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Abstract

Small seasonal wetlands are among the most widespread freshwater habitats in
agricultural landscapes worldwide, yet they remain poorly integrated into biodiversity theory and
conservation practice. This dissertation uses field surveys and satellite remote sensing across
small seasonal ponds in western India to investigate how habitat structure, hydrological
dynamics, and analytical choices jointly shape ecological patterns and conservation outcomes in
these understudied ecosystems.

The first study integrates powerful, but often disjunct concepts in ecology - foundation
species ecology and species-area theory. We ask how habitat-forming vegetation and trophic
identity modulate biodiversity—area relationships in waterbird communities. Ponds with greater
vegetation cover—acting as foundation species (FS) that provide structural habitat—exhibited
steeper species—area (SARs) and abundance—area relationships (AARs). In small ponds, however,
high FS cover reduced richness and abundance, likely by eliminating open-water foraging space.
Contrary to classical predictions, herbivores showed stronger area dependence than omnivores or
carnivores, offering rare within-taxon evidence of trophic modulation of biodiversity—area
scaling. These effects were strongest during the dry summer season, when vegetation likely
provides critical refuge in a resource-scarce landscape.

The second study examines how seasonal habitat contraction restructures trophic
dominance within the same pond network. Using paired winter—summer surveys combined with
satellite-derived water extent, we show that predator biomass density increased with habitat
contraction while herbivores showed a vegetation-mediated occupancy response—a guild-level
divergence consistent with trophic-selective aggregation rather than passive crowding. This links
flood-pulse and predator-permanence frameworks in time rather than space, and offers a
mechanistic basis for predicting trophic reorganization as climate change intensifies seasonal

drawdown across human-modified landscapes.
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The third study addresses a practical question that runs through both empirical chapters:
when do analytical choices about how to represent abundance data change conservation
priorities? We fitted matched presence—absence, count, and ordinal models to 58 species—season
combinations and compared the wetlands selected under a fixed conservation budget, supported
by a simulation study spanning 360 ecological scenarios. Presence—absence data performed
adequately when counts were near-binary or a strong shared environmental gradient drove both
occurrence and abundance. Ordinal categories added genuine conservation value in roughly one
quarter of scenarios, where baseline counts were moderate-to-high and spread across ordinal bins.
Counts became non-negotiable when occurrence and abundance responded to opposing
environmental drivers—a decoupling common among colonial breeders and seasonally flocking
waterbirds—where presence—absence rankings could actively misdirect conservation resources.

Together, these three studies reveal that biodiversity patterns in small wetlands are
governed by the interplay of spatial extent, habitat structure, seasonal hydrology, and trophic
identity—and that the analytical lens through which those patterns are measured can itself alter
conservation outcomes. Integrating these ecological and methodological dimensions offers a
more robust foundation for managing the small, seasonal wetlands that dominate agricultural

landscapes globally.
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1. Introduction

Wetlands are among the most valuable ecosystems on Earth. Although they cover less
than 3% of the planet’s surface, they are estimated to contribute roughly 40% of global renewable
ecosystem services, including carbon sequestration, groundwater recharge, flood control, nutrient
removal, and biodiversity maintenance (Zedler & Kercher, 2005; Costanza et al., 2014; Kingsford
et al., 2016). Their complex hydrological regimes create distinctive habitat conditions that
support a wide range of organisms, including amphibians, reptiles, invertebrates, mammals,
plants, fish, and waterbirds. Wetland-dependent biodiversity is disproportionately high relative to
wetland area: freshwater ecosystems support roughly 10% of all known species while occupying
less than 1% of the Earth’s surface (Strayer & Dudgeon, 2010). This includes obligate aquatic
taxa as well as many terrestrial organisms, such as bird communities whose ecology is closely
tied to wetland availability (Barik et al., 2022; Dudgeon et al., 2006; Vordsmarty et al., 2010).
Despite their ecological significance, wetlands have declined by an estimated 50% since 1900,
and ongoing pressures from agricultural expansion, urbanization, hydrological modification, and
climate change threaten continued declines (Davidson 2014; Collen et al. 2014; Froneman et al.,
2001; Jantz et al., 2015).

Among these pressures, agricultural intensification is particularly widespread. Over the
past 60 years, agriculture has doubled in extent across the tropics, making it a dominant driver of
wetland loss and biodiversity decline (Oakley & Bicknell, 2022). At the same time, wetlands
embedded within agricultural landscapes — rice fields, irrigation ponds, village tanks, and
seasonal marshes — continue to support diverse assemblages of waterbirds and aquatic organisms
and often serve as critical habitat in regions where natural wetlands have been reduced or lost
(Keddy, 2000; Sundar & Kittur 2013). In India alone, more than 350 bird species use rice paddies
in addition to more natural habitats, underscoring the biodiversity value of even heavily managed

aquatic systems (Sundar & Subramanya, 2010). These agricultural wetlands are simultaneously



pervasive and poorly studied: too modified to fit standard conservation frameworks easily, yet
collectively important for maintaining regional biodiversity.

Small, seasonal wetlands are the most abundant of these habitats, but also among the least
integrated into biodiversity theory and conservation practice. Unlike permanent lakes or large
protected wetlands, they undergo pronounced seasonal shifts in water extent, vegetation structure,
and community composition. These fluctuations create ecological dynamics that are not well
captured by single-season assessments or area-based conservation strategies alone. Understanding
biodiversity in such systems requires attention to several interacting dimensions. First, spatial
extent and habitat structure shape which species can occur and persist. Second, seasonal
hydrological change reorganizes communities through time. Third, analytical choices about how
biodiversity is measured can influence which wetlands are ultimately prioritized for protection.

This dissertation addresses these dimensions using field surveys and satellite remote
sensing from a network of small seasonal ponds in an intensively irrigated agricultural district in
western India. Waterbirds serve as the focal taxon throughout. They are readily detected and
identified in the field, span multiple trophic levels within a single taxonomic group, and are
highly responsive to both habitat structure and hydrological dynamics, making them useful
indicators of wetland ecological condition (Bibby et al., 2000; Barik et al., 2022). Crucially,
waterbirds depend on aquatic habitats for foraging, breeding, or roosting, meaning their
distributions and abundances are tightly coupled to the specific wetland attributes — area,
vegetation structure, and seasonal water availability — that this dissertation examines. Terrestrial
bird assemblages, by contrast, respond not only to wetland characteristics but also to the quality
and composition of the surrounding matrix, introducing confounding effects that would
complicate attribution of community patterns to within-wetland processes. Focusing on
waterbirds therefore maximizes the ecological relevance of the focal taxon to the study questions

while enabling cleaner inference about how wetland-specific features structure communities.



Across three empirical chapters, the dissertation develops a multi-dimensional account of
waterbird community structure in small seasonal wetlands, integrating spatial, temporal, and

methodological perspectives.

1.1 Dissertation overview

This dissertation asks how biodiversity patterns in small seasonal wetlands are shaped by
the interaction of habitat structure, seasonal hydrology, trophic organization, and the analytical
frameworks used to interpret ecological data. The three chapters are linked by a common field
system and taxonomic focus, but each addresses a different dimension of this broader question.

In Chapter 2, we ask how habitat-forming vegetation and trophic identity jointly shape
biodiversity—area relationships in waterbird communities. The positive relationship between
habitat area and species richness is one of ecology's most robust empirical patterns (Arrhenius
1921; Rosenzweig 1995), yet the processes driving variation in its functional form remain
incompletely understood. Foundation species, such as emergent macrophytes, can alter habitat
structure in ways that increase niche availability and facilitate community assembly (Dayton
1972; Ellison et al. 2005; Angelini and Silliman 2014). Trophic theory further predicts that
biodiversity scaling may differ across consumer groups because higher trophic levels depend on
the spatial distribution and abundance of organisms below them (Holt et al. 1999; Gravel et al.
2011). In Chapter 2, we ask two main questions: first, whether vegetation cover modifies species—
area and abundance—area relationships, including whether its effects depend on wetland size; and
second, whether these relationships differ systematically among waterbird trophic groups.

In Chapter 3, we turn from the static spatial structure of wetlands to their temporal
dynamics, asking how seasonal habitat contraction reorganizes trophic dominance within the
same pond network. Seasonal flooding and recession are defining features of small wetlands in
monsoon-driven regions, yet the trophic consequences of these hydrological transitions remain

understudied. Predator-permanence theory predicts that longer-hydroperiod systems support
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predator-dominated communities (Wellborn et al. 1996), while flood-pulse theory identifies the
recession phase of the hydrograph as a period of prey concentration that can trigger intense
predator aggregation (Junk et al. 1989; Frederick and Ogden 2003). Using paired within-pond
surveys across seasons, Chapter 3 asks whether predators show higher biomass density under
drier hydrological states, whether the magnitude of seasonal habitat contraction predicts predator
dominance under drawdown, and whether observed trophic reorganization is best explained by
prey concentration, greater primary productivity, or turnover in predator composition.

We augment these ecological questions with a methodological one in Chapter 4: when
do analytical choices about how to represent abundance data change conservation priorities?
Biodiversity monitoring programs often record both detections and counts, but analyses
frequently collapse those data to presence—absence. Whether that simplification matters depends
on the ecological structure of the system, but this is rarely assessed in advance. Chapter 4
compares matched presence—absence, count, and ordinal abundance models across 58 species—
season combinations, supported by a simulation study, and assesses how often model choice
changes which wetlands are prioritized under a fixed conservation budget. It further asks whether
ordinal abundance categories provide useful information beyond presence—absence and whether
diagnostic properties of species’ count distributions can help practitioners anticipate when more
detailed abundance modeling is likely to matter.

Together, these chapters develop an integrated argument: biodiversity patterns in small
seasonal wetlands are shaped by the interplay of spatial extent, habitat structure, seasonal
hydrology, and trophic identity, and the analytical lens used to measure those patterns can itself
influence conservation priorities. All three chapters are grounded in a shared study system and

common survey design, described below.



1.2 Study area

The study was conducted in Kheda district, Gujarat, in western India (Fig. 1). The district
covers 4,215 km?, of which approximately 3.4% is classified as wetland (National Wetlands
Atlas: Gujarat, 2010). The district contains over 2,000 mapped water bodies, including lakes,
ponds, and reservoirs, fed by nine seasonal rivers including the Mahi, Sabarmati, and Vatrak.
Most wetlands in the region are man-made or heavily modified and are embedded within a matrix
of agricultural land and rural settlements. Originally constructed or expanded to store irrigation
water, they now serve multiple functions, including irrigation, aquaculture, domestic water use,
grazing, and brickmaking.

Gujarat is characterized by its semi-arid climate and relatively low rainfall, making
irrigation essential for agriculture. As a result, the region is interspersed with an extensive
network of irrigation canals, dams, and wells, which significantly alter wetland hydrology. The
regional climate creates predictable seasonal contrasts in wetland extent and character. During
and immediately after the monsoon, wetlands expand substantially and aquatic vegetation
increases. Through the dry summer months (March—June), many wetlands contract sharply or dry
entirely, concentrating water and associated biota into smaller areas. These seasonal hydrological
shifts provide the hydrological backdrop for all three chapters and are the major source of
ecological variation throughout the dissertation.

The survey design was developed to ensure spatially representative, repeatable sampling
across a range of wetland sizes, vegetation conditions, and seasonal hydrological states
encountered in the study area. We overlaid a 3-km hexagonal grid (~23 km? per cell) across the
district and selected the largest wetland between 1-50 ha within each cell (Fig. A1.1). This
ensured that sampled wetlands were distributed across the district rather than clustered near
accessible roads or population centers. Within each grid cell, selecting the single largest wetland

between 1-50 ha yielded a design that is both spatially representative and size-stratified without



systematic overrepresentation of any particular size class. The grid-based approach also ensures
that surveyed wetlands are separated by a minimum inter-site distance (approximately 3 km),
reducing the risk that detections at adjacent sites reflect the same individual birds moving
between nearby water bodies during the count period. The final sample was representative of the

regional wetland size distribution (Appendix Al, Fig. A1.2).
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Figure 1. Map of surveyed wetlands in Kheda district, Gujarat, India

1.3 Site characteristics

The 76 wetlands surveyed span a size gradient of 0.01-42 ha, representative of the range
of small water bodies that dominate the agricultural landscape of Kheda district (Appendix Al).
All wetlands are embedded in a canal-irrigated matrix and were man-made or substantially
modified, yet they varied considerably in their structural and hydrological properties. Emergent
and floating vegetation — dominated by macrophytes such as Typha and Scirpus, as well as
floating species including Eichhornia crassipes and Ipomoea carnea — ranged from near-absent
to covering the entire wetland surface. Many wetlands were connected to the district's irrigation
canal network, which influences both water availability and the timing of seasonal inundation.

Across the size gradient, smaller wetlands tended to show more extreme seasonal fluctuations in
6



water extent, with some drying entirely in summer, while larger wetlands retained open water
year-round.

Importantly, however, hydrological variability was not a simple function of wetland size.
Canal connectivity, local topography, and management history — including deliberate inflow and
drainage by adjacent farmers — all contributed to seasonal fluctuation, such that some large
wetlands experienced substantial contraction while some small wetlands maintained relatively
stable water levels throughout the year. This partial independence of hydrological variability from
absolute area is an important feature of the study design, as it allows the effects of habitat
contraction on community structure to be examined separately from the effects of wetland size in
Chapter 3.

To characterize wetland area and vegetation structure consistently across all study sites
and both seasons, we used Sentinel-2 multispectral imagery (20 m resolution) acquired during the
summer (May—June 2022) and winter (December 2022—January 2023) survey periods,
supplemented by Sentinel-1 synthetic aperture radar data to improve classification under cloudy
conditions. For each wetland and season, we classified the wetland surface into four land-cover
classes: open water, emergent and floating vegetation, agriculture, and built surfaces.
Classification was performed using a Random Forest algorithm trained on field-verified ground
control points, achieving overall accuracies of 95.1% in summer and 95.8% in winter (k = 0.89
and 0.91, respectively), with producer's and user's accuracies exceeding 90% for both the open
water and vegetation classes in each season. From these classifications, we derived two primary
site-level variables used across all three chapters: wetland area (total inundated surface, in
hectares) and proportional vegetation cover (emergent and floating vegetation as a fraction of
total wetland surface area). In addition, we extracted three spectral indices from the Sentinel-2
imagery for each wetland and season: the Normalized Difference Vegetation Index (NDVI), a

proxy for wetland vegetation greenness and productivity; a chlorophyll-a index derived from red-



edge bands, used as a proxy for phytoplankton biomass and aquatic primary productivity; and a
turbidity index based on red and near-infrared reflectance, reflecting water clarity and suspended
sediment load. These indices are used in Chapters 3 and 4 to contextualize biodiversity and
trophic responses beyond the structural attributes of area and vegetation cover alone. All variables
were measured independently for each season, yielding paired summer and winter estimates for
every wetland. Full details of image preprocessing, feature engineering, classifier training, and
accuracy assessment are provided in Appendix A2.

These remotely sensed estimates carry important limitations that should be kept in mind
when interpreting results across all three chapters. First, Sentinel-2's 20 m spatial resolution
imposes a practical minimum detectable wetland size. Water bodies whose inundated extent is
small relative to pixel size are subject to mixed-pixel effects at wetland boundaries, where a
single pixel captures a mixture of water, vegetation, and surrounding soil. This leads to
systematic underestimation of area for the smallest sites in the survey and to uncertainty in the
precise location of the open water—vegetation boundary. Area estimates for the smallest size
classes should therefore be interpreted with additional caution. Second, vegetation class
boundaries are blurred at this resolution. Emergent and floating vegetation at wetland margins can
be spectrally similar to surrounding dryland crops or sparse grassland, particularly in the dry
summer season when senescent vegetation reduces spectral contrast. This can cause
overestimation of foundation species cover in wetlands with narrow or fragmented vegetation
fringes, or underestimation where dense emergent cover is spectrally confused with adjacent land
cover. Third, the spectral and radar imagery captures the horizontal spatial extent of vegetation
cover but does not resolve vertical canopy structure. Tall, dense stands of Typha or Scirpus and
sparse low-growing mats may produce comparable spectral signatures at this resolution yet differ
substantially in their structural and functional value for waterbirds — particularly for nesting

species that require tall emergent cover above the water surface. Inferences about foundation



species effects throughout this dissertation should therefore be understood as reflecting the areal

extent of emergent and floating cover rather than its structural complexity.

1.4 Bird surveys

We surveyed waterbirds during two seasons: dry summer (pre-monsoon, May—June
2022) and wet winter (post-monsoon, December 2022—January 2023). The survey protocol was
refined during a pilot survey in December 2021. At each selected wetland, we identified fixed
vantage points — positions at or within 5 m of the water's edge that maximized field of view over
the inundated surface — during a pilot survey prior to formal surveys. At each wetland, we
conducted 10-minute point counts at these fixed vantage points, recording all birds seen or heard.
Birds in flight that did not land were excluded. Larger wetlands were surveyed from two vantage
points to ensure coverage, while partially inundated wetlands were surveyed only over the
inundated area. At wetlands where two vantage points were used, counts were handled according
to the spatial relationship between the two positions. Where the two vantage points provided
clearly non-overlapping coverage — confirmed by field assessment of sightlines and wetland
geometry — counts were summed across points to obtain a complete site-level tally. Where
overlap between the detection zones of the two points could not be ruled out, only the count from
the vantage point with the broader field of view was retained. This decision was made in the field
at the time of survey, ensuring that abundance estimates reflect the most complete and non-
redundant count achievable at each site without risk of double-counting individuals visible from
both positions. Surveys were conducted between 06:00 and 09:30 h to standardize detection
conditions, and to avoid the reduced bird activity and detectability associated with mid-day heat.

To account for imperfect detection, bird surveys employed a dependent double-observer
protocol (Nichols et al., 2000). During each 10-minute point count, a primary observer recorded

all birds detected, while a secondary observer independently recorded additional individuals the



primary observer missed. This protocol estimates detection probability and tests whether
detectability varied systematically with hydrological state or pond characteristics.

We recorded species richness (number of species) and total abundance (number of
individuals) as primary community metrics. Species were also classified as resident or
migratory/nonbreeding using published accounts (Grimmett & Inskipp, 2018; Fink et al., 2023),
enabling summaries by residency status, season, and trophic group. Across both seasons, we
recorded 63 waterbird species: 49 in summer and 56 in winter, with 36 year-round residents.
Migratory species increased from 12 in summer to 19 in winter, and their distribution broadened
markedly — occurring at 79% of wetlands in winter compared to only 31% in summer (Table

A3.2)

1.5 Trophic classification

As trophic structure is essential to Chapters 2 and 3, we assigned trophic levels to each
species using weighted averages based on diet composition, drawn from published sources (del
Hoyo et al., 2004; Wilman et al., 2014). Diet categories - plants (seeds, grains, fruits, and other
plant material), invertebrates, and vertebrates (mammals, reptiles, amphibians, fish, and others) -
were assigned trophic values of 1, 2, and 3, respectively. The trophic level for species i was

computed as:

plants; invertebrates; (vertebrates;
X2)+——

Trophic level; = ( Too <Dt (T 100

x3h)+1 (1)
The additional 1 aligns strict herbivores with standard definitions of primary consumers (Trophic
Level 2). Species were then grouped into one of three trophic categories: Primary Consumers
(trophic level <2.5), Secondary Consumers (trophic level > 2.5 and < 3.5), and Top Carnivores
(trophic level > 3.5). In summer, this yielded 7 primary consumer species, 26 secondary
consumers, and 14 top carnivores; in winter, 13 primary consumers, 25 secondary consumers, and

16 top carnivores. Full species—guild assignments are provided in Appendix A3.
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2. Foundation species cover reshapes biodiversity-area
relationships and food web structure in an aquatic ecosystem

Species—area relationships (SARs)—the positive association between habitat area and
species richness—are among the most ubiquitous patterns in ecology (Schoener, 1976; Lawton,
1999; Lomolino, 2001; Rosenzweig, 1995; Matthews et al., 2016). First formalized as a power
law relationship (Arrhenius, 1921), SARs have become central to ecological theory and
biodiversity forecasting (e.g., Pimm & Askins, 1995; Desmet & Cowling, 2004; van Vuuren et
al., 2006; Malcolm et al., 2006; Pereira et al., 2010). Classical interpretations such as the island
biogeography theory highlight passive sampling, habitat heterogeneity, and colonization-
extinction dynamics as key determinants of SARs (Connor & McCoy, 1979; MacArthur &
Wilson, 2001). More recent perspectives, such as metacommunity theory (Leibold et al., 2004),
emphasize the role of dispersal, species interactions, and environmental filtering in shaping
SARs. Together, these views show that SARs are not always determined by area alone, but
additionally shaped by ecological context (Drakare et al., 2006; Scheiner, 2003; Scheiner et al.,
2011).

