation—the underlying mechanisms of sexual segregation in whale sharks remain
unclear, and dietary differences between immature and mature individuals have been
suggested [10].

Our results suggest a decline in whale shark sightings over time in November, from
more than 30 individuals observed and photo-identified in 2018 and 2019 to only a few
individuals identified in 2022 and 2023. This variability could be likely driven by a combi-
nation of environmental conditions, interannual differences in survey effort, and variation
in detectability, rather than reflecting true changes in population size, and should therefore
be interpreted with caution. The occurrence of whale shark aggregations in the waters
surrounding Nosy Be has generally been associated with periods of enhanced productiv-
ity [5]. In this region, Pripp et al. [3] identified persistent upwelling activity north of Nosy
Be. Unlike classical wind-driven upwelling systems, these processes appear to be primarily
associated with a strong north-easterly current linked to an anticyclonic gyre. Previous
studies have also suggested that the influence of this gyre in the northern Mozambique
Channel may promote localized upwelling along the northern coast of Madagascar [41].
Additional evidence of enhanced productivity was documented by Stephen et al. [42], who
reported elevated zooplankton concentrations in localized hotspots near Nosy Be. Further-
more, Pripp et al. [3] recorded large aggregations of seabirds in the area, corroborating the
findings of Jaquemet et al. [43], who demonstrated a strong association between seabird
distribution and mesoscale eddy activity in the Mozambique Channel. Given the absence of
major riverine inputs and the generally low rainfall characterizing the region, terrestrial nu-
trient supply is likely limited. Consequently, the elevated biological productivity observed
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in the waters surrounding Nosy Be is most plausibly driven by physical oceanographic
processes, particularly upwelling and mesoscale circulation.

Although annual zooplankton biomass concentrations were not directly assessed in
this study;, it is well established that increased zooplankton availability is closely linked
to elevated SSC concentrations [6,30,44]. The data collected indicate a consistent increase
in SSC from 2018 to 2019 (0.085 mg/m?) to 2022 (0.125 mg/m?) and 2023 (0.127 mg/m?).
While this trend may have promoted higher zooplankton abundance, it did not correspond
to an increase in whale shark sightings over time. This discrepancy raises further questions
regarding the feeding ecology of whale sharks in Nosy Be, suggesting that they may not
rely exclusively on zooplankton and may instead supplement their diet with alternative
food sources, as previously proposed by other authors [5,8,17].

To our knowledge, this study represents the first investigation in the waters of Nosy
Be specifically aimed at providing preliminary evidence of immature whale shark surface
feeding behaviour in relation to environmental variability. More broadly, studies exam-
ining the influence of environmental drivers on whale shark surface feeding behaviour
remain very scarce [24]. Across the whale-shark sightings, firstly, (i) when the five en-
vironmental covariates are considered jointly, the three feeding behaviours (V/P/A) do
not occupy clearly distinct environmental conditions: most observations fall in strongly
overlapping parts of the multivariate space, and the PERMANOVA indicates that any
overall between-behaviour differences are small compared with the variability observed
within each behaviour (Table 9). Put differently, very similar combinations of sst, chl-a,
enso, cloud_cover, and wind_speed are associated with different feeding behaviours, so the
behaviour is unlikely to be explained by a single, stable multivariate set of environmental
conditions. (ii) Second, this overlap naturally limits out-of-sample discrimination. In the
multinomial logit, the apparent performance is largely a reflection of class prevalence: the
model predicts the dominant posture P well but has limited ability to recover the minority
postures—especially A—because relatively few A and V events are available to learn stable
boundaries (Tables 10 and 11). Practically, the model is better read as an “association model”
than as a reliable classifier of individual events: it captures some structure in the data, but
the predictive signal is not strong enough (given the imbalance) to separate rare postures
consistently. (iii) Third, the most useful ecological message comes from the marginal effects,
which translate the fitted multinomial model into direction-of-change statements for each
posture. The marginal effects ask: “holding the rest constant, how does the probability
of each feeding posture tend to move when one covariate increases?”. Figure 3 provides
this outcome-specific directionality: for each covariate, it summarizes whether the average
change in predicted probability is upward or downward for V, P, and A, and how uncertain
that average change is. Even when the overall separation between behaviours is limited,
marginal effects are still useful because they tell us how the probability of each behaviour
tends to change as an environmental variable increases. In other words, the data are not
split into clear behavioural ‘zones/clusters’, but some covariates can still shift the balance
of observed behaviours (Figure 3). In the marginal-effects analysis, chlorophyll-a (SSC)
emerges as the most informative covariate. Its average effects are visibly larger than those of
the other predictors and they are consistent across outcomes: increases in SSC are associated
with a higher predicted probability of the dominant behaviour P, while the probabilities of
V and A tend to decrease on average. Conversely, sst, enso, cloud_cov, and wind_speed
exhibit much smaller average effects—typically close to zero relative to ssc—suggesting a
more limited contribution to differentiating feeding behaviours in this dataset.

