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Abstract

Recent satellite evidence shows that global mangrove extent, after a net loss of ~2,900 km?
between the 1980s and 2010, has since rebounded by ~2,000 km?, largely through natural
seaward expansion and regeneration. Yet this spatial recovery does not necessarily imply
the recovery of biodiversity or ecosystem functioning. Satellites record where mangroves
grow and species inventories record which organisms persist, but neither captures how plant
physiology or metabolism respond to human and climatic pressures beneath the canopy.
These responses are measured in thousands of local field and experimental studies, but
they remain scattered and unsynthesized at global scale, and pooling them manually has
reached practical limits in scalability and traceability. Here, using a human-in-the-loop
Retrieval-Augmented Generation (RAG) pipeline, we screened 9,097 articles and built the
Quantitative Global Mangrove Biodiversity Risk Database (QGMBRD), compiling 343
independent effect sizes (log response ratios of impacted versus reference conditions) from
6,744 driver-specific studies, spanning landscape to microbial scales under climate change,
land-use change, pollution and biological invasion. Despite a nearly fivefold increase in
mangrove biodiversity research between 2001 and 2025 (from 1,320 to 6,288 publications).
The spatial multilevel meta-analysis further reveals consistent negative responses from
macroscopic landscapes to microscopic processes. Crucially, relying solely on traditional
taxonomic metrics can yield false-negative conclusions of stability where evidence is scarce
and noisy. By contrast, functional metabolic and physiological indicators robustly capture
significant degradation and reveal a heavier tail of extreme decline—28.8% of functional
observations exceed critical degradation thresholds (|JLnRR| > 1), compared with 20.5% for
taxonomic metrics. Thus, recent spatial recovery should not be equated with recovery of
ecological integrity, global monitoring frameworks must integrate cross-scale functional
indicators to diagnose hidden biological impairment. Broadly, our human-centric, Al-
augmented framework improves the scalability and traceability of cross-scale ecological

evidence synthesis.
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1. Introduction

Mangrove ecosystems serve as biological buffers at the land-sea interface, sustaining
irreplaceable biodiversity while supplying blue carbon storage and coastal protection'2. After
decades of net loss, global mangrove extent has shifted to net gain since around 2010, as
accelerating natural seaward expansion and regeneration have increasingly outweighed
ongoing losses, with restoration and strengthened protection likely contributing in some
regions3. This encouraging trend demonstrates substantial spatial resilience, but it does not
establish whether biodiversity and ecosystem functions have recovered at the same pace.
Mangroves remain exposed to climate extremes and human activities*® , including land-use
conversion, chemical pollution, and biological invasions that can reshape internal
biogeochemical processes and competitive dynamics’-%. Diagnosing these effects therefore
demands a macro-scale, integrative framework—the kind of "Continental-Scale Biology" the
National Academies of Sciences now envision®10.

Recent evidence of mangrove expansion makes this distinction especially important,
recovery in spatial extent or canopy cover may not be equivalent to recovery in biodiversity,
ecological integrity, or ecosystem functioning?®. Yet current global evaluation frameworks still
rely heavily on remotely sensed spatial extent and localized taxonomic inventories?'-13,
Mainstream platforms such as the Global Mangrove Watch track large-scale fluctuations in
forest area via satellite imagery'*'S. Macroecological data infrastructures—including
PREDICTS, BioTIME, and the Living Planet Database (LPD)—index long-term trends in
species richness or vertebrate population persistence, and bypass basal functional
processes altogether'6-20, These approaches track gross deforestation or broad species loss
well, but they capture only presence or absence—not the fine-scale shifts that define
ecological health'3. Mature trees and large fauna can survive chronic stress and preserve a
superficial illusion of richness; beneath an intact canopy, an ecosystem's basal metabolic

functions and carbon storage capacity may be deteriorate?'. Broad taxonomic trends
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obscure these internal wvulnerabilities, and current frameworks risk ‘false-negative’
conclusions.