The functional or mathematical form of the SAR in its power-law version (i.e., S = cA4?)
carries distinct ecological meaning (Arrhenius, 1921; Preston, 1962; Matthews et al., 2016). The
prefactor ¢ captures baseline richness, which can be shaped by productivity, environmental
filtering, or structural complexity (Currie, 1991; Kadmon & Allouche, 2007; Wright, 1983;
Kallimanis et al., 2008; Triantis et al., 2012). The exponent z describes how rapidly richness
increases with area and reflects spatial turnover, habitat heterogeneity, and dispersal limitation
(Drakare et al., 2006; Scheiner, 2003; Triantis et al., 2012). These parameters vary across systems
and even trade off (Lomolino, 2001): communities with large regional species pools often exhibit
higher exponents but lower baseline richness, while more homogeneous systems may show the

opposite (Matthews et al., 2019a; Scheiner et al., 2011). Alongside richness, abundance—area
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relationships (AARs) can also provide complementary insight into community structure, although
they may decouple from SARs under mechanisms such as density compensation (Sam & Koane
2020).

Foundation species (FS) - organisms that create habitat structure and support associated
communities through non-trophic mechanisms (Dayton, 1972)—can strongly modify
biodiversity-area scaling. By increasing niche availability, buffering stress, and facilitating
community assembly, FS can elevate baseline richness and steepen species—area relationships
(SARs) through enhanced heterogeneity and facilitation cascades (Ellison et al., 2005; Angelini &
Silliman, 2014; Thomsen et al., 2018; Angelini et al., 2011; Angelini et al., 2015). Moreover, they
can support more complex food webs, disproportionately benefiting higher trophic levels and
altering how diversity scales across spatial gradients (Angelini & Silliman, 2014; Borst et al.,
2018). Their effects are size-dependent: facilitation typically strengthens in smaller habitats
(Bruno et al., 2003; Valdivia et al., 2025). This raises the question of whether increasing
foundation species cover has consistent effects across wetlands of different sizes. Addressing this
is particularly important for predicting biodiversity responses to habitat modification, especially
in spatially constrained ecosystems such as small, seasonal wetlands.

Trophic theory predicts that SARs should strengthen at higher trophic levels, as species at
upper ranks are constrained by compounding energy limitations and their dependence on the
distributions of species at lower levels (Holt et al., 1999; Gravel et al., 2011; Roslin et al., 2014;
Hoyle, 2004). However, this prediction rests on assumptions such as trophic specialization, closed
communities, and weak top-down control, and may not hold in systems dominated by mobile
generalists or strong predator—prey feedbacks (Holt et al., 1999). These caveats are particularly
relevant for waterbirds, which span multiple trophic levels but are highly mobile and often
trophic generalists. Most empirical tests to date have compared broad taxonomic groups (e.g.,

plants, invertebrates, vertebrates), where trophic rank is confounded with other traits like
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dispersal ability and metabolic rate. By focusing on waterbirds, a single vertebrate group
encompassing herbivores, omnivores, and carnivores, we minimize confounding variables and
provide a more controlled test of trophic SAR predictions.

Here, we examine how FS cover and trophic structure shape biodiversity-area
relationships in waterbird communities across 70 seasonally flooded agricultural wetlands in
western India. These wetlands, embedded in an intensively cultivated landscape, offer a
compelling system for studying such interactions. In our study system, water availability and
vegetation structure vary dramatically across seasons, altering habitat suitability and community
assembly processes. Many wetlands shrink or dry out completely during the dry summer, whereas
the post-monsoon winter offers higher water and resource availability, and supports migratory
influx. Emergent macrophytes such as 7Typha and Scirpus act as FS, providing refuge, nesting
substrate, and foraging opportunities (Ellison et al., 2005; Borst et al., 2018). These dynamics
create opportunities for wetland restoration, making it critical to identify size-specific balances of
open water and FS cover.

Using field surveys and remote sensing estimates of wetland area and vegetation cover,
we ask: a) Do species—area and abundance—area relationships vary with FS cover? b) Are FS
effects dependent on wetland size? and ¢) Do SARs and AARs differ by trophic level within
waterbirds? We hypothesize that increasing FS cover increases baseline species richness and
abundance, with stronger area-dependent gains, particularly in the dry season. We further expect
that the facilitative effects of FS cover will be size-dependent—enhancing richness and
abundance in medium and large wetlands, but in some cases reducing diversity in very small
wetlands where dense vegetation limits open-water foraging space. Finally, we hypothesized that
SAR and AAR slopes would increase with trophic rank, though this effect may weaken in
waterbirds given their mobility, dietary generalism, and potential for strong top-down interactions

(Holt et al., 1999). By integrating structural and trophic perspectives, our study advances
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mechanistic understanding of how habitat complexity and food-web interactions govern

biodiversity scaling in dynamic aquatic ecosystems.

2.1 Methods

2.1.1 Characterization of foundation species cover

We used Sentinel-2 imagery (20 m resolution) from summer (May—June 2022) and
winter (December 2022—January 2023) to classify each wetland into open water,
emergent/floating vegetation, agriculture, and built surfaces. Emergent and floating vegetation
were used as a proxy for foundation species (FS) cover (Fig. 2). We categorized wetlands into
three FS cover classes—low (<30%), medium (30-70%), and high (>70%)—reflecting
ecologically meaningful differences in structural complexity and waterbird use (Paracuellos &
Telleria, 2004; Ma et al., 2010). For some analyses, FS cover was also treated as a continuous
variable. To evaluate size dependence, wetlands were grouped into three size classes: small (<2
ha), medium (2—-10 ha), and large (>10 ha). This allowed explicit tests of FS x size interactions.

Classification methodology is detailed in Appendix B1.

Figure 2. (a) Satellite imagery showing wetland vegetation, (b) Field example showing
emergent and floating vegetation used as a proxy for foundation species cover.

2.1.2 Statistical analysis
We first estimated baseline species—area and abundance—area relationships using the
classical power-law form, S = cA”, where S is species richness or abundance, A is wetland area, ¢

is the prefactor, and z is the scaling exponent. Parameters were estimated by fitting log—log:
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regressions using logz(area), which allowed direct interpretation of coefficients as the
multiplicative change in richness or abundance per doubling of area.

To test FS effects, we modeled richness and abundance as functions of wetland area, FS
cover (categorical: <30%, 30-70%, >70%), and their interaction. To evaluate the size dependence
of FS effects, wetlands were grouped into small (<2 ha), medium (2—10 ha), and large (>10 ha)
classes, and interactions between FS cover (continuous) and size class were modeled to assess
whether facilitation varied with wetland extent. To assess trophic-level scaling, we modeled
richness and abundance with wetland area, trophic group (herbivore, secondary consumer, top
carnivore), and their interaction.

We fitted GLMMs with a negative binomial distribution to account for overdispersed
count data. We used logz-transformed wetland area as a predictor. We exponentiated coefficients
and expressed them as percentage change per doubling. We included wetland identity (grid cell)
as a random intercept to account for spatial clustering and repeated observations across trophic
groups. We assessed the significance of main effects and interactions using Type III Wald >
tests. We extracted predicted means and 95% confidence intervals for visualization. Finally, we
checked model assumptions using residual diagnostics, Q-Q plots, overdispersion checks, and
variance inflation factors, and we report results with significance thresholds (p < 0.05) and
marginal trends (p < 0.1).

All analyses were conducted in R (v4.3.1) (R Core Team 2024), using packages sars

(Matthews et al., 2019b), g1mmTMB (Brooks et al. 2017), and car (Fox & Weisberg, 2019).

2.2 Results

2.2.1 Wetland characteristics and waterbird communities
We surveyed 76 wetlands during the dry summer season and 71 wetlands during the post-
monsoon winter season across a size gradient (0.01-42 ha) in Kheda district, Gujarat, India (Fig.

1). All wetlands were embedded in an intensively cultivated, canal-irrigated matrix and varied
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widely in emergent and floating vegetation, which we used as a proxy for foundation species (FS)
cover. Across seasons, we recorded 63 waterbird species, with 49 in summer and 56 in winter.
Thirty-six species were year-round residents. In contrast, the number of migratory species
increased from 12 in summer to 19 in winter, and their distribution broadened markedly: migrants

occurred in 79% of wetlands in winter compared to only 31% in summer.

d Summer e Winter f Summer g Winter

354 357 - m

p<0.001 o =0.002 . 6+ p<0001 o ® e | 6{ p=0330 .
P °
° e
3.0 LI
L4 o
— m °
[ o
2 2.5 £ 44 4 e &
% = ° Co g
2 32 °
< 2 . .
920 2 o G f
° )
AW
o
°
° e ° ° o 3 L
5 1.5 2 2
L]
1.0 . . ' 1.0+ ! ' . ' ' ! ' ' . ' v
0.0 25 5.0 7.5 0.0 25 5.0 7.5 0.0 25 5.0 75 0.0 25 5.0 7.5
logz(Wetland Area) log,(Wetland Area) logz(Wetland Area) log,(Wetland Area)

Figure 3. (a,b) Species richness, and (c,d) total abundance of waterbirds as functions of
wetland area during summer (left) and winter (right).

Lines represent power-law fits. Points show individual wetlands. Panels are plotted on a

log-log: scale for interpretability, showing linear relationships between the natural log of

richness or abundance (y-axis) and log: of wetland area (x-axis). Note the different y-axis
scales for species-richness (a,b) and abundance (c,d) plots.

To establish baseline species—area (SAR) and abundance—area (AAR) relationships, we
fitted the classic power-law relationship, S=cA”. Species richness scaled positively with wetland
area in both seasons (Fig. 3a, 3b). The scaling exponent was z = 0.199 (95% CI = 0.124-0.275, ¢
=5.31,p=1.36x10"° R?=0.31) in summer and z = 0.162 (95% CI = 0.060-0.264, t =3.18, p =
0.0022, R?=0.13) in winter. These correspond to approximately 14.8% (95% CI: +9—21%) and
12.0% (95% CI: +4-20%) increases in richness per doubling of area in summer and winter
respectively. Abundance also scaled positively with area in summer, with z = 0.618 (95% CI =
0.425-0.811, t=6.41, p = 1.72x10°8, R?= 0.33; Fig. 3c), equivalent to approximately 53.4% per

doubling of area (95% CI: +34-75%). In contrast, no significant relationship was detected in

winter (z = 0.136, 95% CI = -0.141-0.413, ¢ = 0.98, p = 0.33; Fig. 3d).
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2.2.2 Foundation species cover amplifies biodiversity-area relationships
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Figure 4. Interaction between wetland area and vegetation cover on waterbird diversity.
(a—b) Species richness and (c—d) abundance as functions of log-transformed wetland area
across low (<30%), medium (30-70%), and high (>70%) vegetation cover classes, for
summer (left) and winter (right). Lines represent model predictions from GLMMs. p-
values indicate the significance of the interaction between area and vegetation cover from
Type I1I Wald chi-squared tests.

To test whether foundation species (FS) cover modified richness— and abundance—area
relationships, we fitted generalized linear mixed models (GLMMs) with negative binomial error,
including log-transformed wetland area, FS cover class (low, medium, high), and their interaction
as predictors. Across both seasons, waterbird species richness was positively associated with
wetland area, but the strength and form of this relationship varied with vegetation cover (Fig. 4).

Vegetation cover modulated diversity—area relationships in summer, but not in winter
(Fig. 4). In summer, richness increased with wetland area only in sites with high vegetation cover
(>70%). Although the overall area x cover interaction was not significant (y*(2) =3.97, p =
0.137), the slope for high-cover wetlands was significantly steeper than for low-cover wetlands (3
=0.110+ 0.055 SE, z=1.99, p = 0.046), whereas the medium-cover slope did not differ
significantly (p = 0.066 = 0.078, z = 0.84, p = 0.399). The overall interaction was significant for
abundance (¥*(2) = 7.60, p = 0.022), and the high-cover slope was significantly steeper ( = 0.328

+0.127,z=2.58, p = 0.010), while the medium-cover slope did not differ (f = 0.042 + 0.190, z =

0.22, p = 0.825).
17



In winter, richness remained positively associated with wetland area overall (§ = 0.078 £
0.047, z=1.67, p = 0.094), but area X vegetation interactions were not significant (y*(2) =1.63, p
= 0.443), and no pairwise slope differences were detected (all p > 0.24). Abundance showed no
significant effects of either wetland area (f = 0.064 + 0.106, z = 0.61, p = 0.544) or vegetation
cover (¥3(2) =0.75, p = 0.689). Together, these results indicate that FS effects on biodiversity-
area scaling emerge primarily under drier summer conditions, when vegetation likely provides

critical habitat structure and refuge.

2.2.3 Small wetland size limits the facilitative effect of foundation species
cover

a Summer b Winter c Summer d Winter
p=0.080 p=0.342 p <0.001 p=0.024

. / 28

24 24

IS
IS

log(Abundance)
o
o

log(Richness)

20 2.0

0 25 50 75 100 0 25 50 75 100 0 25 50 75 100 0 25 50 75 100
Vegetation cover (%) Vegetation cover (%) Vegetation cover (%) Vegetation cover (%)

Wetland size Small Medium === |Large

Figure 5. Interactive effects of foundation species cover and wetland area on waterbird
richness and abundance.

(a—b) Species richness and (c—d) abundance as functions of vegetation cover across small,
medium, and large wetland area classes, for summer (left) and winter (right). Solid lines
represent model predictions from GLMMs within each size class, and shaded bands
represent 1 standard deviation, reflecting variability among wetlands of similar size. p-
values indicate the significance of the interaction between area and vegetation cover.

We examined the interactive effects of wetland area and vegetation cover on species
richness and abundance to assess whether foundation species exert context-dependent influences
across wetland size classes. This analysis complements Section 2.2.2 by reversing the interaction

structure: here, wetland area is binned into three discrete classes to explicitly test whether the

effect of vegetation cover depends on wetland size, a key ecological question in size-constrained
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systems. Results reveal a synergistic pattern: foundation species effects were strongest in larger
wetlands and during the dry summer season, but diminished—or even reversed—in small
wetlands.

In summer, vegetation cover had a significant positive interaction with wetland area for
abundance (¥* = 13.58, p <0.001) and a marginal effect for richness (%> = 3.06, p = 0.080) (Fig.
S5a, 5¢). Abundance increased sharply with vegetation cover in larger wetlands. Richness showed
a similar but weaker trend. In small wetlands, by contrast, both richness and abundance remained
flat or slightly declined with increasing vegetation cover.

In winter, richness and abundance showed weaker interactions with vegetation cover and
wetland size (Fig. 5b, 5d). The interaction term was significant for abundance (¥*>= 5.1, p =
0.024) and non-significant for richness (3> = 0.90, p = 0.342), with vegetation cover exerting only

a modest influence overall (abundance: p = 0.097; richness: p =0.717).

2.2.4 Trophic-level differences in SARs
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Figure 6. Species—area (a—b) and abundance—area (c—d) relationships across waterbird
trophic levels and seasons.

GLMM-predicted slopes for log-transformed species richness (top) and abundance (bottom)
as a function of log:-transformed wetland area are shown for primary consumers (green),
secondary consumers (yellow), and top carnivores (orange). P-values indicate the
significance of the area x trophic level interaction term (Type III Wald chi-squared tests).
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We next examined whether biodiversity—area relationships differed among trophic levels.
Herbivores (primary consumers) consistently exhibited the steepest area responses, while
omnivores and carnivores showed weaker or nonsignificant effects (Fig. 4). In summer, species
richness increased with area across all trophic groups (B = 0.24 + 0.05 SE, z=4.59, p < 0.001)
(Fig. 6a). While differences among trophic levels were marginally significant (}*(2) = 5.87, p =
0.053), estimated slopes still differed numerically, with herbivores showing the steepest increase
(27.4% per doubling of area; p = 0.24, p < 0.001), compared to 11.7% for secondary consumers
(B=0.11, p=10.020) and 18.5% for top carnivores (f =0.17, p = 0.23). Abundance—area
interactions, however, differed significantly (y*(2) = 25.95, p <0.001): herbivore abundance
increased by 81% per doubling of area ( = 0.59, p < 0.001), while secondary consumers ( =
0.17, p <0.001) and carnivores (B = 0.21, p < 0.001) showed more modest increases (Fig. 6¢).

In winter, trophic-level divergence was stronger. Richness—area slopes varied
significantly (y*(2) = 16.75, p < 0.001), with herbivores increasing by 34% per doubling of area
(B=10.29, p <0.001), compared to 6% for secondary consumers ( = 0.03, p =0.004) and 18%
for carnivores (= 0.18, p = 0.13) (Fig. 6b). Abundance—area interactions were also significant
(%¥*(2) = 16.16, p < 0.001): herbivores increased by 71% per doubling (p = 0.53, p < 0.001), while
secondary consumers showed a smaller rise (f = 0.21, p <0.001) and carnivores exhibited an
intermediate response (p =0.32, p = 0.022) (Fig. 6d). This pattern coincided with the influx of
migratory herbivores in winter—7 species and 371 individuals compared to only 1 species and 2

individuals in summer—which likely drove the stronger divergence among trophic groups.

2.3 Discussion
Our results show that biodiversity-area relationships in small, seasonal wetlands are
shaped not only by spatial extent, but also by foundation species (FS) cover and trophic-level-

specific responses. These findings extend longstanding theoretical traditions by demonstrating
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how species-area theory (Drakare et al., 2006) and foundation species theory (Ellison, 2019),
along with food-web perspectives (Gravel et al., 2011), together explain biodiversity scaling.
Despite seasonal variation in hydrology and community composition, richness-area relationships
were robust across both summer and winter. In contrast, abundance—area relationships were
seasonally sensitive, weakening in wetter winter conditions. These differences may reflect
variation in resource availability, landscape connectivity, and migratory influx. Under wetter
conditions in winter, higher connectivity between wetlands and broader species dispersal may
weaken the influence of local habitat features on species aggregation. Seasonal land-use changes,

shifting agricultural cycles, and canal inflows may also influence these dynamics.

2.3.1 Foundation species and context-dependent facilitation

Increasing FS cover increased richness and abundance in larger wetlands, consistent with
the habitat heterogeneity hypothesis (Stein et al., 2014; Kallimanis et al., 2008). The increase in
habitat structural complexity and niche availability with increasing FS cover would support more
species, and enhance food and resource supply, leading to higher abundance. In turn, higher
abundances may contribute to richness through passive sampling of the regional species pool.
Facilitation was strongest in summer, when abiotic stress and resource scarcity in the broader
landscape (fewer pools, reduced water availability) may have amplified the importance of local
FS (Bertness & Callaway, 1994; He & Bertness, 2014; Maestre et al., 2009). In winter,
interaction effects between area and vegetation were weaker due to greater water availability and
the influx of migratory species, which reduced the filtering role of vegetation and enabled more
even species distributions across wetlands.

These effects were size-dependent: contrary to expectations from facilitation theory
(Bruno et al., 2003), high FS cover in small wetlands did not increase richness or abundance, and
in some cases reduced both. By modeling FS cover categorically (Fig. 4) and continuously across
wetland size classes (Fig. 5), we provide evidence of threshold-dependent facilitation, where the
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benefits of structural complexity only emerge once spatial constraints are relaxed. This aligns
with the area-heterogeneity trade-off hypothesis, which predicts that very high local heterogeneity
can paradoxically lower richness when habitats are too small or fragmented to sustain diverse
assemblages (Kadmon & Allouche, 2007; Allouche et al., 2012). In small wetlands, high
vegetation cover reduces the absolute extent of open water, limiting foraging efficiency,
potentially suppressing primary production and pelagic activity, and accelerating drying through
transpiration and wicking. Thus, the effects of FS can shift from facilitative in larger wetlands to

inhibitory in smaller ones.

2.3.2 Trophic-level responses

We expect that species—area slopes increase with trophic rank, as consumers at higher
levels are constrained by the spatial distribution and persistence of species at lower levels (Holt et
al., 1999). In such “stacked specialist” systems, carnivores are expected to show steeper SAR
slopes than herbivores, reflecting compounded dependencies across trophic levels. However, Holt
et al. (1999) also noted that this prediction relies on restrictive assumptions—such as trophic
specialization, closed communities, and weak top-down control—and may not hold in systems
dominated by mobile generalists or strong predator—prey feedbacks. In our wetlands, primary
consumers (herbivores) consistently exhibited steeper SAR and AAR slopes, while omnivores
and carnivores showed weaker or nonsignificant responses. Herbivores’ reliance on emergent
vegetation for foraging and nesting (Chase & Leibold, 2009) tightly links them to wetland area
and FS cover. In contrast, higher-level consumers are more mobile and generalist (Kneitel &
Chase, 2004; Brose et al., 2005), enabling them to forage across multiple wetlands and buffer
themselves against local area constraints. Abundance-based models further supported this pattern:
herbivores showed the steepest abundance—area slopes, suggesting that numerical aggregation
contributes substantially to overall biodiversity—area scaling. This is consistent with resource-
based habitat filtering, where larger patches concentrate key foraging and nesting
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opportunities. In addition, top-down control may contribute to the weaker SARs of higher-level
consumers: predators can reduce competitive exclusion among prey, increasing local (alpha)
diversity but lowering turnover across sites, which flattens SAR slopes (Terborgh, 2015).

While overall SARs and AARs weakened in winter, trophic divergence increased. This paradox
may have been driven by shifts in species pools: migratory herbivores surged from one species
and two individuals in summer to seven species and 371 individuals in winter. Concentrated in
larger wetlands with greater resources and open-water refuge, these migrants steepened herbivore
richness- and abundance—area scaling relative to other trophic groups. Secondary and top
consumers gained fewer migrants and showed muted responses.