The results indicate that SSC concentration was the most influential environmental
variable associated with immature whale shark surface feeding behaviour, and that under
elevated SSC conditions, P feeding was significantly more prevalent and V and A tend to
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decrease. Areas characterized by higher SSC concentrations generally reflect increased prey
availability, which “normally” may favour A and vertical V feeding strategies [21,24,45,46].
Conversely, lower SSC concentrations are typically associated with reduced prey densities,
under which P feeding behaviour tends to predominate [24,46]. V feeding allows whale
sharks to ingest large quantities of prey over short time intervals without forward movement,
which may be energetically advantageous when prey is densely aggregated [22]. Given
the large body size and associated energetic demands of whale sharks, reliance on dense
prey patches is likely necessary to meet daily metabolic requirements. Other factors not
considered in this study could explain why P is the overall prevalent behaviour, perhaps
linked to zooplankton ecology. The work by Bava et al. 2022 [8] highlighted the presence
of size classes and annual fluctuations in its abundance, with a lower abundance in 2019
compared to 2018, with a decrease in Copepoda and Cnidaria in favour of Appendicularia.
However, although SSC concentrations in 2018 and 2019 were lower than those recorded
in 2022 and 2023—supporting the higher frequency of P feeding behaviour observed in
those earlier years—in 2023 SSC reached its highest recorded value, yet P feeding remained
the most frequently displayed strategy. The lack of a consistent correspondence between
increasing SSC concentrations and the expected dominant feeding strategy suggests that
SSC alone may not fully capture the environmental conditions governing immature whale
shark surface feeding behaviour, and that additional parameters should be considered.
Although sampling campaigns coincided with the onset of the rainy season, average rainfall
during fieldwork periods was low (<2 mm/h'), indicating limited terrestrial nutrient input
at the time of surveys. Consequently, short-term variability in prey availability is unlikely
to have been strongly influenced by riverine nutrient inputs. At the same time, large-
scale climatic drivers, including variations in air temperature and SST, may influence
water quality and ecosystem functioning. Changes in precipitation regimes can affect
nutrient transport from land, while increasing temperatures may alter biogeochemical
cycling, primary productivity, microbial processes, evapotranspiration, and water-column
stratification [47]. Taken together, these interacting processes may contribute to variability
in prey distribution and availability that is not fully captured by SSC concentrations alone.

The significance of ENSO—the largest VIF is observed for enso (VIF = 3.99), followed
by chl_a (VIF = 3.28), whereas the remaining covariates show substantially lower values—
is interesting. In combination with the correlation screening, this pattern points to a modest
shared signal primarily involving the enso-sst pair, without suggesting that the covariate
set is dominated by near-linear dependence. Overall, the evidence supports carrying
forward the full environmental specification in subsequent models, while treating the
enso—chl_a overlap as the main dependency to keep in view when interpreting individual
coefficients and when checking the stability of estimates under alternative specifications.
In the southwestern Indian Ocean, ENSO phases are closely linked to other climatic and
oceanographic processes, including tropical cyclone activity and dipole systems [48].

V feeding was most frequently observed in 2022, coinciding with a strong La Nifia
event (MEI = —1.3), conditions typically associated with increased cyclone activity, higher
rainfall, and stronger winds, which enhance water-column mixing and promote localized
prey aggregation [24]. In contrast, 2023 coincided with a strong El Nifio event (MEI = 1.1),
while 2018 and 2019 coincided with moderate El Nifio conditions (MEI = 0.1 in 2018 and
MEI = 0.4 in 2019). During these periods, reduced cyclone activity and weaker wind
forcing likely limited mixing, resulting in lower prey aggregation and a predominance of P
feeding behaviour [24]. SST and wind speed were not retained in the final models. Whale
sharks exhibit broad thermal tolerance and commonly occupy near-surface waters within a
relatively narrow temperature range [28], which may explain the absence of a detectable
SST effect on surface feeding behaviour in this study. Similarly, wind speeds recorded
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during the study period were generally low and likely insufficient to generate substantial
mixing capable of influencing nutrient redistribution or prey aggregation, thereby limiting
their observable effect on surface feeding behaviour [49].

5. Conclusions

Investigating the effects of environmental factors on whale shark surface feeding be-
haviour remains inherently challenging due to the complex and dynamic nature of marine
ecosystems and the high variability of environmental drivers. Nevertheless, these prelimi-
nary findings, in line with recent studies, suggest that variables such as SSC concentration,
and ENSO, even if they do not appear to provide a strong enough predictive signal of
feeding behaviours, can instead provide the probability of a certain type of behaviour in
the presence of an increase in one of the environmental variables.

Despite these preliminary insights, further research incorporating direct measures
of phytoplankton and zooplankton abundance over longer temporal scales integrated
with data on the prey subject to feeding behaviour is required to better characterize prey
availability and its relationship with surface feeding strategies of immature whale sharks, as
well as improve other environmental variables not analyzed in the present study. Improving
the ability to predict whale shark surface feeding behaviour based on environmental
parameters may enhance our understanding of habitat use and spatial distribution in the
study area, particularly given the species’ sensitivity to fluctuations in food resources.
Moreover, the potential influence of global climate change on whale shark feeding ecology
warrants careful consideration. Consequently, long-term and continuous data collection
is essential to disentangle the relative roles of local and regional drivers and to provide
robust information to support effective management and conservation of whale sharks in
this area of high ecological and conservation value.
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