Ecological degradation unfolds as a complex, cross-scale process; macroscopic area
or simple species persistence alone overlooks the deterioration of underlying
ecosystems?223, When mangroves face stressors like localized pollution or extreme climate
events, microscopic plant physiology, root metabolism, and soil microbial communities
respond rapidly?>?4. This hidden metabolic and physiological impairment may extend
through the coastal food web. Here lies the paradox: forest area and species presence can
persist long after the underlying ecosystem crosses its degradation thresholds?3. This lag,
known as "extinction debt," occurs when species persist after habitat quality declines, so
taxonomic indicators trail environmental pressure®®. In high-diversity systems, rare species
that support vital ecological functions disappear long before overall species richness shows
any decline 2627, Two recent case studies show just how far function can drift from structure
before either metric raises an alarm. Along North Carolina's coast, declining leaf area
preceded a decade-long tree-mortality spike, flagging a coastal forest's shift from carbon
sink to carbon source years before the canopy itself visibly failed?®. On Caribbean reefs,
mass coral bleaching left fish-assemblage richness unchanged, yet functional redundancy
collapsed as communities converge toward small-bodied, algal-farming generalists—a
reorganization that standard richness metrics never caught?®. Such false-negative
assessments—products of overreliance on spatial and taxonomic metrics—undermine our
ability to predict and prevent mangroves' silent collapse.

To validate and expose this unseen cross-scale failure, researchers must pool vast
amounts of empirical evidence spanning microscopic physiology to macroscopic
communities. Existing ecological infrastructures cannot extract high-resolution data from
fragmented literature across scales. As environmental science publications grow
exponentially, manual literature screening—the traditional method of database
construction—has hit its limits. Even the most diligent experts mapping climate-mitigation
evidence can process only a fraction of the relevant literature®. This labor-intensive process

is difficult to scale and may introduce systematic bias from constrained sample sizes3'32.
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Ecology therefore needs scalable and traceable data-mining methods capable of extracting
quantitative, cross-scale evidence from non-standardized literature.

To close this gap, we built a human-in-the-loop Retrieval-Augmented Generation (RAG)
pipeline to overcome key bottlenecks in traditional evidence synthesis. We processed 6,744
peer-reviewed articles published between 2001 and 2025 and assembled the Quantitative
Global Mangrove Biodiversity Risk Database (QGMBRD), which characterizes the
mangrove biodiversity literature and compiles independent, cross-scale effect-size samples
for assessing responses to human and natural pressures. With QGMBRD, we ask two
questions: (1) what patterns of degradation emerge across ecological scales under
compounding pressures? and (2) how effectively do current indicators detect this
degradation? We show that recent gains in mangrove extent can coexist with biological
impairment and that monitoring frameworks should complement spatial and taxonomic
inventories with cross-scale functional indicators in conservation and restoration

assessments.

2. Results

The widening gap between macro-scale monitoring and local biodiversity
measurement.

Mangrove biodiversity research nearly quintupled over the study period, rising from 1,320
publications in 2001-2010 to 6,288 in 20162025 (Fig. 1a). Yet the balance of attention
across drivers barely moved. Land-use change and climate change together accounted for
roughly seven in ten publications across the full 2001-2025 period (35.8% and 34.7% of the
four primary driver categories combined, respectively); the two decadal snapshots in Fig. 1a
align closely with this figure, at 36% / 34% for 2001-2015 and 36% / 35% for 2016—-2025.
Each driver grew in near lockstep with the field as a whole: land-use studies rose from 330
to 2,201, climate studies from 329 to 2,127. Pollution research grew at a comparable pace
(206 to 1,332), while biological invasion held a narrow and largely stable share of attention
throughout the period — near 6.9% of the four driver categories — even as its absolute

output rose sixfold, from 61 to 418 studies.
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Within land-use research, urbanization has been the dominant pressure throughout the
study period, and its lead has widened slightly over time. It accounted for 16.1% of the four
primary drivers' output in 2001-2015 (344 of 2,137 records) and rose to 16.5% in 2016—
2025 (1,002 of 6,078 records) — in the most recent decade, a volume roughly matching the
combined output on agriculture (8.2%, n = 497), extraction and salt-pan development (6.1%,
n = 373), and aquaculture (5.4%, n = 329)

A keyword co-occurrence analysis of the same corpus (9,097 records; 98 keywords,
3,824 links, five thematic clusters) traces how the field's vocabulary has moved. Networks
built from the earliest years cluster around community structure and seagrass beds —
language describing what a site looks like. By 2017-2018 the vocabulary had shifted toward
management, deforestation, degradation and aquaculture: the practical work of tracking and
mitigating local pressures. By 2019-2020, ahead of the publication surge that followed,
climate change, blue carbon, ecosystem services and sea-level rise had become the
dominant terms — global-change framing had displaced site-level description as the field's
organizing language.