Prior studies have mostly compared across broad taxonomic groups—plants,
invertebrates, vertebrates—where trophic rank is confounded with differences in body size,
metabolic rate, and dispersal ability (Ross et al., 2019). Our within-taxon approach avoids many
of these confounders: waterbirds span herbivores to top carnivores but share relatively similar
body size, ranges, mobility, and detectability. As such, higher-level consumers in this group may
not exhibit the same area sensitivity observed in less mobile or more hierarchically structured
food webs. This design provides a more controlled test of trophic SAR theory but also highlights

its dependence on seasonal hydrology and wetland size.
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2.3.3 Synthesis and implications for restoration
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Figure 7. Conceptual model of how foundation species (FS) cover and wetland area jointly
influence waterbird diversity and abundance across trophic levels.
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The x-axis represents increasing FS (vegetation) cover, enhancing structural complexity and
supporting distinct trophic groups (primary consumers, secondary consumers, top
carnivores). The y-axis represents increasing wetland area. Circles indicate species (icon =
identity, size = relative abundance). Larger wetlands generally support more species, but
the strength and form of species- and abundance-area relationships depend on FS cover.
Under low cover (left), diversity rises modestly with area, whereas under high cover (right),
larger wetlands exhibit steeper increases due to enhanced habitat heterogeneity and trophic
niche availability. In small wetlands (bottom row), high vegetation cover can reduce
diversity by limiting open-water foraging or increasing competition. The plots on the right
summarize hypothesized diversity responses, highlighting that FS amplify area effects in
larger wetlands but can suppress diversity in small ones.

Our conceptual model (Fig. 7) synthesizes these findings by illustrating how FS cover
and wetland area jointly shape biodiversity across trophic levels. Diversity increases modestly
with area in wetlands with little vegetation cover, but under high FS cover, larger wetlands
exhibit much steeper gains due to enhanced habitat heterogeneity and trophic niche availability.
In contrast, in small wetlands, dense vegetation can impose functional trade-offs—such as

restricted foraging space or accelerated drying—that counteract facilitation. This framework
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emphasizes that area and foundation species interact nonlinearly, with outcomes contingent on
both spatial scale and season.

These insights carry important implications for wetland conservation and restoration.
Effective restoration must balance the facilitative role of native emergent vegetation with the
need to preserve open-water habitats, especially in small ponds. Periodic vegetation removal or
controlled inflow from canals can maintain heterogeneity, while promoting native FS in larger
wetlands can strengthen biodiversity scaling, particularly for herbivores. Yet not all macrophytes
are ecologically beneficial. Invasive species such as Ipomoea carnea and Eichhornia crassipes
can dominate, altering structure while degrading ecological quality and disrupting native
assemblages (Gagnon et al., 2015; Stiers et al., 2011).

These findings bridge three theoretical traditions—species—area theory, foundation
species ecology, and food-web theory—revealing that the functional form of species—area
relationships depends on foundation species cover, trophic role, and ecosystem size. For
restoration, this means extending size-based priorities to include seasonal hydrology and habitat
structure—balancing open water and vegetation and tailoring interventions to wetland size and
season. As climate and land-use change reshape hydrological regimes, anticipating how
foundation species and food-web structure mediate biodiversity-area relationships will be critical

for sustaining resilient wetland ecosystems.
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3. Predator aggregation under seasonal drawdown in ponds

Small increases in mean global temperature are producing disproportionate changes in
the Earth’s water cycle, intensifying droughts, floods, and variability in the timing and duration of
surface water across ecosystems worldwide (IPCC, 2021; Trenberth, 2011). As a result, climate
change is reshaping ecological systems not only through warming, but through altered
hydroperiods, increased hydrological variability, and more frequent transitions between inundated
and contracted states (D61l & Schmied, 2012). Despite this, most studies examining food-web
responses to climate change have focused on temperature-mediated mechanisms, such as
metabolic scaling, phenological shifts, and body-size restructuring (Petchey et al., 2010;
O’Gorman et al., 2019), with comparatively little attention to how changes in the water cycle
reorganize trophic interactions. This gap is particularly striking in wetlands, where water
availability directly governs habitat extent, prey accessibility, and encounter rates among
consumers (Junk et al., 1989; Mitsch & Gosselink, 2015). Changes in hydroperiod range and
timing can compress or expand foraging space without proportionally altering biomass
production, creating conditions under which trophic interactions may intensify even as habitat
area declines (Yang et al., 2008; Nowlin et al., 2008; Yang et al., 2010; Holt, 2008).
Understanding how food webs respond to climate-driven hydrological variability—rather than
temperature alone—is therefore essential for predicting ecological reorganization under ongoing
global change, especially in small, seasonal systems that dominate human-modified landscapes
and are among the most sensitive to shifts in the water cycle (Biggs et al., 2017).

Seasonal variation in habitat availability is a defining feature of wetlands worldwide.
Small waterbodies—such as ponds, tanks, and ephemeral wetlands—dominate agricultural and
human-modified landscapes but experience extreme seasonal fluctuations in water extent. Within
a single year, expansive flooded habitats can contract to a network of shallow pools or dry

entirely (Junk et al., 1989; Williams, 2012; Mitsch & Gosselink, 2015). Habitat contraction drives
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wetland productivity and biodiversity (Junk et al., 1989; Mitsch & Gosselink, 2015), yet its
consequences for trophic organization and predator dominance remain understudied.

In short-hydroperiod systems, physical constraints from drying—habitat loss, hypoxia,
and physiological stress—prevent large or long-lived predators from persisting, favoring bottom-
up regulation and rapid life-history strategies (Wellborn et al., 1996; Batzer & Wissinger, 1996).
Longer-hydroperiod and permanent wetlands support predator-structured communities, as
resident predators such as fish accumulate and exert sustained top-down control (Wellborn et al.,
1996; Chase, 2003). This predator-permanence framework predicts systematic changes in food-
web structure along hydroperiod gradients, a pattern documented across amphibians, aquatic
invertebrates, fish, and birds (Wellborn et al., 1996; Skelly, 2001; Batzer & Wissinger, 1996;
Magoulick & Kobza, 2003; Ma et al., 2010).

Seasonal flooding and recession generate resource pulses that can restructure food webs.
Inundation stimulates primary and secondary production, while drawdown concentrates aquatic
prey into shrinking refugia, triggering short but intense episodes of predator aggregation and top-
down control (Junk et al., 1989; Ostfeld & Keesing, 2000; Yang et al., 2008). In wetlands and
floodplains, receding water levels create ephemeral foraging hotspots exploited by mobile
predators, particularly waterbirds, whose distributions and breeding success can be tightly
coupled to prey concentration during drawdown (Frederick & Ogden, 2003; Gawlik, 2002).
Together, predator-permanence and resource-pulse frameworks imply that trophic dominance
should vary not only across wetlands but within wetlands over time, as hydrologic conditions
shift seasonally.

Empirical tests of within-system trophic reorganization remain limited for small seasonal
wetlands. Most examine static differences among wetlands with contrasting hydroperiods, rather
than paired wet—dry contrasts within the same system. Moreover, studies often quantify predator

responses using presence, richness, or occupancy, which obscure changes in biomass density—a
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more direct measure of trophic dominance and energetic control (Cyr & Pace, 1993; Trebilco et
al., 2013). We lack a general understanding of when habitat contraction amplifies predator
dominance through prey concentration, versus when drying suppresses predators via physical or
physiological constraints.

Small, seasonal wetlands provide an opportunity to address this gap. These systems
repeatedly transition between flooded and contracted states, creating within-site natural
experiments that isolate hydrological effects while holding landscape context relatively constant
(Biggs et al., 2017; Calhoun et al., 2017; Hill et al., 2018). In monsoon-driven regions, village
ponds and tanks undergo predictable seasonal flooding followed by a prolonged dry season yet
differ widely in the magnitude of seasonal area change due to geomorphology and management.
This variation isolates the effects of habitat contraction intensity on trophic structure.

We used paired winter—summer surveys across small village ponds in western India to
test how seasonal change in wetland extent reorganizes avian trophic dominance. We combined
field-based estimates of waterbird biomass across trophic levels with satellite-derived water
extent and vegetation and productivity proxies to link predator responses to hydrologic state and
contraction magnitude. The within-pond design isolates seasonal habitat contraction effects from
confounding differences among sites, allowing us to examine trophic reorganization in time
rather than space. We address primarily these three questions: (1). Do predators show higher
biomass density under drier hydrologic states within ponds? (2). Do paired hydrologic shifts in
biomass density strengthen with trophic position? and (3). Does contraction intensity predict the
magnitude of predator dominance under drawdown?

We predict that predator dominance increases under drier conditions when habitat
contraction is large, reflecting prey concentration and elevated encounter rates, and that this
response strengthens for top predators. Seasonal drawdown represents a recurring habitat-

contraction experiment, linking classic hydroperiod theory, resource-pulse dynamics, and
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predator-permanence concepts to dynamic, within-system trophic reorganization. Given the
global abundance of small, seasonal wetlands, these results have broad implications for
understanding how hydrologic variability structures food webs across human-dominated
landscapes. Because climate change is expected to increase variability in wetland hydroperiods,
understanding how food webs respond to habitat contraction within systems provides insight into

how trophic structure may reorganize under future climate-driven changes in the water cycle.

3.1 Methods

3.1.1 Hydrologic state classification and contraction intensity
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Figure 8. Seasonal variation in wetland surface area across ponds surveyed in winter and
summer.

Each point represents a pond, plotted by winter versus summer water extent; the dashed
1:1 line indicates equal extent across seasons. Most ponds were smaller in summer than in
winter, although some exhibited comparable or reversed seasonal patterns. Point size
reflects the magnitude of seasonal change in water extent, illustrating a continuous gradient
in contraction intensity across ponds.

We studied small, seasonal village ponds in Kheda, Gujarat in western India, a region
with a monsoon-driven climate: a wet season (June—September) followed by a prolonged dry
season (October—May). These ponds sit within agricultural landscapes and experience predictable
seasonal fluctuations in water extent, ranging from near-complete inundation to partial or
complete drying.
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Each pond was surveyed twice in 2022—once in summer (May-June 2022) and once in
winter (December 2022 -January 2023)—yielding paired within-pond observations. This design
allowed us to isolate the effects of seasonal hydrologic change while controlling for fixed
differences among ponds, effectively treating each pond as a repeated-measures system. Seasonal
pond surface area was quantified using satellite-derived water extent (Appendix A2). For each
pond, seasonal hydrologic states were classified as drier or fuller based on relative water extent,
with a small tolerance applied to identify ties. We recorded whether summer corresponded to the
drier state.

Across the 63 ponds surveyed in both winter and summer, water area varied widely,
spanning more than three orders of magnitude (100—412,000 m?; Fig. 8). Most ponds were
smaller in summer than in winter, with some exceptions. The magnitude of seasonal change in
water extent was highly variable, with a median contraction intensity of 0.35 and a broad
distribution (5th—95th percentile: 0.04—3.74). This wide gradient in hydrologic change provided
the basis for evaluating how trophic structure responds to seasonal habitat contraction.

To quantify the magnitude of seasonal habitat change, we defined habitat contraction
intensity as the absolute log difference in pond surface area between winter and summer. This
continuous metric captures the strength of habitat compression regardless of direction and forms
the primary hydrologic predictor in scaling analyses. Remotely sensed vegetation and
productivity proxies, including percent wetland vegetation cover and chlorophyll-a, were
extracted at the pond scale and used to contextualize trophic responses rather than as primary

drivers.

3.1.2 Bird surveys, biomass estimation, and trophic classification
Birds were surveyed using standardized counts at each pond during both seasons.

Species-level counts were converted to biomass (g) using published body mass estimates and
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aggregated by pond and season. Biomass density (g m2) was calculated by dividing total biomass
by pond surface area measured for the corresponding season.

Species were assigned to trophic guilds based on dominant foraging mode (Section 1.5,
Table A3.1). The dataset comprised 13 species in trophic level 2, 32 species in trophic level 3,
and 18 species in trophic level 4. Throughout this chapter, for analyses examining trophic
gradients, we refer to levels 3 and 4 collectively as 'predators' given their shared reliance on

animal prey. We focus on predator biomass density as a direct indicator of trophic dominance.

3.1.3 Paired analyses of trophic dominance
To assess how trophic dominance shifted with seasonal drawdown, we conducted paired
within-pond comparisons of biomass density between drier and fuller hydrological states. For

each pond and trophic guild, we calculated the paired log difference in biomass density (BD) as:

BD gy
AlOg(BD) = log <BDf rlller> = log(BDdrier) - log(BDfuller) 2)
uller

Positive values indicate higher biomass density under drier conditions.
We summarized the direction, magnitude, and variability of these paired differences
across ponds and tested whether median and mean paired differences differed from zero using

Wilcoxon signed-rank tests on paired log-differences and one-sample t-tests.

3.1.4 Scaling of predator dominance with habitat contraction

To test whether predator dominance strengthened with the magnitude of seasonal habitat
contraction, we modeled paired log differences in predator biomass density as a function of
contraction intensity using linear regression. This analysis directly evaluates whether drawdown
effects scale continuously with habitat compression rather than reflecting categorical hydrologic
states.

We conducted an equivalent scaling analysis for herbivore biomass density, restricted to
ponds where herbivores were detected in both hydrological states (n = 32), to test whether the
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absence of a contraction response was robust to the exclusion of absence-driven zeros. As a
robustness check, we repeated analyses after restricting the dataset to ponds in which summer
was the drier season, ensuring that results were not driven by ponds with reversed seasonal
hydrology. Additional sensitivity analyses evaluated robustness to alternative formulations,

nonlinear terms, and exclusion of high-leverage ponds.

3.1.5 Chlorophyll-a analyses

Satellite-derived chlorophyll-a was used as a diagnostic proxy for contemporaneous
primary productivity. Because chlorophyll-a is undefined in the absence of surface water,
analyses were restricted to pond—season observations with detectable water in both seasons. We
conducted paired comparisons to evaluate seasonal (summer vs winter) and hydrologic-state
(drier vs fuller) differences in chlorophyll-a and tested whether chlorophyll-a differences scaled
with habitat contraction intensity. These analyses were intended to distinguish prey-concentration
mechanisms from changes in bottom-up productivity, rather than to model predator responses
directly.

All analyses were conducted in R v4.4.1 (R Core Team, 2024). Data manipulation and
summarization used dplyr (Wickham et al., 2023). Figures were produced with ggplot2
(Wickham, 2016). Linear models were fitted with base R; robust regression used MASS

(Venables & Ripley, 2002).
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3.2 Results

3.2.1 Paired shifts in predator biomass density between hydrologic states

A. Herbivores B. Predators
1000 4 n=63 1000 4 i n=63
57.1% higher in drier 68.3% higher in drier
Median A = 0.52 (IQR = 10.90) Median A = 0.69 (IQR = 2.65)
- 1004 Wilcoxon: p = 0.004 . 100 4 8 Wilcoxon: p < 0.001
o~ N
£ £ .
= = L
E S
> 101 : > 101 >
= = 8
g s ° g 8 s
(] e : [} l ]
hel 1 -4 © 14 H
0 i 8 0 8
7] 17,] £
© v © = = _\;
: ~ i :
@ 0.14 B 8 @ 0.1 & '
8
. s
H .
0.014 ° - 0.014
Drier Fuller Drier Fuller

Hydrologic state

Figure 9. Paired within-pond changes in biomass density between fuller and drier
hydrologic states.

Each line connects the same pond across states; biomass density is shown on a log scale. (A)
Herbivorous waterbirds were absent from the fuller state in 17 of 63 ponds; among ponds
where herbivores were recorded in both states (n=32), biomass density did not differ
consistently between states. (B) Predators showed significantly higher biomass density
under drier conditions.

Paired within-pond comparisons revealed higher predator biomass density under drier
hydrologic conditions (Fig. 9). Predator biomass density was higher in the drier state in 68.3% of
ponds, and the median paired log difference was positive (median Alog = 0.691, IQR = 2.65),
corresponding to an ~2-fold increase under drier conditions. Paired within-pond comparisons
showed significantly higher predator biomass density under drier hydrologic conditions
(Wilcoxon signed-rank test on paired log-differences: V = 1504, p = 0.00069; Fig. 9).

Predator responses varied substantially among ponds (Fig. 9). Hydrologic state alone
does not uniformly determine predator dominance—some ponds exhibited little difference

between states or higher predator biomass density under fuller conditions. This variation indicates

the need to account for the magnitude of seasonal habitat change when evaluating drawdown
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effects. Herbivore responses differed qualitatively from predators. Herbivores were absent from
the fuller state in 17 of 63 ponds; among these ponds, herbivore occupancy in the drier state was
associated with low aquatic vegetation cover (lower NDVI: p=0.015; less wetland vegetation
area: p=0.018; Fig. C4). Lesser Whistling Duck and Knob-billed Duck -- both year-round
residents -- accounted for most of these records. Among the 32 ponds where herbivores were
recorded in both states, biomass density did not differ systematically between hydrological states.
This occupancy-threshold pattern, driven by vegetation structure rather than contraction

magnitude, contrasts with the biomass aggregation observed in predators.

3.2.2 Habitat contraction intensity predicts predator biomass density under
drawdown

A. Herbivores B. Predators
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Figure 10. Scaling of biomass density change with habitat contraction intensity for (A)
herbivores and (B) predators.

(A) Herbivore biomass density showed no relationship with seasonal habitat contraction
intensity among ponds where herbivores were detected in both states (slope =0.37 + 0.3 SE,
p = 0.26, R? = 0.04; n=32). (B) Predator biomass density (combining intermediate consumers
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and top predators) increased strongly with contraction intensity (slope = 1.08 £ 0.17 SE, p <
0.001, R>=0.41; n=63). Each point represents a pond; the solid line shows the linear
regression fit with 95% confidence interval (shaded region). The horizontal dashed line
indicates no change between hydrological states. This trophic selectivity indicates that
consumers actively aggregate in response to prey concentration during drawdown, rather
than all trophic groups responding passively to reduced habitat area.

Predator biomass density under drawdown increased strongly with the magnitude of
seasonal habitat contraction, while herbivore biomass density did not show a similar relationship
(Fig. 10). Among the 32 ponds where herbivores were detected in both hydrological states, the
paired difference in herbivore biomass density was unrelated to contraction intensity (slope =
0.37£0.33 SE, p=0.26, R? = 0.04). Across the 63 ponds with paired predator observations, the
paired difference in predator biomass density between drier and fuller states increased with
contraction intensity (linear model slope = 1.08 £ 0.17 SE, p=1.5 x 1078, R2=0.41). Ponds
experiencing minimal seasonal change showed little difference in predator biomass density
between hydrologic states, whereas ponds undergoing large seasonal contractions more
frequently exhibited pronounced predator dominance under drier conditions. We identified a
threshold near a contraction intensity of ~1.3 log-units (corresponding to approximately 75%
reduction in water area), above which predator dominance increased steeply; ponds below this
threshold showed no consistent directional change (sensitivity analyses in Appendix C.).

Habitat compression intensity, rather than hydrologic state alone, governs the strength of
drawdown effects on predators. The predator scaling persisted when analyses were restricted to
ponds in which summer was the drier season (n = 51; slope=1.13+ 0.20 SE, p=6.6 x 1077, R? =
0.40), demonstrating that the contraction—dominance relationship was not driven by the subset of
ponds with reversed seasonal hydrology. Although contraction intensity strongly predicted
increases in predator biomass density, it did not predict increases in total predator biomass or
dominance metrics calculated independently of pond area. Biomass density can increase in two

ways: passively, if the same animals become concentrated as water area shrinks, or actively, if

additional predators are recruited to the pond during drawdown. The absence of any increase in
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total predator biomass or area-free metrics suggests the former — predators already present in the
system become spatially concentrated as habitat contracts, rather than new individuals

immigrating in response to drawdown conditions.

3.2.3 Predator community persistence and turnover across seasons

Predator assemblages showed substantial seasonal persistence. Among the 63 ponds with
complete data, predator turnover was moderate (median Jaccard dissimilarity = 0.67, IQR = 0.16)
(Jaccard, 1912), with ponds retaining a median of four species across both seasons (IQR = 2).
Approximately half of all individuals belonged to species present in both seasons (median core
count share = 0.49, IQR = 0.30), indicating that seasonal drawdown reshuffles predator biomass
within persistent communities rather than generating wholesale compositional turnover.

Seasonal shifts in predator dominance were not explained by community composition.
Dominance shifts showed no association with either Jaccard dissimilarity (B =—1.88, p = 0.41),
Bray—Curtis dissimilarity (f = —0.92, p = 0.65) (Bray & Curtis, 1957), or core species persistence
(B=-0.41+1.40 SE, p=0.77). In contrast, habitat contraction intensity remained positively
associated with dominance shifts after accounting for core species composition (f =0.53 + 0.29
SE, p = 0.070), with all compositional metrics non-significant (all p > 0.4). These results indicate
that predator dominance increases reflect behavioral aggregation in response to habitat

contraction rather than compositional turnover or demographic persistence.
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3.2.4 Chlorophyll-a does not increase under drawdown
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Figure 11. Chlorophyll-a does not increase under drier conditions or with habitat
contraction.

(A) Paired within-pond chlorophyll-a concentrations between fuller and drier hydrologic
states (log scale). Lines connect the same pond across states. Exactly 50% of ponds showed
higher chlorophyll-a in the drier state (n = 52; Wilcoxon test: p = 0.33), indicating no
systematic increase under drier conditions. (B) Seasonal change in chlorophyll-a decreased
with contraction intensity (slope =—0.054 = 0.016 SE, p = 0.0011, R> = 0.19). The absence of
increased primary productivity under drawdown supports a prey-concentration rather
than prey-production mechanism underlying elevated predator dominance.

To evaluate whether increased predator dominance under drawdown reflected higher
contemporaneous primary productivity, we examined satellite-derived chlorophyll-a in ponds that
retained surface water across seasons (n = 52 paired ponds). Only 34.6% of ponds showed higher
summer chlorophyll-a values, and paired tests indicated no significant seasonal shift (Wilcoxon
signed-rank test, p=0.11) (Fig. 11). Aligning comparisons by hydrologic state yielded the same
conclusion: chlorophyll-a was higher in the drier state in exactly half of ponds, with no evidence
for higher productivity under drier conditions (one-sided Wilcoxon test, p = 0.33). In contrast,
seasonal log-transformed chlorophyll-a differences decreased with contraction intensity (slope =

—0.054 £ 0.016 SE, p=0.0011, R*> = 0.19), indicating that ponds experiencing stronger drawdown

tended to show smaller (or more negative) seasonal chlorophyll-a shifts. Despite this scaling with
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contraction intensity, differences in chlorophyll-a between drier and fuller states were not

associated with shifts in predator dominance (p = 0.27).

3.3 Discussion

By pairing hydrologic states within ponds, we demonstrate that seasonal habitat
contraction reorganizes trophic structure in small wetlands by concentrating predators into
shrinking habitat. Predator biomass density increased with the magnitude of habitat contraction,
concentrated among ponds undergoing severe seasonal compression. Herbivores showed a
qualitatively different pattern - a vegetation-mediated occupancy threshold rather than biomass-
density scaling - indicating that drawdown restructures trophic structure through trophic-level
specific mechanisms rather than uniform passive concentration. This trophic selectivity reveals
that habitat compression, not merely hydrologic state, governs when and where drawdown
amplifies predator density. Importantly, our results demonstrate that trophic reorganization can
occur over short time scales as wetlands transition between inundated and contracted states.
Because climate change is expected to alter the timing, duration, and variability of hydroperiods,
understanding how food webs respond to recurring habitat contraction provides insight into how

trophic structure may reorganize under shifting hydrological regimes.
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Figure 12. Conceptual figure: Predator aggregation under drawdown

Seasonal habitat contraction compresses foraging space, concentrating predators and
intensifying local trophic interactions.

3.3.1 Predator aggregation under drawdown

The increase in predator biomass density with habitat contraction is consistent with prey-
concentration mechanism. As water extent contracts, aquatic prey becomes confined to
progressively smaller areas, increasing encounter rates and creating short-lived but intense
foraging opportunities for mobile predators (Junk et al., 1989; Botson et al., 2016; Yurek &
DeAngelis, 2019). This pattern aligns with resource-pulse theory, which predicts that episodic
changes in resource accessibility can temporarily overwhelm bottom-up constraints and promote
consumer aggregation (Yang et al., 2008; Holt, 2008). In seasonal wetlands, this pulse is
generated not during inundation, but during the recession phase of the hydroperiod, when
previously produced biomass is compressed into shrinking habitats.

Our findings extend the flood pulse concept (Junk et al., 1989) by emphasizing the

ecological importance of the falling limb of the hydrograph. While flooding fuels production and
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disperses prey, drawdown converts that production into spatially concentrated prey patches that
predators can exploit. Similar mechanisms have been documented in floodplain systems, where
receding water levels drive aggregations of fish and invertebrates that support bursts of wading
bird activity and reproductive success (Botson et al., 2016; Yurek & DeAngelis, 2019). Our
results show that this process operates even in small, isolated ponds, highlighting the generality of
drawdown-driven predator aggregation across wetland types and spatial scales.

Although biomass density necessarily reflects area normalization, the absence of scaling
in herbivores and the lack of increase in total predator biomass indicate that density increases are
not a mathematical artifact of contraction alone. Three lines of evidence support a prey-
concentration mechanism over alternative explanations. First, herbivorous waterbirds showed no
consistent relationship between biomass density and contraction intensity, and among ponds
where herbivores were recorded in both states, biomass density did not differ systematically
between hydrological conditions. If reduced habitat area alone mechanistically drove biomass
density patterns—for instance, through passive concentration of all birds or improved
detectability in smaller areas—all trophic guilds should show similar scaling. The observed
trophic selectivity instead suggests that predators actively aggregate in response to changes in
prey accessibility that occur specifically during drawdown. Second, predator assemblages showed
substantial seasonal persistence—most ponds retained a core set of predator species across both
seasons, and seasonal shifts in predator dominance were unrelated to species turnover or
compositional stability. This indicates that increases in predator dominance reflect behavioral
aggregation of persistent species rather than compositional replacement. Third, primary
productivity did not increase under drawdown. Chlorophyll-a, used as a diagnostic proxy for
phytoplankton biomass, showed no systematic increase in drier states and actually declined with
contraction intensity. While chlorophyll-a provides only an indirect measure of waterbird prey

availability (which includes fish, amphibians, and invertebrates), the absence of enhanced
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phytoplankton productivity supports the interpretation that spatial concentration of existing prey
biomass, rather than enhanced production, underlies increased predator dominance during
drawdown. Collectively, these patterns support prey concentration as the most parsimonious

explanation for elevated predator dominance during drawdown.

3.3.2 Context dependence: hydroperiod and predator identity

Despite the overall tendency for predator biomass density to increase under drawdown,
responses varied among ponds. Some exhibited little difference between hydrologic states, while
others showed the opposite pattern, with higher predator biomass under fuller conditions. This
heterogeneity is consistent with the predator-permanence framework (Wellborn et al., 1996) and
likely reflects differences in hydroperiod length and predator community composition. Diagnostic
analyses further suggest that the increase in predator biomass with habitat contraction is
concentrated above a threshold of 75% reduction in water area, consistent with the idea that
aggregation dynamics emerge when the spatial compression of prey refugia becomes extreme
rather than accumulating linearly from the earliest stages of drawdown.

In ephemeral and short-hydroperiod ponds, fish and other large aquatic predators cannot
persist through drying, limiting continuous top-down control during inundated phases. However,
these systems can experience intense but episodic predation when mobile avian predators exploit
concentrated prey during drawdown (Wellborn et al., 1996; Skelly, 2001; Chandler et al., 2016).
In contrast, longer-hydroperiod ponds support resident aquatic predators—particularly fish—
whose biomass accumulates under sustained inundation, leading to stronger predator dominance
under fuller conditions (Wellborn et al., 1996; Chase, 2003; Botson et al., 2016). Our results
extend this framework by demonstrating that individual wetlands can oscillate along the
permanence gradient through time, transitioning between bottom-up-limited and top-down-

dominated states within a single annual cycle (Ruehl et al., 2022). Rather than occupying a fixed
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position on a hydroperiod continuum, seasonal wetlands experience recurring shifts in the

dominant mode of trophic regulation.

3.3.3 Trophic cascades and shifting modes of control

Drawdown-driven changes in predator biomass density have the potential to cascade
through wetland food webs. When predator biomass density increases during habitat contraction,
consumption of herbivores and intermediate consumers may intensify, potentially releasing
primary producers from grazing pressure (Carpenter et al., 1985; Hintz et al., 2017). Conversely,
when habitats expand during flooding, reduced predator density per unit area may relax top-down
control, allowing herbivores and intermediate consumers to increase. These alternating phases of
top-down suppression and bottom-up release are characteristic of ecosystems structured by pulsed
resource dynamics (Yang et al., 2008) and may help maintain high diversity by periodically
resetting competitive and predatory hierarchies (Wellborn et al., 1996; Botson et al., 2016; Ruehl
et al., 2022).

Our results suggest that trophic control in seasonal wetlands is inherently dynamic rather
than fixed. Instead of asking whether a wetland is "top-down" or "bottom-up" regulated, we
should recognize that many systems shift predictably between these modes as hydrologic
conditions change. This temporal perspective complements spatial frameworks—such as the
predator-permanence continuum—and highlights that food-web structure in variable
environments is best understood as a dynamic response to environmental drivers rather than a

static property of habitat type.

3.3.4 Broad implications and generality

The drawdown-driven aggregation dynamics documented here are likely to operate
broadly across ecosystems characterized by periodic habitat contraction. Hydrological
variability—manifested as seasonal drawdown, drought, flow intermittency, or tidal exposure—

reduces habitable space without proportionally reducing consumer demand, creating conditions
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under which encounter rates and trophic interactions intensify. By demonstrating that predator
biomass density scales with the magnitude of habitat contraction rather than hydroperiod category
alone, our results identify habitat compression as a general driver of food-web reorganization.

Similar contraction-driven dynamics are expected in intermittent streams, floodplains,
ephemeral lakes, hypoxic dead zones in coastal systems, and drying wetlands under climate
change. In each case, shrinking habitable volume can amplify predator-prey interactions even as
total habitat declines, potentially intensifying trophic cascades and altering community structure
(Magoulick & Kobza, 2003; Chandler et al., 2016). Our within-system approach demonstrates
that trophic structure can reorganize through time as habitats expand and contract,

complementing traditional cross-system comparisons along spatial gradients.

3.3.5 Study limitations and future directions

Our inferences focus on avian predators, which respond strongly to prey concentration
and hydrological change; less mobile aquatic predators may respond differently. Our analysis
represents a two-season snapshot and relies on remotely sensed proxies for vegetation and
primary productivity. Longer time series would clarify how repeated drawdown events shape
trophic dynamics across multiple years and whether food-web responses are consistent or
contingent on antecedent conditions. Future work incorporating direct sampling of fish,
amphibians, and invertebrates would strengthen inferences about prey concentration mechanisms.
Future studies incorporating prey sampling would also clarify which prey taxa drive waterbird
responses and whether different predator guilds (e.g., fish-eaters vs. invertebrate-feeders) respond
to different prey concentration dynamics. Additionally, prey sampling across multiple years
would reveal whether prey populations are resilient to repeated drawdown events or whether
intensified predation during contraction creates a demographic drain that depletes prey stocks
over time—a critical question for predicting long-term responses to climate-driven changes in
hydroperiod variability. Despite these limitations, the consistency of trophic patterns across
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ponds, the strong scaling relationships with habitat contraction concentrated at high contraction
intensities, the lack of association between predator dominance and species turnover, and the
absence of systematic increases in chlorophyll-a under drawdown collectively support our core
conclusion: seasonal habitat contraction is a pervasive yet underappreciated driver of trophic

reorganization in small wetlands.

3.3.6 Management and conservation implications

Climate change and altered water management are reshaping hydrological regimes
worldwide, with consequences for wetland biodiversity and ecosystem functioning (Calhoun et
al., 2017; Hill et al., 2018). Our results suggest that simple hydrological metrics—particularly the
magnitude and timing of seasonal area change—can provide insight into when and where
predator dominance will intensify or relax. For managed wetlands, these findings imply that
drawdown timing and intensity may be used to influence trophic structure, potentially enhancing
foraging conditions for waterbirds or modulating predation pressure on vulnerable prey
populations.

More broadly, our work underscores the importance of maintaining natural hydrological
variability in wetland conservation. Efforts to stabilize water levels or eliminate seasonal
fluctuations may inadvertently dampen the trophic pulses that structure food webs and support
biodiversity. As small, seasonal wetlands dominate human-modified landscapes globally (Biggs
et al. 2017), understanding how habitat contraction shapes trophic dynamics will be essential for
anticipating and managing ecosystem responses to ongoing environmental change.

Seasonal wetlands are not static habitat units but dynamic systems whose ecological role shifts
predictably with hydrologic state. By demonstrating that seasonal habitat contraction reorganizes
trophic dominance within ponds—consistently amplifying predator biomass density as water
extent shrinks—we identify drawdown intensity as a key driver of food-web structure. These
findings link classic theories of resource pulses and predator permanence to within-system
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temporal dynamics, revealing that trophic control in wetlands oscillates with hydrologic state
rather than remaining fixed.

Our results provide a mechanistic basis for predicting wetland food-web responses to climate
change. The linear scaling relationship between contraction intensity and predator dominance -
concentrated among ponds undergoing severe seasonal compression - suggests that intensification
of seasonal drawdown—a projected consequence of increased precipitation variability in
monsoon regions — may amplify predator aggregation events and strengthen episodic top-down
control, particularly where climate change pushes seasonal water deficits past the threshold of
extreme habitat compression. However, altered timing may desynchronize flooding and
drawdown with breeding phenologies, while extreme droughts may push shallow ponds past
critical thresholds, causing complete drying that eliminates prey-concentration mechanisms. In
the context of climate adaptation, wetland restoration and management should prioritize

preserving capacity for hydrological variability rather than focusing solely on water retention.
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4. When does model choice matter for wetland
conservation? Comparing presence-absence, count and
ordinal state models for waterbirds

Conservation planning increasingly relies on model-based inferences about where species
occur, how abundant they are, and which sites contribute most to persistence under limited
budgets (Margules & Pressey, 2000; Moilanen et al., 2009). For mobile taxa such as waterbirds,
long-term monitoring programmes and citizen-science schemes routinely record both detections
and counts across large spatial extents, but subsequent analyses often reduce these data to
presence-absence (Joseph et al., 2006; Valle et al., 2018). This simplification is partly pragmatic--
binary data are easier to model and compare across observers - but it can also change decision-
relevant outputs. When we can protect only a small subset of sites, prioritization based on
presence—absence may select different sites than prioritization based on intensity of use (Johnston
et al., 2015). Despite the ubiquity of presence-absence analyses, practitioners have limited
guidance on when presence--absence rankings are “good enough” for conservation decisions and
when abundance information is likely to change priorities.

Species occurrence and local abundance may not respond identically to environmental
gradients. Interspecific occupancy-abundance relationships are often positive on average (Gaston
et al., 2000; He & Gaston, 2000). However, within species, the drivers of site occupancy and
local density can differ in strength, sign or spatial scale (Dibner et al., 2017; Dallas & Hastings,
2018). We expect such divergence when counts are highly variable among occupied sites—for
example, when animals aggregate in a subset of wetlands due to patchy resources, social
behavior, or seasonal movement—so that many sites are “occupied” but only a few support high
use. Under these conditions, the choice to model presence-absence versus counts can alter
estimated covariate effects and change which sites emerge as priorities (Joseph et al., 2006;

Lindenmayer et al., 2012; Barker et al., 2018).
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This distinction matters because many ecological processes and conservation objectives
are density dependent. Competition, predation, herbivory, nutrient cycling, and ecosystem service
provision scale with the number of individuals present rather than presence alone (Green &
Elmberg, 2014; Hahn et al., 2008). A wetland supporting five foraging waterbirds is unlikely to
exert the same ecological influence as one supporting hundreds of individuals, which can
structure invertebrate communities, alter nutrient fluxes, and modify water chemistry (Hahn et al.,
2008). Conservation prioritization based solely on presence—absence may therefore fail to identify
wetlands that support ecologically meaningful concentrations of individuals—sites that are likely
to contribute disproportionately to population persistence and ecosystem functioning—even when
those sites are not uniquely occupied (Joseph et al., 2006; Lindenmayer et al., 2012).

Ordinal “site-use” models that classify sites into ordered categories (e.g. absent, low,
moderate, high use) offer a potential compromise between presence—absence and full counts.
Binning counts into a small number of ordered states can reduce sensitivity to outliers and
overdispersion while retaining more information than presence—absence alone and is compatible
with standard generalized linear model workflows. Related “multi-state” formulations are widely
used in occupancy modeling to represent discrete ecological states with explicit detection
processes (Nichols et al., 2007; Gould et al., 2019; Green et al., 2011). Here, we use ordinal
regression on binned observed counts as a pragmatic, decision-focused tool rather than a
detection-corrected multi-state occupancy model, reflecting the reality of many monitoring
programmes where counts are collected but fully hierarchical abundance models are not feasible.
The key unanswered question is whether these ordinal approximations recover count-based site
rankings closely enough to be useful for conservation prioritization, and under what ecological
conditions they fail.

These questions are especially pertinent in small, human-dominated wetlands. In irrigated

agricultural landscapes, small ponds and tanks can support high waterbird diversity and provide
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critical stepping stones for migratory species, but they are also heavily modified by canal
infrastructure, water extraction and vegetation management (Kumar et al., 2016; Bassi et al.,
2014; Rawal et al., 2021). Decisions about which wetlands to maintain, restore, or buffer are
often made under budget constraints and are increasingly shaped by wetland inventory and
conservation frameworks that recognize the value of small wetlands but provide limited
operational guidance for prioritization at landscape scales (for e.g., MoEFCC, Government of
India, 2017). While prior studies have compared occurrence- and abundance-based approaches
(Johnston et al., 2015; Steen et al., 2023; Grouios & Manne, 2009), many rely on simulations or
opportunistic data and rarely connect model outputs directly to site selection under explicit
budget constraints, or provide diagnostics indicating when ordinal categories are likely to
preserve ranking-relevant information in counts (Steen et al., 2023; Lele et al., 2012; Peach et al.,
2017).

Here, we use point-count surveys from small agricultural wetlands in canal-irrigated
western India to test when response-variable choice changes inference and conservation
decisions. For each of six focal waterbird species in two seasons, we fit models to (i) presence—
absence, (ii) counts (negative binomial), and (iii) ordered site-use categories (ordinal regression
on binned counts), holding the predictor set fixed within each species—season combination. We
compare (1) estimated effects of environmental covariates across model types; and (2) the
identity of wetlands selected under a fixed conservation budget (top 20%). We investigate
following three hypotheses: (1) When a strong structural gradient (e.g. wetland area) dominates
site quality, presence—absence, ordinal, and count models will yield similar covariate inferences
and select largely overlapping priority wetlands. (2) Divergence between presence—absence and
count-based priorities will increase when occupancy and abundance decouple, such as under
aggregated counts, high zero-inflation, or unmeasured site heterogeneity. (3) Ordinal models will

improve on presence—absence only when non-zero counts span multiple ordinal categories; when
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most non-zero counts fall within a single low category, binning will discard ranking-relevant
variation and ordinal priorities will collapse toward presence—absence. We then use a simulation
study matched to our empirical design to identify the ecological conditions - signal strength,
overdispersion, and unmeasured site heterogeneity - under which these approaches converge or
diverge in site-ranking performance. Together, these analyses provide operational guidance on
when retaining counts (or coarse abundance categories) is likely to change conservation

recommendations in small, managed wetlands.

4.1 Methods

4.1.1 Focal species

We focused our analyses on six waterbird species that were ecologically representative
and sufficiently common to support all response-variable formulations (Table D1): Asian openbill
(Anastomus oscitans; ASOP), Black-winged stilt (Himantopus himantopus; BWST), Common
moorhen (Gallinula chloropus; COMO), Grey-headed swamphen (Porphyrio poliocephalus;
GHSW), Indian pond heron (4rdeola grayii; IPHE), and Little cormorant (Microcarbo niger;
LICO). These species span a range of foraging strategies (marsh-dwelling, shore-foraging, open-
water diving) and abundance distributions, allowing evaluation of how response-variable choice
performs across contrasting ecological contexts.

Species were retained if they (i) occurred at 20-80% of wetlands in the relevant season,
(i1) were detected at > 12 wetlands per season, and (iii) exhibited sufficient variation in non-zero
counts to support ordinal classification (criteria in Supplementary Methods). Not all species met

inclusion criteria in both seasons; Asian openbill was analyzed in the pre-monsoon only, yielding
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11 species-season combinations in total (six species in the pre-monsoon, five in the post-

monsoon).

4.1.2 Environmental covariates and selection

We measured wetland covariates representing habitat structure, aquatic productivity, and
landscape context. Habitat structure included wetland area (ha; classified from satellite imagery
and log-transformed), the proportion of the wetland surface covered by emergent or floating
vegetation, and canal connectivity (binary: canal-connected vs isolated). Aquatic productivity and
water quality were characterized using remotely sensed indices (chlorophyll-a proxy, NDVI, and
turbidity). Landscape context included total wetland area within a 1 km buffer and wetland area
change between survey periods, represented as a three-level categorical variable (no change,
wetting, drying) entered as indicator variables with “no change” as the reference level. All
continuous covariates were standardized to zero mean and unit variance prior to analysis.

To maintain comparability across response-variable formulations, we held the predictor
set fixed within each species—season combination across presence—absence, count, and ordinal
models. To achieve parsimonious, ecologically motivated models, we selected a limited set of
additional covariates for each species—season combination using a screening procedure described
in the Supplementary Methods, and report final covariate sets in Table D2. We verified that no
retained covariate pair exceeded |r| = 0.6; when highly correlated candidates were available, we

retained a single covariate based on ecological interpretability and data quality.

4.1.3 Response-variable formulations
We fitted three types of generalized linear models to compare how the choice of response
variable affects inference about environmental drivers and wetland prioritization. Within each

species-season combination, all three models used the same covariate set (Table D2).
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Presence—absence models. We modeled whether a species was observed at least once at

wetland i using logistic regression:

logit(p)) = Bo + X[ B 3)
Where p; is the probability of observing the species at site i under the survey protocol and x; is
the vector of standardized covariates. Predicted values p; were interpreted as relative occurrence
probabilities rather than detection-corrected occupancy.

Count models. We modeled observed site-level counts using negative binomial
regression to accommodate overdispersion,

y;~ NegBin(4;, 6),
log(4) = Bo +X; B (4)
where y; is the observed count at site i, 4; is the expected observed count, and 6 is an
overdispersion parameter. Predicted values A; were used for relative ranking rather than absolute
abundance estimation. Model diagnostics supported a negative binomial formulation for all
species (Appendix~S2), so we report negative binomial results.

Ordinal state (binned-count) models. We discretized observed counts into four ordered
site-use categories: State 0: Absent (count = 0); State 1: Low use (count = 1-2 individuals); State
2: Moderate use (count = 3-5 individuals); State 3: High use (count > 6 individuals). We required
adequate representation in each non-zero state to ensure stable estimation. We then fitted ordinal
logistic regression (proportional odds model):

logit{Pr(¥; < ))} = a; —x] B, j=01.2, (5)
where q; are threshold parameters shared across sites and g are common slopes across

thresholds. For site ranking, we computed an expected state index

~

Sp= ) j.Pr(¥; =jlx;) (6)
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which ranges from O (certain absence) to 3 (certain high use) and provides a continuous measure
of predicted site-use intensity. We assessed sensitivity of rankings to ordinal resolution using

alternative 3-, 4-, and 5-state schemes (Appendix D).

4.1.4 Simulation study

To identify the ecological and statistical conditions under which response-variable choice
alters conservation prioritization, we conducted a controlled simulation study that mirrored the
structure of our empirical analysis. Simulations systematically varied baseline abundance,
overdispersion, environmental signal strength, structural zero-inflation, and the coupling between
occurrence and abundance drivers, while maintaining a simple, interpretable data-generating

process. Parameter-recovery diagnostics are reported in the Appendix D.

4.1.4.1 Data-generating process

For each simulation replicate we generated data for N = 100 sites with three covariates:
a continuous gradient x; ~N(0,1), a binary habitat indicator x,~Bernoulli(0.4), and a second
continuous covariate x3 correlated with x; (p = 0.3).

True site-level abundance followed a zero-inflated negative binomial process:

N;~NegBin(y;, 8), logu; = Bo + Bix1i + Baxai + B33 7

where 3, controlled baseline abundance (Table 1) and 8 was the negative binomial size
parameter governing overdispersion (smaller 6 indicating stronger aggregation). Baseline
abundance ranged from exp () = 1.0 to 7.4 expected individuals at the covariate intercept,
spanning the empirical range from near-binary species (mean non-zero count = 1) to moderately
abundant species (mean non-zero count = 15).

To introduce structural absence, we modelled zero-inflation using one of two modes. In
the default shared mode, each site was independently set to zero with probability m, regardless of
covariates - identical to covariate-free structural absence. In the opposed mode, the zero-inflation

probability varied across sites as a function of the same covariates driving abundance:
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logit{Pr(structural zero;)} = yo + Y1 X1; + V2X2i + ¥3X3; (8)

Where y, = logit(m) was calibrated so the marginal zero rate matched n, and y =
Bsiopes (same sign as the count-component slopes). This creates a decoupling between the drivers
of occurrence and abundance: sites with high expected abundance are simultaneously more likely
to be structural zeros. The opposed mode was motivated by empirical species (e.g. WTKI, ASOP)
that show negative rank correlation between PA and count model predictions (p < 0), suggesting
that the factors determining whether a species occurs at a site differ from those determining sow
many individuals are present. Ecologically, this represents species whose occurrence is governed
by dispersal limitation, colony-site fidelity, or disturbance history while abundance (conditional
on presence) responds to habitat quality.

Observed counts incorporated binomial thinning to represent imperfect detection:

Y;~Binomial (N}, p) ©
where N;* is the abundance after structural zero-inflation and p = 0.7. Occupancy was defined as
Z; = 1(Y; > 0). Detection probability and unmeasured site heterogeneity o were held constant
after preliminary analyses confirmed that both had negligible effects on relative model agreement
(Appendix D; Aoverlap < 0.02 for p = 0.5 vs. 0.7; Aoverlap < 0.06 for o up to 1.0).

Three slope profiles were defined to represent variation in how strongly a single
environmental driver determines site rankings: “weak” dominance (8; = 0.5,8, = 0.5,8; =
0.8), in which signal is diffuse; “moderate” dominance (8; = 0.8, 8, = 0.3, 83 = 0.5); and
“strong” dominance (§; = 1.2, 8, = 0.1, 3 = 0.2) in which rankings are primarily determined

by a single covariate analogous to wetland area.

4.1.4.2 Ordinal binning
Simulated counts were discretized into K ordered categories using adaptive quantile-
based breakpoints computed from the non-zero count distribution within each replicate. We

examined two resolutions: K = 3 (absent, low, high) and K = 5 (absent, low, moderate, high,
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very high). As a sensitivity check, we additionally ran a subset of scenarios (3 baseline abundance
levels X 4 overdispersion levels = 12 regimes) using the fixed breakpoints from the empirical
pipeline (K =3:0,1—-2,>23;K =5:0,1—-2,3—-5,6 —10,> 11) to evaluate whether binning

strategy affected ordinal model performance.

4.1.4.3 Model fitting
For each simulated dataset, we fitted (i) logistic regression to Z;, (ii) negative binomial
regression to Y; (with Poisson fallback if NB estimation failed), and (iii) a proportional-odds

cumulative link model to ordinal states.

4.1.4.4 Simulation design

We employed a full factorial design crossing six dimensions of ecological variation
(Table 1), yielding 360 unique parameter regimes, each replicated 200 times (72,000 simulated
datasets). Ordinal resolution (K = 3, 5) was applied post hoc to the same simulated counts. An
additional 12 scenarios with fixed ordinal binning (2,400 datasets) were run as a binning-
sensitivity check.

Table 1. Simulation parameters.

Six dimensions were crossed in a full factorial design (5 x4 x 3 x 3 x 2 =360 unique regimes

x 200 replicates = 72,000 datasets). Ordinal resolution (K) was applied post-hoc. An
additional 12 fixed-binning scenarios served as a sensitivity check.

Parameter | Levels | Interpretation

Crossed in factorial (5 x 4 x 3 x 3 x 2 = 360)

B, (baseline abundance) 0,0.5,1,1.5,2 exp(By) = 1-7.4 individuals

0 (overdispersion) 0.3,1,3,10 NB size; 0.3 = colonial, 10 =
Poisson

Bsiopes (signal) Weak, Moderate, Covariate dominance structure

Strong

7 (zero-inflation) 0,0.3,0.6 Structural absence probability

v mode (coupling) Shared, Opposed Occurrence—abundance
decoupling

Fixed (sensitivity analysis)

p (detection) 0.7 Aoverlap <0.02 at p =0.5

o (site heterogeneity) 0 Aoverlap <0.06 at o =1

Applied post hoc

K (ordinal resolution) | 3,5 | Adaptive quantile binning
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4.1.5 Site prioritization and decision metrics

For each species-season combination, we ranked wetlands using 1. Predicted occurrence
probability p;, 2. Predicted expected count A;, and 3. Expected ordinal state index S;.

We evaluated model rankings using these complementary approaches. First, for a given
conservation budget b (the proportion of sites selected), we quantified top-site overlap among

model-specific priority sets as

|A N B
k

Overlap(4,B) = .k =[b.N] (10)

computed for all pairwise combinations (presence-absence & count, presence-absence & ordinal,
count & ordinal) and the three-way intersection. The primary budget was set at b = 0.20 (top
20% of sites), with sensitivity analyses across budgets from 5% to 50%.

Second, we computed capture fractions, the proportion of total abundance captured by

protecting the top k sites under each model:

ZieTopk Hi

N
i=1 Mi

C(b) = k= [b.N] (11)

Where Topy, denotes the k = [b. N| highest-ranked sites according to a given model.

For the empirical analysis, true abundances are unavailable, so we substituted A; for y; in
Equation 11. We note that this benchmark inherently favors the count model, since that model's
own fitted values serve as both the ranking criterion and the evaluation standard; the count-model
curve therefore represents a deterministic ceiling rather than an independent validation target.

In simulations, y; is known from the data-generating process, so capture fractions are
computed directly from Equation 10. We additionally computed an oracle ranking - sites ordered
by true p; - which provides the theoretical upper bound on C(b). Budget-capture curves show
how closely each modeling approach tracks this optimum across a range of budget constraints.
Under this benchmark, the count model is no longer guaranteed to be the ceiling; the oracle

consistently outperformed all fitted models (e.g. mean oracle capture = 66.4 vs. count-model
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capture = 59.6% at b = 0.20), confirming that the comparison is not tautological in the simulation
context.

Because simulations provide access to the true latent abundance y;, we also computed
Spearman rank correlations between each model's site rankings and the rankings implied by true
u;. This ground-truth metric directly measures how well each response-variable formulation
recovers the correct ordering of site quality, complementing the between-model overlap which
only measures relative agreement among models.

For simulations, we also computed the ordinal advantage,

A = Overlapcount,ordinal — Overlappa count (12)
where positive values indicate that ordinal rankings more closely approximated count-based
rankings than did presence-absence rankings, providing a single-number summary of the

information gain from retaining partial abundance structure.

4.1.6 Extended species-season analysis

To assess whether the patterns identified in the six focal species generalize across the
broader waterbird assemblage, we extended the site-ranking comparison to all species-season
combinations that met minimum modeling thresholds. From the full survey dataset of 105
species-season combinations (63 species, two seasons), we retained those for which (i) the
species was detected at >8 wetlands in the relevant season, (ii) occupancy rate fell between 0.10
and 0.90, providing enough occupied and unoccupied sites for stable logistic regression, and (iii)
both the presence-absence and count models converged. Forty-seven combinations were excluded
because occupancy was too low to satisfy these thresholds. The retained set comprised 58
species-season combinations spanning 63 species and an occupancy range of 0.10-0.81. An
ordinal model was additionally fitted wherever >2 non-zero ordinal categories each contained >3
observations; this lower per-state threshold (compared to >5 used for the six focal species) was

adopted to maximize the number of ordinal comparisons across the broader assemblage.
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To enable fair comparison across species with different abundance distributions, all three
models were fitted using a fixed covariate set: wetland area (log-transformed, standardized), canal
connectivity (binary), water area change direction, and proportional open-water vegetation cover.
This fixed set represents the core structural and hydrological drivers present in all species-season
datasets. We computed the same primary metrics as for the focal species.

To test whether occupancy rate predicts model agreement, we computed the Spearman
rank correlation between occupancy rate and presence-absence-count overlap across the 58
combinations, and summarized agreement by occupancy quintile. For a seasonal comparison, we
restricted our analysis to the 21 species detected in both seasons and computed the Spearman
correlation between within-species changes in occupancy and within-species changes in presence-
absence-count overlap (Aoverlap = overlapg, — overlapgq). The seasonal effect was also
evaluated with a Wilcoxon signed-rank test (Hy: median A = 0). To characterize the rare-species
subgroup, we split species with occupancy < 0.20 into solitary (mean non-zero count < 3) and
aggregating (mean non-zero count > 3) groups and compared mean presence-absence-count
overlap between groups.

All analyses and simulations were conducted in R version 4.4.1 (R Core Team, 2024).
Presence-absence models used g1lm(), count models used glm.nb() from MASS (Venables &

Ripley, 2002), and ordinal models used c1m() from ordinal (Christensen, 2023).

4.2 Results

4.2.1 Environmental drivers of waterbird distributions

Across the six focal species, wetland area had the most consistently positive association
across seasons and response-variable formulations (Fig D1). This pattern indicates that larger
ponds were more likely to be occupied, yielded higher observed counts, and were more frequently
classified into higher site-use states, reinforcing a strong species-area relationship in this system

(Chapter 2). In contrast, the other covariates showed more heterogeneous and species-specific
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effects, with occasional sign differences among model types. Disagreements were most likely for

covariates with weaker signals or for species with fewer detections.

4.2.2 Model choice and wetland prioritization
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Figure 13. Overlap in top-ranked wetlands across response-variable formulations.

Bars show the proportion of wetlands jointly included in the top 20% under different
ranking criteria: predicted occurrence probability, expected count, and expected ordinal
state index. Agreement was generally high (mean three-way overlap = 0.66), with the largest
divergence for Asian openbill and little cormorant in the pre-monsoon, where compressed
count distributions caused all three models to identify partially different priority sets.

100% A

75% + 1

50%

25% — - Count (ceiling)

s Presence-absence

Fraction of total abundance captured

— Ordinal
Random

0% A

5%  10% 15% 20% 25% 30% 35% 40% 45%  50%
Budget (% of wetlands protected)

Figure 14. Budget—performance curves.

The fraction of total predicted abundance captured is shown as a function of the
conservation budget (5-50% of wetlands selected), evaluated using the count-model
predicted abundance benchmark. Lines compare rankings based on predicted occurrence

probability (p;), ordinal expected state index (S;), and expected counts (A)).
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Across the 11 species-season combinations, model-based prioritization was generally
robust to response-variable choice with some exceptions. Presence-absence and count-based
priority sets showed mean symmetric overlap of 0.71 (range 0.17-1.00; Fig. 13), and three-way
overlap averaged 0.66. Ordinal rankings were highly concordant with presence-absence rankings
(mean overlap = 0.86) and showed similar agreement with count-based rankings (mean overlap =
0.73) as presence-absence models did (0.71). Budget-performance curves corroborated this
pattern: at a 20% budget, presence-absence- and ordinal-selected wetlands captured similar
fractions of total predicted abundance (44.0% and 45.0%, respectively) (Fig. 14), compared with
51.0% for count-based selection.

While overall agreement was high, concordance varied across species-season
combinations in interpretable ways. The largest divergence occurred for Asian openbill in the pre-
monsoon, where presence-absence and count-based top sites overlapped by only 17%, and for
little cormorant in the pre-monsoon, where three-way overlap was 25%. At the opposite extreme,
grey-headed swamphen in the post-monsoon showed perfect presence-absence-count agreement
(overlap = 1.00; three-way overlap =0.93). These patterns were robust to ordinal threshold choice

(cross-scheme Spearman p = 0.98; Appendix D4) and to covariate specification (Appendix D4).

4.2.3 When are ordinal models useful: a diagnostic
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Figure 15. Diagnostic illustration of when ordinal binning preserves ranking-relevant
variation in counts.
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Histograms show non-zero counts per wetland for three species, colored by ordinal category
under the primary 4-state scheme (low 1-2, moderate 3-5, high > 6; dashed lines indicate
bin boundaries). (a) Grey-headed swamphen: strong environmental signal and counts
spread across all bins; models converge (three-way overlap = 75%). (b) Little cormorant:
weak signal and 67% of non-zero counts in the lowest bin; ordinal collapses toward
presence—absence while count-based rankings diverge (three-way overlap = 25%). (c)
Indian pond heron: strong signal with enough sites in upper bins to anchor the top set;
ordinal partially recovers count-based rankings (three-way overlap = 58%; count—ordinal
overlap = 75%).

Divergence tracked two properties of species' count distributions: the spread of non-zero
counts across ordinal bins and the strength of the environmental signal driving site rankings. For
little cormorant in Season 1 (Fig. 15b), the environmental signal was weak relative to other
species, and most occupied wetlands supported only 1-3 individuals (median non-zero count =2,
IQR 1-3.5), with a thin tail reaching 33. Under the ordinal schemes, most occupied wetlands were
assigned to the same low-use category, compressing variation among non-zero counts and
reducing discrimination among moderately and heavily used sites. In this case, ordinal models
performed similarly to presence-absence (capturing 21% vs. 23% of total predicted abundance at
a 20% budget), consistent with ordinal rankings inheriting the presence-absence signal while
losing count-level information needed to identify the few genuinely high-use wetlands.

Asian openbill showed an even more extreme pattern: despite moderate occupancy, the
count distribution was highly right-skewed, with most non-zero counts concentrated in the lowest
ordinal bin and a few sites supporting disproportionately large aggregations. The count model
identified a priority set that captured 63.5% of predicted abundance at a 20% budget, whereas
presence—absence captured only 24.4% and the ordinal model 34.4%.

This contrasts with species such as grey-headed swamphen (Fig. 15a), which exhibited
far higher overdispersion (maximum pre-monsoon count = 275, mean non-zero = 22) yet showed

strong agreement across all three models. Here, a strong environmental signal dominated by

wetland area ensured that the highest-quality sites were consistently identified regardless of
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response variable, and non-zero counts were spread across all ordinal bins, preserving the rank
ordering implied by counts.

In the case of Indian pond heron in the pre-monsoon (Fig. 15c), the environmental signal
was strong, but non-zero counts were moderately compressed. Presence—absence and count-based
rankings diverged (overlap = 0.58), however enough sites fell into upper ordinal bins to anchor
the top priority set, allowing the ordinal model to partially recover count-based rankings (count-
ordinal overlap = 0.75). This pattern, where a strong signal compensates for moderate bin
compression, represents the condition under which ordinal models most reliably bridge the
presence—absence—count gap.

Across the remaining species, black-winged stilt in the post-monsoon showed the only
notable winter divergence (three-way overlap = 0.57), while common moorhen in the post-
monsoon also showed moderate divergence (three-way overlap = 0.50). Species with strong area-
driven responses (e.g. common moorhen in the pre-monsoon, grey-headed swamphen)

maintained three-way overlap >0.75 in both seasons.
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4.2.4 Generality of the ordinal diagnostic across the full species set
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Figure 16. Position of ordinal models relative to presence—absence and count models across
58 species—season combinations.

Axes show the symmetric overlap between the top 20% of sites selected by the presence—
absence and count models (x-axis) and by the ordinal and count models (y-axis). Points
above the dashed diagonal indicate that ordinal rankings were closer to count-based
rankings than presence—absence rankings were; points below indicate that ordinal
approximated presence—absence. Color encodes the percentage of non-zero counts falling in
the lowest ordinal bin. Labelled points are cases discussed in the text.
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Figure 17. Predictors of presence—absence—count agreement across the waterbird
assemblage.

Each point represents one species—season combination; the y-axis shows symmetric overlap
of the top 20% of sites selected by presence—absence and count models. (a) Occupancy rate
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was not a significant predictor of model agreement (Spearman p =—0.17, p = 0.20); color
encodes the percentage of non-zero counts in the lowest ordinal bin. (b) Spearman rank
correlation between presence—absence and count site rankings was strongly associated with
top-site overlap (p = 0.77, p < 0.001), confirming that the overlap metric captures genuine
concordance in site ordering rather than an artefact of sampling. Color encodes occupancy
rate. The dashed horizontal reference line at overlap = 0.20 denotes the random-selection
expectation. Labelled points are cases discussed in the text.
Extending the distributional diagnostic to all 58 species—season combinations available in our
dataset confirmed the patterns identified in the focal species. In 62% of cases (32/52 with
sufficient data), ordinal and presence—absence models agreed with the count-based ranking to
within +0.05 overlap units, with the Spearman correlation between PA N Count and Ordinal N
Count overlap values reaching p = 0.89 (Fig. 16). When ordinal models deviated from presence—
absence behavior, the movement was almost always in the direction of count-based rankings
(35% of combinations improved by >0.05; 4% deteriorated). Of the 49 species—seasons for which
gap closure was estimable, 43% (21/49) had gap closure near zero (|GC| < 0.05), while 22%
(11/49) achieved gap closure > 0.5 (range 0.57—1.00), with the remainder spread across the
intermediate range. No single distributional metric cleanly separated these groups across the full
assemblage. The aggregation index (max/mean non-zero count, p = —0.26,p = 0.048) was the
only significant predictor of PA-count agreement. No metric predicted gap closure significantly -
consistent with the two-axis (signal x bin spread) framework operating jointly rather than through
bin compression alone. Only five species—seasons showed negative gap closure (< -0.05). In four
of these, the absolute PA-count performance gap was small (< 5 percentage points), making the
observed ordinal shortfall (0.2-1.3 pp) indistinguishable from sampling noise. Only one case,
GLIB in Season 2 (GC = -0.44), reflected a genuine ordinal failure: an 8.5 pp absolute ordinal
loss against a 19.4 pp gap, in a species whose non-zero counts were concentrated just below an
ordinal boundary, suggesting a poorly calibrated bin threshold for that count distribution.

Occupancy rate was not a reliable predictor of model agreement (p = —0.17,p =

0.20,n = 58; Fig. 17a). Presence—absence—count overlap means were flat across occupancy

63



quintiles (range 0.57-0.71). This result holds even at the extremes: the white-browed wagtail
(AWNS; 10% occupancy) achieved perfect presence—absence—count agreement (overlap = 1.00),
while the Asian openbill in Season 1 (24% occupancy) showed near-complete disagreement
(overlap = 0.07). Most strikingly, the white-throated kingfisher in Season 1 (60% occupancy) also
showed near-complete disagreement (overlap = 0.07), inverting the common intuition entirely:
here, widespread occurrence with near-singleton counts (mean non-zero = 1.3, max = 4) left
presence—absence unable to discriminate among many equally-occupied sites, and 92% of non-
zero counts fell in the lowest ordinal bin. Count-distribution shape, rather than occupancy rate,
determined whether rankings converged.

At a 20% budget, mean capture fractions were 45.5% for presence—absence, 45.5% for
ordinal, and 52.7% for count-based selection (random baseline = 20%). Mean ordinal gain over
presence—absence was modest at +1.2 percentage points across all 58 combinations, and only 5 of
52 species—seasons showed ordinal capturing > 5 percentage points more abundance than
presence—absence; the largest advantage (11.9 pp) occurred or a species with moderate occupancy
and balanced ordinal bin distribution.

The six focal species showed higher mean ordinal gain (2.4 pp vs 1.2 pp for the full
assemblage) because they were intentionally selected to span the range of ecological contexts,
including the most divergent combinations; they do, however, capture the full breadth of
outcomes present in the wider species set, with all four outcome categories (high/low agreement x
ordinal adds/does not add value) represented.

We did not detect any systematic seasonal effect on model agreement. Season 2 (post-
monsoon) showed marginally higher presence—absence—count agreement in 13 of 21 species with
data in both seasons (mean A = +0.12, median = +0.03), but within-species changes in overlap
correlated only weakly with changes in occupancy (p = —0.28), consistent with season operating

indirectly through its effect on count distributions rather than conferring an intrinsic advantage.
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4.2.5 Simulation study
Ranking agreement

Under the shared coupling mode (zero-inflation independent of covariates), agreement
among model-based priority sets was generally high but declined with increasing baseline
abundance and zero-inflation. At baseline conditions (7 = 0, shared y), mean three-way overlap
was 0.84 and ordinal rankings were consistently closer to count-based rankings than PA rankings

were (mean ordinal advantage in overlap = +0.06).
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Figure 18. Ordinal advantage across baseline abundance levels (shared y).

Each point is one simulation scenario; the x-axis shows PA N Count overlap and the y-axis
shows Ordinal N Count overlap. Points above the diagonal indicate that ordinal rankings
are closer to count rankings than PA rankings are. At f, = 0 (near-binary species), points
cluster tightly along the diagonal---ordinal adds nothing. As 8, increases, points migrate
above the diagonal and scatter increases, reflecting growing ordinal advantage modulated
by overdispersion (color).

Baseline abundance () was the strongest modulator of PA-count agreement (Fig. 18).
At 8y =0 (near-binary species, mean non-zero count = 3.5), PA N Count overlap averaged 0.86
across zero-inflation levels, declining monotonically to 0.69 at f, = 2.0 (mean non-zero ~ 14.5).
Ordinal N Count overlap declined less steeply (0.89 to 0.82 over the same range), as ordinal
categories retained partial abundance information even when PA lost it.

Zero-inflation had the second-largest effect: increasing m from 0 to 0.6 reduced mean PA
N Count overlap from 0.85 to 0.72 (shared y), while Ordinal N Count overlap declined from 0.91

to 0.78. Signal strength and overdispersion had comparatively modest effects on pairwise overlap.
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Under the opposed coupling mode, in which the zero-inflation component responded to
the same covariates as the count component (with the same sign on the logit scale), PA-count
agreement collapsed. Mean PA N Count overlap fell from 0.79 (shared) to 0.53 (opposed), and 90
of 180 opposed scenarios produced negative mean p(PA, true~A). The most extreme cases (8, =
2.0,0 = 10) yielded PA N Count overlap as low as 0.02 and p,.. = —0.89, indicating that PA-
based rankings were inversely related to true abundance. This pattern matches the empirical
species WTKI (p = -0.27, overlap = 0.07) and ASOP (p =-0.20, overlap = 0.07), confirming that
catastrophic PA failure arises specifically when the drivers of occurrence and abundance are
decoupled.

Because simulations provide access to the true latent abundance p;, we evaluated ranking
accuracy against ground truth via Spearman rank correlation. Count models achieved the highest
mean correlation (p = 0.96), followed by ordinal models (K =3: p=0.89; K=5: p =0.90) and
PA models (p = 0.83). Ordinal models thus closed approximately 48% of the Spearman gap
between PA and count models (K = 3), with finer resolution (K = 5) yielding a modest
additional gain (+0.01 in p).

The Spearman gap between PA and count models widened sharply with increasing
baseline abundance: at §; = 0 (near-binary), the gap was pcount — Pocc = 0.05, rising to 0.24 at
Bo = 2.0. Count model accuracy was stable across B, (p = 0.96 — 0.97), whereas PA accuracy
declined from 0.91 to 0.73. This asymmetry confirms that increasing baseline abundance does not
make the ranking problem harder-it specifically degrades the PA model's ability to discriminate

among occupied sites, while count and ordinal models retain the abundance signal.
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Figure 19. Model performance across four ecological regimes in the simulation study.

Each panel shows the fraction of true total abundance captured as a function of
conservation budget (percentage of sites protected), with a dotted diagonal indicating
random site selection. (a) Near-binary species under shared coupling (8, = 0,0 = 10, =
0): all models converge, with a PA-Count gap of only 0.6 pp at a 20% budget. (b) High
baseline abundance under shared coupling (8, = 2,0 = 10, = 0. 3): ordinal models
bridge a substantial portion of the 15.5 pp PA-Count gap. (c) Moderate abundance under
occurrence-abundance decoupling (g = 1,0 = 3,m = 0.3, opposed y): PA drops near the
random baseline while count and ordinal models maintain performance. (d) High
abundance under decoupling (8¢ = 2,0 = 10, w = 0. 3, opposed y): PA captures only
4.5% of total abundance, worse than random selection, while count-based selection captures
55.9%. Ordinal models can recover 14.5 pp of the 51pp gap..
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Figure 20. Absolute conservation stakes and ordinal recovery across all 360 simulation
scenarios.
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Each point represents one parameter regime; the x-axis shows the absolute PA-Count gap
in capture fraction (percentage points pp at a 20% budget), and the y-axis shows the
ordinal gain over PA (pp). The dashed diagonal indicates full gap closure (GC = 1); the
dotted line indicates 50% closure. Under shared coupling (blue circles), scenarios cluster
near the origin: most gaps are < 10 pp and ordinal recovers a proportional fraction. Under
opposed coupling (orange triangles), the PA-Count gap extends to > 50 pp but ordinal gain
plateaus below 20 pp, leaving a large residual that only full counts can close. Circled points
correspond to the four budget-curve panels in Fig. 18. The vertical grey line at 5 pp marks
the threshold below which model choice is unlikely to change a management decision.

Ordinal gap closure under budget constraints

At a 20% conservation budget, PA-based selection captured a mean of 53.9% of total
abundance across shared-y scenarios, compared with 56.5% for ordinal (K = 3) and 59.4% for
count-based selection. Ordinal models thus closed 45% of the PA-count capture gap on average

(K = 3; median 44%, range 6-89%).

Gap closure was modulated by three axes, in order of effect size:

1. Baseline abundance (f3): Gap closure increased monotonically from 0.31 (5, = 0, near-
binary) to 0.55 (8, = 2.0). At low baseline abundance, non-zero counts compressed into 1-2
values and ordinal bins collapsed to a near-binary classification; at higher abundance, counts
spread across multiple bins and ordinal models gained discriminating power.

2. Overdispersion (8): Gap closure increased from 0.29 (6 = 0.3, extreme aggregation) to 0.56
(6 = 10, near-Poisson). Highly overdispersed count distributions concentrate most non-zero
values near zero with a long right tail; ordinal bins cannot distinguish the many low-count
sites, while a few extreme counts dominate the ranking. Near-Poisson distributions spread
counts more evenly across quantile-based bins, allowing ordinal models to capture finer
abundance gradations.

3. Zero-inflation (7): Gap closure declined from 0.57 (x = 0) to 0.31 (n = 0.6), as excess zeros

shifted observations into the “absent” category and reduced the effective sample of non-zero

counts available for ordinal discrimination.
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Signal strength had comparatively little effect on gap closure (weak: 0.48, moderate:
0.45, strong: 0.44), indicating that the ordinal model's ability to bridge the PA-count gap depends
primarily on the shape of the count distribution, not on how strongly covariates predict
abundance. Under occurrence-abundance decoupling (opposed y), gap closure dropped to a mean
of 0.30, reflecting the fact that when PA rankings are inversely related to true abundance, ordinal
models-which still share the PA model's zero/non-zero distinction-can only partially recover the

correct ordering.
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Figure 21. Effect of occurrence-abundance decoupling on PA model performance.
Each point is one simulation scenario. Under the shared y mode (default), PA predictions
correlate positively with true abundance and PA N Count overlap is generally high. Under
the opposed Y mode, PA predictions become inversely related to true abundance (p < 0 in

half of scenarios), and PA N Count overlap collapses. This reproduces the empirical pattern
observed in species such as WTKI and ASOP.
The opposed y mode produced the simulation's most extreme model disagreements (Fig.
20, 21). At By = 2.0, mean PA N Count overlap was 0.38 and mean p,.. = —0.18; the worst
individual scenario yielded overlap of 0.02 and p = —0.89 (Fig. 21). The severity of PA failure
scaled with baseline abundance: at §, = 0, the opposed mode still yielded PA N Count = 0.70,

but by By = 2.0 the decoupling became extreme.
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When baseline abundance is low, most occupied sites have 1-2 individuals regardless of
habitat quality, so the distinction between “where it occurs” and “where it is abundant” is
irrelevant. As baseline abundance rises, high-quality sites become visibly distinct in abundance
but - under the opposed model - are more likely to be structural zeros, creating an inverse
relationship between occupancy probability and abundance.

Ordinal models partially buffered against decoupling (mean GC = 0.30 under opposed vs.
0.45 under shared), because ordinal categories retain some abundance information even when the

PA-model's zero/non-zero partition is misleading.

4.3 Discussion

Whether to model presence-absence or abundance is often treated as a question about
data quality or analytical convenience. Our results suggest it is better framed as an ecological
question. In most cases, model choice did not change which wetlands were prioritized —
convergence was the norm, driven by a shared environmental gradient that structured both
occurrence and abundance across species. But the cases where model choice did matter were
systematic, large in magnitude, and predictable from the shape of species' count distributions.
When occurrence and abundance were decoupled, presence-absence rankings actively
misdirected conservation resources, performing worse than random site selection in the most
extreme cases. The relevant question is therefore not whether counts are generically better than

presence-absence, but when the distinction changes a conservation decision.

4.3.1 When model choice does not matter: convergence under shared
gradients

For most species-season combinations in this system, wetland prioritization was robust to
the choice of response variable. This convergence occurred because wetland area — the dominant
structural gradient — shaped both occurrence and abundance in the same direction across species.

When a single strong covariate governs site quality, all three model types effectively track the
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same underlying ecological signal, and the additional information in counts over PA offers
diminishing analytical returns.

This pattern was not predicted by occupancy rate. Both rare and common species showed
high and low agreement: the white-browed wagtail at 10% occupancy achieved perfect PA-count
agreement, while the white-throated kingfisher at 60% occupancy showed near-complete
disagreement. The aggregation index - maximum to mean non-zero count ratio - was the only
significant predictor of PA-count agreement across the 58-species assemblage. Occupancy rate,
often used as a heuristic for whether a species has enough data to support more complex models,
is therefore not the right diagnostic for whether model choice will change conservation priorities.
The right diagnostic is the shape of the count distribution among occupied sites.

The simulation corroborates this mechanistically. At low baseline abundance, most
occupied sites support one or two individuals regardless of habitat quality, and the distinction
between PA and count-based rankings is trivially small. Agreement erodes as baseline abundance
rises — not because the ranking problem becomes harder, but because PA progressively loses the

ability to distinguish among occupied sites while count and ordinal models retain the signal.

4.3.2 When model choice matters: two mechanisms

The cases where model choice consequentially changed conservation priorities fell into
two mechanistically distinct classes.

The first is count distribution compression. When most occupied sites support similarly
low numbers of individuals, such as in the case of the white-throated kingfisher, PA cannot
discriminate among them and any ranking it produces reflects noise rather than ecological signal.
In these cases, the problem is not that PA ignores abundance, it is that abundance itself provides
almost no within-occupancy variation to work with. Ordinal models are also largely unhelpful

here, since nearly all occupied sites fall into the same category regardless of binning scheme.
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The second mechanism is occurrence-abundance decoupling, and it is substantially more
consequential. When the environmental drivers of whether a species is present at a site differ
from those governing how many individuals concentrate there, PA rankings can become inversely
correlated with true site quality. In the simulation, 90 of 180 opposed coupling scenarios
produced negative correlations between PA predictions and true abundance; at high baseline
abundance, PA-based selection captured only 4.5% of true total abundance at a 20% budget —
worse than random site selection. Empirically, the Asian openbill and white-throated kingfisher
showed signatures consistent with this mechanism. Ecologically, decoupling is most likely for
species whose occurrence is governed by dispersal limitation, disturbance history, or colonial site
fidelity, while local abundance responds to habitat quality. In these cases, the most occupied sites
are not the most ecologically important sites, and conservation programs relying on PA data risk
systematically directing resources away from the sites that matter most.

Identifying these cases in advance is more tractable than it might appear. The ecological
signature — species that are regionally widespread but locally concentrated, present at many sites
in small numbers but abundant at a few traditional or high-quality sites — is one that experienced
fieldworkers and local experts will often recognize without formal analysis. Colonial waterbirds,
species with strong roost-site fidelity, and migrants whose occurrence reflects transient passage
rather than habitat quality are the primary risk categories. Where prior data exist, decoupling can
be confirmed quickly by examining whether the most frequently occupied sites are also those
with the highest counts; where that relationship is weak or inverted, the case for investing in
abundance data is clear.

Ordinal models partially buffered against decoupling, because ordinal categories retain
some within-occupancy information even when the PA zero/non-zero partition is misleading.

However, they cannot fully compensate because they still depend on that partition as their
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baseline. When the partition itself is ecologically misleading, ordinal models inherit part of the

same problem.

4.3.3 Comparison with previous studies

Our finding of generally high agreement is consistent with prior work showing that PA
can yield similar spatial priorities to abundance data when strong habitat gradients dominate site
quality (Joseph et al., 2006; Lindenmayer et al., 2012). Joseph et al. (2006) found that presence-
only models identified similar priority areas to abundance-weighted models for Australian
woodland birds when gradients were strong but diverged in more homogeneous landscapes.
Lindenmayer et al. (2012) reached analogous conclusions for arboreal marsupials, finding that
abundance data changed conservation recommendations primarily for species with high local
density variation. In contrast, Johnston et al. (2015) reported large divergence for waterbirds
across California's Central Valley, where counts spanned orders of magnitude across a continental
flyway. Our results reconcile these contrasting findings: divergence is most likely when baseline
abundance is higher, counts vary strongly among sites, or occurrence and abundance are
decoupled.

To our knowledge, this is among the first studies to evaluate ordinal models explicitly as
a pragmatic site-ranking tool for wetland conservation. Multi-state occupancy models have been
used extensively in wildlife monitoring (Nichols et al., 2007; Gould et al., 2019), but typically for
state estimation rather than site prioritization. Our use of ordinal regression on binned observed
counts reflects the operational reality of many monitoring programs where detection correction is
impractical and extends the comparison to a response-variable option that has received little

systematic evaluation in a prioritization context.
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4.3.4 Practical recommendations

Our recommendations concern both analytical choices made after data collection and
monitoring program design decisions made before it, and how much prior knowledge is
realistically available to guide either.

What practitioners can usually know in advance. Standardized waterbird surveys
record all species simultaneously, so the decision of whether to record full counts or presence-
absence only is a program-level design choice. For long-term monitoring programs and large
citizen science databases such as eBird or Wetland Bird Survey, data volume is rarely the limiting
constraint — the relevant question is the reliability of count data relative to what the analysis
requires. Citizen science count records vary substantially in accuracy: observers differ in their
ability to estimate flock sizes, effort is inconsistently reported, and detection varies with observer
skill in ways that are difficult to standardize post hoc. The diagnostic framework developed here
provides a principled basis for deciding how to use them. For species whose count distributions
are effectively near-binary, collapsing to PA loses almost no analytical information and the
reliability limitations of citizen science counts are largely irrelevant — PA is not just acceptable
but appropriate, and the vast spatial coverage of citizen science data can be used with confidence.
For species with higher baseline abundance and strong aggregation, count data contain genuine
conservation-relevant information that PA discards, but citizen science counts for these species
are also the most likely to be inaccurate — large flocks are harder to count precisely, and high-
use sites may accumulate inflated records across observers. For these species, counts should be
used with attention to effort filters and checklist completeness flags. Where exact counts are
unreliable but order-of-magnitude estimates are credible, converting records to coarse ordinal
categories may recover much of the ranking signal while being less sensitive to count inaccuracy.
For first-time surveys in new landscapes, species identity provides usable prior information even

without site-specific data. Expert knowledge alone is often sufficient to flag the primary risk
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categories — colonial breeders, roost-site-faithful species, and passage migrants — before any
distributional data have been collected, providing a practical basis for deciding which species
warrant count-level effort from the outset.

When full counts are necessary. For aggregating, colonial, or transient species, count
data are not merely preferable but necessary for ecologically defensible site prioritization,
including for rare species in these categories. PA-based ranking treats a site visited by a single
individual identically to one supporting a large seasonal concentration, and risks directing
resources to widely but thinly occupied sites while overlooking the few that contribute
disproportionately to population persistence. A conservation program that collects only detection
data for such species may make systematically incorrect prioritization decisions with no way to
detect the error from the data it has collected.

When PA data are sufficient. For species at low-to-moderate baseline abundance where
a dominant structural gradient shapes both occurrence and abundance, PA data are likely
adequate for broad-scale prioritization. This is the majority condition in our system and likely in
many other small-wetland landscapes. For citizen science programs collecting detection-only
data, this is an important finding: for most species in habitat-structured systems, the prioritization
conclusions drawn from detection records are likely reliable.

When ordinal data provide a useful compromise. For programs where recording exact
counts is impractical, ordinal abundance categories can provide a workable intermediate, but only
if category boundaries span the actual abundance range of target species. Boundaries that
compress most non-zero records into the lowest category recover little beyond PA; boundaries
spread across the realistic count range can meaningfully improve site ranking for moderately
abundant species. For monitoring programs transitioning from PA to more structured recording,
ordinal categories offer a low-barrier entry point that retains comparability with historical data

while beginning to capture abundance structure.
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4.3.5 Limitations

This study was conducted in a single landscape with a specific range of wetland sizes,
vegetation structures, and waterbird assemblage composition. Model agreement may differ in
systems with broader count ranges, weaker environmental gradients, or stronger spatial
autocorrelation in site quality. The high and relatively constant detection probabilities in our
surveys meant that detection heterogeneity was unlikely to influence relative model performance;
in systems where detectability varies substantially across habitats or abundance levels, systematic
differences in detection could alter comparative model performance in ways not captured here.
The simulation represents an abstraction of ecological reality. The occurrence-abundance
decoupling scenarios were designed as informative boundary conditions rather than literal
representations of any specific species or system, and real ecological systems may involve more
complex combinations of spatial processes, covariate interactions, and threshold effects. The
simulation also assumed covariates were measured without error and that site heterogeneity was
modest; relaxing these assumptions may widen the PA-count gap in ways that increase the
practical value of count-based analyses.

Finally, the empirical budget-performance curves use the count model's own fitted values
as the benchmark, which inherently advantages count-based selection. We therefore treat
empirical differences primarily as deviations from count-based prioritization and rely on the
simulation, where true latent abundance is known, to evaluate model performance against an

independent ground truth.
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5. Conclusion

Small seasonal wetlands in agricultural landscapes are easy to overlook. They are too
small to fit conservation frameworks built around large protected areas, too numerous to manage
individually, and too modified by human use to align neatly with conventional natural-history
narratives. This dissertation argues that those same features are precisely what make these
systems ecologically important. Across three chapters examining waterbird communities in
village ponds in an intensively irrigated district of western India, a consistent story emerges: these
systems are more ecologically structured, more seasonally dynamic, and more readily explained
by ecological theory than their marginal place in conservation frameworks would suggest.

The three chapters examine complementary dimensions of how biodiversity is organized
in these systems. Chapter 2 examined how spatial extent and habitat structure jointly shape
waterbird diversity and trophic organization. Chapter 3 focused on temporal dynamics, asking
how seasonal hydrological contraction reorganizes trophic dominance. Chapter 4 turned to
methodological practice, investigating how analytical choices in species modeling influence
conservation prioritization under realistic data constraints. Together, these chapters show that
biodiversity patterns in small seasonal wetlands can only be understood by integrating space,
time, and observation.

A recurring theme across the dissertation is that wetland area matters, but typically not on
its own. In Chapter 2, vegetation structure determined how area translated into biodiversity
outcomes: foundation species cover amplified diversity—area relationships in larger wetlands but
suppressed diversity in the smallest ponds by limiting open-water habitat. Chapter 3 showed that
predator aggregation was driven less by absolute wetland size than by the magnitude of seasonal
contraction. Chapter 4 demonstrated that strong gradients such as area can produce agreement
across modeling approaches, but that this agreement weakens as ecological heterogeneity

Increases.
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A second synthesis concerns how different trophic groups respond to different ecological
dimensions. Herbivorous waterbirds were most strongly associated with relatively stable spatial
attributes such as wetland size and vegetation structure, showing the steepest diversity—area
relationships. Predators, by contrast, responded to temporal hydrological dynamics: biomass
density increased with seasonal drawdown, consistent with aggregation around concentrated prey
as habitat contracted. Together, these patterns suggest a trophic division in ecological
organization in which herbivore communities track spatial habitat structure, while predator
dynamics are governed more strongly by seasonal hydrological pulses.

Season also emerges as a fundamental ecological axis in these systems. As wetlands
expand and contract through the annual cycle, biodiversity patterns and trophic interactions shift
accordingly. A pond that appears species-poor in summer may function as an important wintering
habitat, while sites with modest richness may still support intense predator aggregation during
drawdown. This highlights a key limitation of single-season surveys: no single snapshot can
capture the full ecological role of a seasonal wetland.

The dissertation also shows that what we measure can influence what we protect and
restore. In many cases, particularly where strong environmental gradients such as wetland area
structure communities, presence—absence, ordinal, and count-based models identify similar
priority sites. This suggests that relatively simple data can often support robust conservation
decisions in data-limited systems. However, for species with strongly aggregated distributions,
occurrence data can obscure ecologically meaningful differences among wetlands. Because
presence-absence models cannot distinguish between small and large aggregations, they may
overlook sites supporting disproportionately large numbers of individuals. The simulation
analyses in Chapter 4 show that such disagreements are most likely when ecological

heterogeneity is high and count distributions are strongly zero-inflated. These conditions can
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often be identified from pilot surveys, providing a practical basis for deciding when more detailed
count data are likely to improve conservation prioritization.

The waterbird communities of Kheda’s village ponds are, in one sense, a highly specific
subject. But they also illuminate broader ecological and conservation questions: how habitat
structure shapes biodiversity, how food webs respond to seasonal environmental change, and how
methodological choices influence what we protect. This dissertation does not answer those
questions fully, but it advances them from a landscape that is often treated as ordinary: a network
of small agricultural ponds managed primarily for irrigation and daily use, not for wildlife.

That ordinariness is part of the point. Ecologically rich and theoretically informative patterns are
not confined to iconic or protected wetlands. They are also found in the small, seasonal, human-
shaped waterbodies that dominate many agricultural landscapes across the tropics and subtropics.
Understanding those wetlands in their spatial, seasonal, and trophic complexity is essential to

freshwater conservation at the scale where it is most urgently needed.
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Appendix A

Supplementary Materials for Study Area Characterization and
Surveys

A1. Sampling design

738

230

Figure Al.1. Study site: Kheda district, Gujarat, India.

All identified wetlands and ponds in the study area are shown in blue, and the largest
wetland in each sampling grid is in maroon.
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Figure A1.2. Comparative size distributions of all wetlands in the study area, the selected
largest wetlands from each sampling grid cell, and wetlands sampled from the selected set.

The size distribution of the sampled wetlands is representative of the selected wetlands.
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A2. Surface Water and Vegetation Extent Mapping

Study Area and Data Sources

We delineated the study area using a custom geometry that encompassed all targeted
wetlands in Kheda District, Gujarat, India, and used this boundary for all spatial filtering and
analysis tasks. To capture wetland conditions during both survey periods, we obtained imagery
from the Sentinel-2 SR Harmonized collection (20-m resolution) corresponding to the summer
(May—June 2022) and winter (December 2022—January 2023) seasons. Images with more than
30% cloud cover were excluded. We also incorporated Sentinel-1 GRD dual-polarization (VV
and VH) data acquired in Interferometric Wide (IW) mode on descending orbits to provide radar
backscatter information less sensitive to atmospheric effects. Elevation and slope data were
extracted from the Shuttle Radar Topography Mission (SRTM) digital elevation model. All
datasets were reprojected to EPSG:4326 and resampled to a 20-m grid to ensure spatial
consistency across layers. All preprocessing, feature engineering, classification, and visualization

tasks were performed within the Google Earth Engine (GEE) environment.

Pre-processing and Normalization

For Sentinel-2, cloud and shadow masking was applied using the Scene Classification
(SCL) and cloud-probability bands, effectively removing pixels contaminated by clouds,
shadows, or cirrus. Sentinel-1 images were first converted from power to decibel (dB) scale, then
denoised using a refined Lee speckle filter that combined local mean and variance calculations (3
x 3 kernel) with directional smoothing (7 x 7 kernel). All imagery was normalized to a 0—1 range
prior to feature extraction. When multiple images were available per season, we generated
seasonal composites using the median pixel value to minimize noise from cloud and temporal

variation.
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Spectral and Radar Feature Engineering

To characterize surface water, vegetation, and built surfaces, we computed a suite of
spectral indices: the Normalized Difference Vegetation Index (NDVI), Normalized Difference
Built-up Index (NDBI), Modified Normalized Difference Water Index (MNDWI), Normalized
Difference Chlorophyll Index (NDCI), Normalized Difference Pond Index (NDPI), and Bare Soil
Index (BSI). Mean VV and VH backscatter from Sentinel-1 were included to capture differences
in surface roughness and moisture, while SRTM-derived elevation and slope accounted for
topographic variation. To represent local texture and edge effects, we performed a 3 x 3
neighborhood analysis on the NDPI band and incorporated the resulting mean and standard-
deviation layers into the composite. Additionally, we calculated distance to the nearest road to

capture potential anthropogenic influence on wetland boundaries.

Land-Cover Classification

Land-cover classification distinguished four primary classes: open water,
emergent/floating vegetation (interpreted as foundation-species cover), agriculture, and built
surfaces. We compiled a set of 487 and 533 ground-control points (GCPs) in summer and winter,
respectively, using field knowledge and very-high-resolution Planet imagery. A Random Forest

classifier with 50 trees was trained on 60% of GCPs and validated on the remaining 40%.

Accuracy Assessment

The resulting classified maps achieved an overall accuracy of 95.05% in summer (x =
0.89) and 95.8% in winter (x = 0.91). Producer’s and user’s accuracies exceeded 90% for the
relevant classes - water and wetland vegetation.
In summer, open-water and wetland-vegetation classes achieved perfect agreement (100%
precision and recall). In winter, the open-water class had a producer’s accuracy of 98.7 % and

user’s accuracy of 100 %, while the wetland-vegetation class reached a producer’s accuracy of
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90.3 % and user’s accuracy of 90.3 %. These values confirm the reliability of the seasonal

foundation-species (FS) cover estimates used in biodiversity analyses.

Table A2.1. Accuracy metrics for summer and winter land-cover classifications.

b P b
Overall User’s Producer’s User’s roducer’s
Accuracy Accuracy
Season | Accuracy | Kappa | Accuracy | Accuracy (%) %)
(1) (1) (1) ° o
(%) (%) Water | (%) Water Vegetation Vegetation
Summer | 95.05 0.89 100 100 100 100
Winter | 95.8 0.91 100 98.7 90.3 90.3

A3. Bird surveys

Table A3.1. List of waterbird species observed over two survey seasons.

Common name Scientific name Code |Trophic Level
Asian openbill Anastomus oscitans ASOP |3
Asian Woolly-necked stork|Ciconia episcopus AWNS |4
Black-crowned night heron | Nycticorax nycticorax BCNH |4
Black-headed Ibis Threskiornis melanocephalus |\ BHIB |4
Black-tailed Godwit Limosa limosa BTGO |3
Black-winged stilt Himantopus himantopus BWST |3
Bronze-winged jacana Metopidius indicus BWIA |2
Common kingfisher Alcedo atthis COKI |4
Common moorhen Gallinula chloropus COMO |3
Common pochard Aythya ferina COPO |2
Common Redshank Tringa totanus CORE |3
Common sandpiper Actitis hypoleucos COSA |3
Cotton pygmy goose Nettapus coromandelianus |CPGO |2
Eurasian coot Fulica atra EUCO |3
Eurasian spoonbill Platalea leucorodia EUSP |3
Eurasian Wigeon Mareca penelope EUWI |2
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Gadwall Mareca strepera GADW |2
Garganey Spatula querquedula GARG |3
Glossy ibis Plegadis falcinellus GLIB |3
Great cormorant Phalacrocorax carbo GRCO |4
Great egret Ardea alba GREG |4
Greater flamingo Phoenicopterus roseus GRFL |3
Greater painted snipe Rostratula benghalensis GPSN |3
Green-winged Teal Anas crecca GWTE |2
Green Sandpiper Tringa ochropus GRSA |3
Grey-headed swamphen  |Porphyrio poliocephalus GHSW |2
Grey heron Ardea cinerea GRHE |4
Greylag Goose Anser anser GRGO |2
Indian cormorant Phalacrocorax fuscicollis INCO |4
Indian pond heron Ardeola grayii IPHE |3
Indian spot-billed duck Anas poecilorhyncha ISBD |2
Indian stone-curlew Burhinus indicus ISCU |3
Intermediate egret Ardea intermedia INEG |4
Knob-billed duck Sarkidiornis melanotos KBDU |2
Lesser whistling duck Dendrocygna javanica LWDU |2
Little cormorant Microcarbo niger LICO |4
Little egret Egretta garzetta LIEG |3
Little grebe Tachybaptus ruficollis LIGR |3
Little ringed plover Charadrius dubius LRPL |3
Little stint Calidris minuta LIST |3
Marsh Sandpiper Tringa stagnatilis MASA |3
Northern Pintail Anas acuta NOPI |2
Northern Shoveler Spatula clypeata NOSH |3
Oriental darter Anhinga melanogaster ORDA |4
Pacific golden-plover Pluvialis fulva PGPL |3
Painted stork Mycteria leucocephala PAST |4
Pheasant-tailed jacana Hydrophasianus chirurgus |PTJA |3
Pied kingfisher Ceryle rudis PIKI |4
Purple heron Ardea purpurea PUHE |4
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Red-naped ibis Pseudibis papillosa RNIB |3
Red-wattled lapwing Vanellus indicus RWLA |3
River tern Sterna aurantia RITE |4
Ruddy shelduck Tadorna ferruginea RUSH |2
Ruff Calidris pugnax RUFF |3
Sarus crane Antigone antigone SACR |3
Spotted redshank Tringa erythropus SPRE |3
Striated heron Butorides striata STHE |4
Temminck's stint Calidris temminckii TEST |3
Whiskered tern Chlidonias hybrida WHTE |4
White-breasted waterhen |Amaurornis phoenicurus WBWA|3
White-throated kingfisher |Halcyon smyrnensis WTKI |4
Wood sandpiper Tringa glareola WOSA |3
Yellow bittern Ixobrychus sinensis YEBI |3

Table A3.2 Summary statistics of waterbird surveys in Kheda, Gujarat

Variable Summer Winter

Waterbird survey summary

Number of sites 76 71

Number of species 48 55

Resident status

Resident species 36 36

Resident occupancy 76 71

Migratory species 12 19

Migratory occupancy 24 56

Trophic level

Primary consumers 7 13

Secondary consumers 26 25

Top carnivores 15 17

Site characteristics*

Open water area 8.8 ha (IQR: 1.15, 23.45) | 19.1 ha (IQR: 8.09, 37.27)
Floating vegetation area 7.58 ha (IQR: 2.02, 14.37) | 11.21 ha (IQR: 4.48, 21.6)

* Area of open water and floating vegetation is from the classification of satellite imagery as
described in Methods.
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Appendix B

Supplementary materials for Foundation Species cover shapes
biodiversity-area relationships in an aquatic ecosystem

Species-area and Abundance-area relationship on a log-log scale

Summer Winter Summer Winter
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Figure B1. (a,b) Species richness, and (c,d) total abundance as functions of wetland area
(log—log scale) during summer (left) and winter (right).

Lines represent power-law fits. Note the different y-axis scales for (a,b) and (c,d) plots.

Seasonal and Size-Dependent Patterns of Diversity
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Figure B2. Mean species richness and abundance across wetland size classes and vegetation
structure in summer and winter seasons.

Bar plots show mean (+ SE) species richness (a—b) and total abundance (c—d) across small (<
2 ha) and large (> 2 ha) wetlands during summer (left panels) and winter (right panels).
Wetlands are further classified by vegetation structure: low (0), medium (1), and high (2)
foundation species (FS) cover.
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Trophic diversity and composition across vegetation classes
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Figure B3. Predicted presence (top row) and abundance (bottom row) of herbivorous
waterbirds across wetland vegetation cover classes.

Results are shown for summer (left) and winter (right). Predictions are from generalized
linear models controlling for log-transformed wetland area. Bars represent model estimates
at median wetland size; error bars indicate 95% confidence intervals. Letters above bars
denote statistically distinct groups based on Tukey-adjusted pairwise comparisons (o =
0.05). Points show raw observations.

To evaluate how foundation species structure trophic composition, we modeled the
presence (binary) and abundance (counts) of primary consumers, secondary consumers, and top
carnivores separately for each season. Presence—absence was analyzed using GLMs with
binomial error structure and a logit link. Abundance was modeled using GLMMs with negative

binomial error and a log link. Predictors were logz(wetland area) and categorical vegetation-cover

class (low, medium, high).
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In summer, herbivore presence increased with area (f = 0.43, p = 0.021; ~54% higher
odds per doubling), while vegetation cover was not a significant overall predictor of presence
(medium vs. low: f = 1.94, p = 0.088; pairwise comparisons not significant). By contrast,
herbivore abundance was strongly related to cover: relative to low cover, medium cover was 5.2x
higher (p < 0.001) and high cover 2.7x higher (p = 0.017). Omnivores and carnivores showed no
significant presence differences across cover classes, and their abundances did not differ by cover
in summer.

In winter, herbivore presence increased with both area (f = 0.64, p = 0.003; ~89% higher
odds per doubling) and cover (medium vs. low: B = 1.20, p = 0.050; high vs. low: p =2.93,p =
0.011), with pairwise tests confirming higher presence in high versus low cover (>18% odds).
Herbivore abundance also scaled with area (f = 0.65, p = 0.001), but cover effects were weaker:
only medium cover exceeded low (B = 1.26, p = 0.029), and post-hoc comparisons did not
separate all cover classes. Omnivore and carnivore presence remained unrelated to cover;
however, omnivore abundance was lower in high versus low cover (f = —0.83, p=0.016; ~56%
decrease), and carnivore abundance was higher in medium cover ( = 0.56, p = 0.039; ~75%
increase).

Together with the trophic SAR/AAR results, these patterns indicate that vegetation cover
primarily increases intensity of use (abundance) for herbivores—especially in summer—while
effects on occurrence (presence) are weaker and more season-dependent. Responses of higher
trophic levels to cover are comparatively muted or inconsistent, likely reflecting broader diets and
larger foraging ranges. Distinguishing occupancy from use is therefore essential when evaluating

how foundation species structure trophic composition.
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Table B1.1. Adjusted slopes of species—area and abundance-area relationships (SARs)
across vegetation classes and seasons.

Vegetation cover | Summer — Summer — Winter — Winter —
class Abundance Richness Abundance Richness
Low 1.11 1.08 1.07 1.08
Medium 1.15 1.15 1.12 1.16
High 1.54%* 1.21% 1.23 1.18

Estimated slopes (B) of the relationship between log-transformed wetland area and the
biodiversity response are derived from generalized linear mixed models (GLMMs) with a log link
(negative binomial distribution) (Table B1.1). Adjusted slopes are calculated by summing the
main effect of area (low vegetation cover) with the corresponding interaction term for each
vegetation cover class. This table shows exponentiated values (exp(p)), which reflect the
multiplicative change in richness or abundance for each unit increase in log2(area), or with a
doubling of wetland area. Asterisks indicate the statistical significance of the interaction term
relative to the reference group (low vegetation cover): ***p <0.001, **p <0.01, *p <0.05, . p

<0.1, no symbol =p > 0.1.

Table B1.2. Adjusted slopes of species—area and abundance-area relationships (SARs) for
waterbird species across trophic levels and seasons.

Trophic Level | Summer Summer | Winter Winter
Abundance | Richness | Abundance | Richness
Primary 1.81 1.27 1.71 1.34
Secondary 1.19%** L.11* 0.97%** 1.03**
Top Carnivore | 1.23%** 1.18 1.25% 1.19
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Estimated slopes (P) of the relationship between log-transformed wetland area and the
biodiversity response are derived from generalized linear mixed models (GLMMs) with a log link
(negative binomial distribution) (Table B1.2). Adjusted slopes are calculated by summing the
main effect of area (primary consumers) with the corresponding interaction term for each trophic
group. This table shows exponentiated values (exp(p)), which reflect the multiplicative change in
richness or abundance for each unit increase in log2(area), or with a doubling of wetland area.
Asterisks indicate the statistical significance of the interaction term relative to the reference group

(primary consumers): *** p < 0.001, **p <0.01, *p <0.05, . p <0.1, no symbol =p > 0.1.
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Appendix C

Supplementary Materials for Predator aggregation under
seasonal drawdown in ponds

Hydrological state classification

Wetlands were classified into two hydrological states, drier and fuller, based on seasonal
differences in water availability. These states represent relative hydrological conditions within
wetlands rather than absolute water levels, and correspond to periods of reduced versus increased
surface water extent, respectively. Hydrological state assignments were consistent across all
analyses unless otherwise noted.

Waterbird counts, biomass, and biomass density
Waterbirds were surveyed at the site level (Chapter 1), and observations were aggregated
by trophic level (trophic levels 2, 3, and 4). For each trophic level and site, we calculated:
e Counts are defined as the total number of individuals observed.
e Total biomass, calculated as the sum of species-specific biomass estimates derived from
observed counts and published body mass values.
o Biomass density, calculated as total biomass standardized by site area, yielding a
measure of biomass per unit area.

Zero values for counts, biomass, and biomass density represent the absence of individuals
or biomass for a given trophic level at a site, and were retained in all inferential analyses.

To account for imperfect detection, bird surveys employed a dependent double-observer
protocol. During each 10-minute point count, a primary observer recorded all birds detected,
while a secondary observer independently recorded additional individuals the primary observer
missed. This protocol estimates detection probability and tests whether detectability varied
systematically with hydrological state or pond characteristics. Detection probabilities for predator

species were uniformly high, with the majority of site x species observations yielding perfect
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detection. Detection decreased slightly with decreasing pond size (linear regression: f = —0.028 +
0.017 SE, p = 0.094; Spearman p = —0.253, p = 0.042), ruling out the possibility that higher
biomass densities observed in contracted habitats reflect a detection artefact, and support our
approach of modelling observed counts directly as indices of relative abundance.

Biomass density shifts by trophic level

For each of the 63 paired pond observations, we computed the log-difference in biomass
density (BD) between the drier and fuller hydrological states: Alog(BD) = log(BDrier) —
log(BDxuiier)- A positive value indicates higher biomass density in the drier state. We tested
whether the distribution of Alog(BD) differed from zero using one-sample Wilcoxon signed-rank
tests (two-sided) and paired t-tests, applied separately to herbivores (L2), omnivores (L3), top
predators (L.4), and the combined predator guild (L3 + L4).

Biomass density differed significantly between drier and fuller hydrological states across
all three trophic levels (Wilcoxon rank-sum tests; Figure S1). For trophic level 2, biomass density
was higher in the drier state (median = 0.243) than in the fuller state (median = 0.023; W = 2520,
p =0.0079). Similarly, trophic level 3 biomass density was greater under drier conditions (median
=0.262) compared to fuller conditions (median = 0.172; W = 2555, p = 0.0054). Trophic level 4
biomass density also showed higher values in the drier state (median = 0.155) relative to the fuller

state (median = 0.087; W = 2567.5, p = 0.0045).
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Figure C1. Biomass density distributions (log-transformed) across hydrological states for
three trophic levels. Points show site-level values; boxes indicate medians and interquartile
ranges. Plots exclude observations with zero biomass for visualization purposes only.
Wilcoxon rank-sum tests were conducted on untransformed biomass density values and
included zero values, which represent the absence of biomass for a given trophic level at a

site.

Biomass across hydrological states by trophic level

Total biomass did not differ detectably between hydrological states for any trophic level

(Figure S2).
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Figure C2. Biomass distributions (log-transformed) across hydrological states for three
trophic levels. Points show site-level values; boxes indicate medians and interquartile
ranges. Plots exclude observations with zero biomass for visualization purposes only.
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Count across hydrological states by trophic level

Trophic-level counts did not differ significantly between hydrological states (Figure S4).
Specifically, there was no detectable difference in trophic level 2 counts between drier and fuller
states (W =2273.5, p = 0.152), nor for trophic level 3 (W =1906.5, p = 0.705) or trophic level 4
(W =2073.5, p=0.665). Thus, hydrological state effects were more apparent in density-based

metrics than in raw counts or total biomass.
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Figure C3. Count distributions (log-transformed) across hydrological states for three
trophic levels. Points show site-level values; boxes indicate medians and interquartile
ranges. Plots exclude zero counts for visualization purposes only.
Herbivore Occupancy and Zero-Type Diagnostic
Among the 63 paired ponds, herbivores were absent from the fuller state in 17 ponds

(zero_in_fuller type) but present in the drier state. In the remaining 32 ponds where herbivores
were detected in both states, biomass density did not differ systematically between hydrological
states. The occupancy pattern in zero_in_fuller ponds was associated with lower aquatic
vegetation cover, rather than with habitat contraction magnitude (lower NDVI: p = 0.015; less

wetland vegetation area: p = 0.018), suggesting a vegetation-mediated occupancy threshold rather

than a contraction-driven aggregation response.
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A. Winter NDVI B. Winter wetland vegetation
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Panels A-B: ponds grouped by herbivore zero-type (both states occupied vs. absent in fuller state).
Panel C: oceupancy trajectories for herbivore species across zera_in_fuller ponds (n = 17). Panel D: paired log-difference in herbivore biomass density
restricted to pands where herbiveres were detected in both states (n = 32)

Figure C4. Panel A: NDVI comparison between zero_in_fuller and both_nonzero ponds.
Panel B: wetland vegetation area comparison. Panel C: species-level occupancy trajectories
across zero_in_fuller ponds. Panel D: paired Alog(biomass density) restricted to both-
nonzero ponds (n = 32), showing no systematic difference between states.
Contraction—-Dominance Scaling: Robustness, Nonlinearity, and Sensitivity
The positive scaling of predator dominance with habitat contraction intensity was robust
to alternative estimators, influence diagnostics, and nonlinear formulations. Robust regression
and median regression produced slopes nearly identical to the ordinary least squares estimate
(robust slope = 1.10; median slope = 1.13), indicating that the observed relationship was not
driven by extreme observations or distributional assumptions.
To evaluate potential nonlinearity, we compared linear and quadratic models of predator

dominance as a function of contraction intensity. Adding a quadratic term significantly improved

model fit relative to the linear formulation (nested F-test: F =5.86, p = 0.0185; AAIC =3.9). A
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generalized additive model further supported mild curvature (effective degrees of freedom =
2.12) and explained slightly more variance (adjusted R? = 0.45). Median regression including a
quadratic term yielded consistent results, indicating that curvature was not restricted to the mean
response. Importantly, all nonlinear formulations preserved the same qualitative inference:
predator dominance increased monotonically with contraction intensity across the observed
gradient.

We further assessed sensitivity to influential observations identified from diagnostic
plots. Excluding two high-leverage ponds reduced the estimated slope but did not alter the
direction or significance of the relationship (trimmed slope = 0.87 £ 0.22 SE, p =1.8 x 10™),
indicating that the scaling pattern was not driven by a small number of influential ponds.

Together, these analyses demonstrate that the positive relationship between habitat
contraction intensity and predator dominance is robust to modeling assumptions, hydrologic
context, and influence diagnostics. For clarity and interpretability, we therefore retained the linear

formulation in the main text.
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A, Predator scaling: leverage diagnostic
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Figure C5. Panel A: scatter of Alog(predator BD) vs. contraction intensity with piecewise
regression overlay and high-leverage points highlighted. Panel B: Cook’s distance plot.
Panel C: forest plot of slope estimates across model variants (Median, quadratic, summer-
drier only, leave-one-out).

Chlorophyll-a

Chlorophyll-a did not differ between hydrological states. Paired site-level comparisons (n
= 52) showed no systematic difference between drier and fuller conditions (median drier — fuller
=—0.0046; mean = 0.0103), with a paired Wilcoxon signed-rank test indicating no difference (V
=739, p=0.652). A bootstrap confidence interval for the mean difference overlapped zero (95%

CI: —0.076 to 0.094). As a sensitivity analysis, excluding highly turbid sites (top 10% pooled
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across states; turbidity < 1.023) also yielded no effect in a two-sided paired test (V =558, p =

0.100), indicating that inference was not sensitive to turbidity filtering.

Chl-a (drier state)

15 20 25
Chl-a (fuller state)

Figure C6. Paired comparison of chlorophyll-a concentrations between fuller and drier
hydrological states across sites (n = 52). Each point represents a site, with chlorophyll-a in
the fuller state on the x-axis and in the drier state on the y-axis. The 1:1 line indicates equal
chlorophyll-a across states.
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Figure C7. Biomass density comparison between fuller and drier states across the 3 trophic
levels separately.
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Appendix D

Supplementary Materials for When does model choice matter
for wetland conservation?

D1. Supplementary Methods

D1.1 Species Inclusion and Ordinal Classification Criteria

We screened all waterbird species recorded in the survey for inclusion in the focal
analysis. A species—season combination was retained if it satisfied all three of the following
criteria simultaneously:

(i) Occurrence rate. The species was detected at between 20% and 80% of wetlands in
the relevant season. Species below the lower threshold provided insufficient positive occurrences
for stable logistic regression; species above the upper threshold provided insufficient variation to
distinguish high-quality from lower-quality sites.

(ii) Minimum detection threshold. The species was detected at a minimum of 12
wetlands per season. This threshold was set to ensure that count and ordinal models had adequate
data for parameter estimation with the number of covariates considered.

(iii) Ordinal viability. Non-zero counts exhibited sufficient spread across ordinal
categories to support stable ordinal regression. Specifically, we required that at least two non-zero
ordinal states were occupied by at least three sites each, using the primary four-state scheme
(absent; low use: 1-2; moderate use: 3—5; high use: >6 individuals). Species—season combinations
where more than 90% of non-zero observations fell within a single category were excluded, as the
cumulative link model cannot reliably estimate threshold parameters when one state is minimally
populated.

Species satisfying all three criteria were assigned to the full-comparison tier and are the
focal species in all main-text analyses. Species satisfying criteria (i) and (ii) but failing (iii) —
either because non-zero counts were entirely concentrated in the lowest bin or because fewer than

99



two non-zero states met the minimum count requirement — were excluded from ordinal and
count comparisons but are included in the all-species summary (Section 3.5 of main text,
Appendix D.5). Species failing criteria (i) alone due to very low occupancy were excluded
entirely. The resulting focal set comprised six species in 11 species—season combinations (Table
D1).

Ordinal states were defined using fixed global breakpoints applied uniformly across
species: State 0 (absent), State 1 (low use: 1-2 individuals), State 2 (moderate use: 3—5
individuals), State 3 (high use: >6 individuals). These breakpoints were chosen to reflect
ecologically meaningful thresholds in the waterbird community of the study region, and were not
optimized to any individual species' count distribution. We assessed sensitivity of our results to
this choice using three alternative resolutions (K = 3, 4, 5 states; Appendix D4) and species-

calibrated tertile-based breakpoints (Appendix D4).

D1.2 Covariate Screening Procedure

Covariate selection followed a structured, pre-specified procedure applied identically to
each species—season combination. The goal was to select a parsimonious, ecologically motivated
predictor set shared across all three model types (presence—absence, count, ordinal) within a
given species—season, thereby ensuring that observed differences in model outputs reflect
response-variable choice rather than predictor differences.

Step 1 — Candidate pool. We assembled a common candidate pool of continuously
measured and binary covariates representing wetland habitat structure (log-transformed wetland
area, proportion water vegetation cover, log-transformed landscape wetland area in a 1 km
buffer), aquatic productivity and water quality (chlorophyll-a, turbidity, NDVI, NDCI), and
connectivity (canal connectivity, seasonality indicators). All continuous covariates were

standardized to zero mean and unit variance within season prior to analysis.
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Step 2 — Correlation screen. We screened all pairwise Pearson correlations among
candidate continuous covariates. Any pair with |r| > 0.6 was flagged as collinear. When a
collinear pair was identified, we retained the covariate with the stronger univariate association
with the response (assessed via likelihood-ratio test against an intercept-only model using
presence—absence) and the higher ecological interpretability. The NDCI index was excluded in all
species—seasons due to high correlation with chlorophyll-a (|r| typically > 0.7).

Step 3 — Univariate filtering. For each remaining candidate, we fitted a univariate
presence—absence model and computed a likelihood-ratio test p-value. Covariates with p > 0.30 in
the univariate screen were dropped from further consideration. This threshold was intentionally
permissive to avoid discarding covariates with moderate effects that might manifest more clearly
in multi-covariate models or in the count response.

Step 4 — Multivariate model. All covariates passing the univariate screen were entered
into a full multivariate presence—absence model. Covariates with variance inflation factors (VIF)
exceeding 5 after inclusion were removed iteratively (highest VIF first), retaining ecologically
interpretable predictors. The final covariate set was defined as the predictors in the best-supported
multivariate model (evaluated by AIC). This same set was then applied without modification to
the count and ordinal models.

We verified that no retained covariate pair in any final model exceeded |r| = 0.6. Final
covariate sets for all 11 species—season combinations are reported in Table D2. To assess
sensitivity of prioritization results to covariate specification, we compared rankings under
species-specific covariate sets versus a fixed reduced set (log-area, proportion water vegetation,

canal connectivity) applied uniformly across all species and seasons (Appendix D5).
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D2. Data Tables

Table D1. Focal species & count distributions across 11 species—season combinations.

n = number of wetlands surveyed; occ. rate = proportion of surveyed wetlands occupied;
mean nonzero = mean count among positive detections; max = maximum observed count;
% low/mod/high = percentage of non-zero counts falling in ordinal states 1 (1-2
individuals), 2 (3-5 individuals), and 3 (=6 individuals) respectively under the primary 4-
state binning scheme. Season 1 = pre-monsoon (May—June 2022); Season 2 = post-monsoon
(December 2022-January 2023).

Species Code Season n Oce. | Mean Max | % low % mod | % high
rate nonzero

‘j;’e‘;’zm ASOP | SI 75 24% 9.9 95 | 65% 15% | 20%

ﬁiﬁ;’;‘d i BWST sl 75 60% 5.9 55 51% 27% | 22%

Black- . . . .

winged seit | BWST 82 71 51% 112 135 33% 36%  31%

EZ’;’;’];ZZ COMO  S1 75 32% 3.1 12 59% 26% | 15%

EZZ%ZZ COMO  S2 71 43% 4.1 40 67% 9% 24%

Grey-

headed GHSW | Sl 75 45%  18.6 275 | 34% 18% | 47%

swamphen

Grey-

headed GHSW  S2 71 39% 5.8 24| 40% 27% | 33%

swamphen

;’Zﬁ’j’zem IPHE  SI 75 56% 2.8 32 75% 17% 8%

;’;i’;’;emn IPHE  S2 71 66% | 2.7 33 71% 25% | 4%

ﬁ(’)fifomn , LiCO sl 75 49% 42 33 67% 24% | 10%

ﬁ(’)fifomn , LICO  $2 71 57% 42 23 2% 23% | 25%

Table D2. Final covariate sets used in all three model types for each species—season
combination.

The same predictor set was applied to presence—absence, count, and ordinal models within

each species—season. log(Area) = log-transformed wetland area (ha); log(Area)-landscape =
log-transformed total wetland area within 1 km buffer; % water veg = proportion of
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wetland surface with emergent or floating vegetation; Canal = binary canal connectivity;
Chl-a = chlorophyll-a index; Turbidity = water turbidity index.

Species Season = Covariates selected

Asian openbill 3] }2?223,_lgr}:(li(;f:(;[;};yll—a, Turbidity, Canal connectivity,
Black-winged stilt S1 log(Area), log(Area)-landscape, Canal connectivity
Black-winged stilt S2 log(Area), log(Area)-landscape, Chlorophyll-a
Common moorhen S1 log(Area), % water vegetation, Turbidity

Common moorhen S2 log(Area), % water vegetation, Turbidity

Grey-headed 3] log(Area), % water vegetation, Canal connectivity,
swamphen log(Area)-landscape

Grey-headed log(Area), % water vegetation, Canal connectivity,

swamphen 82 log(Area)-landscape

Indian pond heron S1 log(Area), Canal connectivity, % water vegetation

Indian pond heron S2 log(Area), % water vegetation, Turbidity

Little cormorant 3] log(Area), Chlior.ophyll-a, Turbidity, log(Area)-landscape,
Canal connectivity

Little cormorant 3 log(Area), Chlorophyll-a, Turbidity, log(Area)-landscape,

Canal connectivity
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D3. Supplementary Figures
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Figure D1. Covariate coefficient plot — effects across three model types for all focal
species—season combinations.
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Figure D2. Simulation top-20% site overlap across the full factorial parameter space.
Left panel: mean PA—count gap in capture fraction (percentage points) at a 20% budget,

plotted against 8 and overdispersion (0) separately. Right panels: corresponding ordinal
gap closure (proportion of the PA—count gap recovered by ordinal K4 relative to count).
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D4. Sensitivity Analyses

Table D3. Ordinal binning scheme sensitivity: Spearman rank correlations across K =3, 4,
5 ordinal states.

Spearman rank correlations between site rankings produced by three ordinal resolution
schemes for each focal species—season. K = 3 (coarse): absent / low (1-5) / high (=6); K =4
(primary): absent / low (1-2) / moderate (3—5) / high (=6); K = 5 (fine): absent / very low (1)
/ low (2-3) / moderate (4—6) / high (=7). Rankings are based on the expected state index from

the fitted CLM.
Species Ssn K3 vs K4 (p) K3 vs KS (p) K4 vs KS (p)
Asian openbill S1 0.996 0.994 0.999
Black-winged stilt S1 0.994 0.991 0.999
Black-winged stilt | S2 0.994 0.994 0.992
Common moorhen | Sl 0.994 0.993 0.999
Common moorhen | S2 0.995 0.991 0.998
g:f”yn ;’ZZZM Sl 0.995 0.985 0.989
gxfn }’;ZZjed S2 0.998 0.999 0.997
Indian pond heron | Sl 0.999 0.999 1.000
Indian pond heron | S2 0.989 0.992 0.999
Little cormorant S1 0.995 0.995 1.000
Little cormorant S2 0.988 0.981 0.988
Mean (min) — 0.994 (0.988) 0.992 (0.981) 0.996 (0.988)
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Overlap of top 20% sites: ordinal schemes vs abundance model
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Figure D3. Ordinal binning scheme sensitivity: Spearman rank correlations across K =3, 4,
5 ordinal states.

Spearman rank correlations between site rankings produced by three ordinal resolution
schemes for each focal species—season. K = 3 (coarse): absent / low (1-5) / high (=6); K =4
(primary): absent / low (1-2) / moderate (3—5) / high (=6); K = 5 (fine): absent / very low (1)
/ low (2-3) / moderate (4—6) / high (=7). Rankings are based on the expected state index from
the fitted CLM.

Rankings from K = 3, 4, and 5 ordinal schemes were nearly identical across all species—
season combinations. All pairwise Spearman correlations exceeded p = 0.98. Pairwise top-20%
overlap across schemes averaged 0.95 (range 0.83—1.00). These results support the robustness of
our primary K = 4 binning to the choice of ordinal resolution.

Table D4. Detection probability sensitivity: change in mean capture fraction at 20% budget.
Mean capture fraction (proportion of total true abundance captured by protecting the top
20% of ranked sites) under detection probability p = 0.5 versus p = 0.7, averaged across all
other factorial dimensions (B, 0, o, 7). A capture = capture at p = 0.7 minus capture at p =

0.5 (positive = higher detection improves performance). Values are means across 200
replicates x 81 factorial cells = 16,200 datasets per detection level.

Model type ZI(e)e.asn capture, p 2/[3?7“ capture, p ?p;:;pture Interpretation

Count (NB)  59.6% 59.7% 0.1 Ee(%;igzilg;count model robust
Presence— 55.5% 54.3% 1.2 Minimal; < 1.2pp change
absence
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Mean capture, p Mean capture, p

Model type —05 —07

Ordinal K=3 | 57.2% 56.6%
Ordinal K=4 | 57.6% 57.2%
Ordinal K=5 | 57.7% 57.4%

A capture
(rp)

-0.6
-0.4
-0.3

Interpretation

Minimal; < 0.6pp change
Minimal; < 0.4pp change
Minimal; < 0.3pp change

Changing detection probability from p = 0.5 to p = 0.7 produced changes of less than 1.5

percentage points in mean capture fraction for all model types. The rank ordering of model

performance (count > ordinal > presence—absence) was preserved at both detection levels. These

results confirm that moderate, non-differential detection error does not qualitatively alter our

conclusions about relative model performance.
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Covariate Specification Sensitivity

To assess whether conclusions about model agreement depend on the species-specific

covariate sets, we re-ran all three model types for the 11 focal species—season combinations using

a fixed, reduced covariate set applied uniformly across all species: log-transformed wetland area,

proportion water vegetation, and canal connectivity. This fixed set was chosen because these

three predictors represent the most consistently selected covariates across species and are

ecologically interpretable for the broadest range of waterbird taxa in the study region.

We compared site rankings (Spearman p between fixed and species-specific rankings, per

model type) and top 20% site overlap (symmetric Jaccard overlap at b = 0.20) between the two

covariate specifications, treating species-specific results as the reference.

Table DS. Covariate specification sensitivity: three-way top-20% overlap under fixed versus
species-specific covariate sets.

Species

Asian openbill
Asian openbill

Black-winged
stilt

Black-winged
stilt

Black-winged
stilt

Black-winged
stilt

Common
moorhen

Common
moorhen

Common
moorhen

Common
moorhen

Grey-headed
swamphen

Season @ Covariate set

S1
S1

S1

S1

S2

S2

S1

S1

S2

S2

Fixed (reduced)

Species-specific

Fixed (reduced)

Species-specific

Fixed (reduced)

Species-specific

Fixed (reduced)

Species-specific

Fixed (reduced)

Species-specific

Fixed (reduced)

PA vs count
overlap

0.08
0.17

0.58

0.92

0.36

0.71

0.75

0.92

0.36

0.50

0.83
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Ordinal vs count
overlap

0.17
0.25

0.58

0.92

0.43

0.64

0.75

0.92

0.57

0.57

0.83

Three-way
overlap

0.08
0.17

0.50

0.92

0.36

0.57

0.75

0.83

0.36

0.50

0.83



Species

Grey-headed
swamphen

Grey-headed
swamphen

Grey-headed
swamphen

Indian pond
heron

Indian pond
heron

Indian pond
heron

Indian pond
heron

Little
cormorant

Little
cormorant

Little
cormorant

Little
cormorant

Season @ Covariate set

S1

S2

S2

S1

S1

S2

S2

S1

S1

S2

S2

Species-specific

Fixed (reduced)

Species-specific

Fixed (reduced)

Species-specific

Fixed (reduced)

Species-specific

Fixed (reduced)

Species-specific

Fixed (reduced)

Species-specific

PA vs count
overlap

0.83

1.00

1.00

0.67

0.58

0.93

0.93

0.42

0.42

0.57

0.79

Ordinal vs count
overlap

0.83

1.00

0.93

0.83

0.75

0.93

1.00

0.42

0.25

0.64

0.93

Three-way
overlap

0.75

1.00

0.93

0.58

0.58

0.86

0.93

0.42

0.25

0.50

0.79

Mean three-way overlap under the fixed covariate set was 0.567, compared with 0.656

under species-specific selection. The relative pattern of agreement across species—season

combinations was preserved (Spearman p between fixed and species-specific three-way overlap =

0.82). Spearman correlations between fixed and species-specific site rankings averaged p = 0.72

for presence—absence, 0.51 for count, and 0.72 for ordinal models. These results indicate that the

qualitative conclusions about model agreement are robust to covariate specification, though

species-specific covariate selection produces modestly higher absolute agreement values by better

capturing the species-relevant environmental gradients.
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Robustness check: covariate selection does not drive overlap patterns
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Figure D4. Covariate specification sensitivity: top-20% overlap under fixed versus species-
specific covariate sets.
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Budget-performance curves: species-specific vs fixed covariates

Season 1 Season 2
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Figure D5. Covariate specification sensitivity: Abundance captured under fixed versus
species-specific covariate sets.

Binning strategy sensitivity — Simulation study
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Figure D6. Comparison across binning strategies. Left panel: Adaptive binning with K=3 vs
K=5. Right panel: Fixed binning vs adaptive binning.

Fixed binning (matching the empirical pipeline's global breakpoints) and adaptive
quantile-based binning produced qualitatively similar results across the 12 matched scenarios
(mean gap closure: fixed 0.47, adaptive 0.49; r = 0.49). Adaptive binning outperformed fixed
binning in 7 of 12 scenarios, with the largest advantage at high 8, combined with low
overdispersion (6 = 0.3), where fixed breaks placed the majority of non-zero counts into a single
category. However, fixed binning occasionally outperformed adaptive binning when the fixed
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breaks happened to align well with the count distribution (e.g. near-binary species at S, = 0). The
modest overall difference (AGC = +0.02) suggests that the underlying count distribution shape-

not the binning algorithm-is the primary determinant of ordinal model performance.
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