That shift has left a gap. Two of the network's most prominent nodes, blue carbon and
taxonomy, never once co-occur across the entire corpus — not a weak link, but no link at all
among 3,824 recorded pairings. A related pattern holds for environmental stressors:
aquaculture sits at the center of a tightly connected cluster of local land-use terms, but its
single connection to pollution falls below the network's median co-occurrence strength.
Mangrove research, in other words, appears to be building two increasingly separate
vocabularies — one for counting local biodiversity, another for framing macro-scale

monitoring — with surprisingly little traffic between them.
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145 Figure 1 | Research on land-use and climate pressures has scaled in step with

146 mangrove biodiversity research's overall growth, while the field's core vocabulary



147  has quietly split into two — one describing local ecology, the other framing large scale
148  monitoring. a, While mangrove biodiversity publications grew nearly fivefold between 2001
149  and 2025 (from 1,320 studies in 2001-2010 to 6,288 in 2016—-2025), that growth has not
150 reshuffled the field's priorities: land-use change and climate change have consistently
151  accounted for roughly seven in ten publications across the full study period (35.8% and 34.7%
152  of the four primary driver categories combined). The two decadal snapshots shown here
153  (donut charts, upper left) track closely with that full-period figure, at 36%/34% for 2001-2015
154  and 36%/35% for 2016—-2025. Within land-use research, urbanization has been the largest
155  single contributor in both periods (16.1% and 16.5% of the four-driver total, respectively),
156 and its lead over agriculture, extraction, and aquaculture combined has widened slightly
157  across the two decades. Note that the outer ring of each donut, and the percentages cited
158  above, are calculated over the sum of the four primary driver categories (land-use, climate,
159  pollution, and invasion); the "Other Topics" segment shown in the stacked bar chart —
160  publications that could not be assigned to one of these four categories — is excluded from
161  all percentage calculations in this figure. b, A keyword co-occurrence network built from the
162  same corpus (9,097 records; title, abstract, and keyword fields only, not full text) shows how
163  thefield's core vocabulary has shifted over time. Node size reflects how often a term appears
164  in the literature; connecting lines show which terms tend to appear together in the same
165 studies. Of the terms in this corpus, we retained the 100 with the highest occurrence for
166  network construction, after merging lexical variants via a synonym thesaurus; 98 terms
167  remained after removing non-substantive generic words, connected by 3,824 co-occurrence
168 links. Color traces each term's average publication year, scaled to the 2015-2020 window:
169  publication output rose sharply after 2020, and including the full 2001-2025 range would
170  have pushed nearly every active term toward the same late-period color, obscuring the
171  earlier transition this panel is meant to show. Within that window, terms describing local
172  biological structure (community structure, seagrass beds) dominate the earliest years; by
173  2017-2018, practical management terms (deforestation, degradation, aquaculture) take
174  over; by 2019-2020, global-change terms (climate change, blue carbon, ecosystem
175  services, sea-level rise) become most prominent. Two of the network's busiest terms, blue

176  carbon and taxonomy, never once co-occur across the full corpus. Note that node placement
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and clustering reflect co-occurrence frequency in the literature, not geographic or taxonomic
relationships; terms occurring fewer times than the top-100 threshold are not shown and are

not implied to be absent from the field.
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Global spatial distribution of threat drivers
Across the 34 spatial nodes synthesized here, we catalogued 343 driver-attributed

records spanning four dominant stressor categories. Climate was the single most frequently
recorded driver globally (156 records, 45.5%), followed closely by land-use change (88,
25.7%) and pollution (86, 25.1%), whereas biological invasion remained rare (13, 3.8%; Fig.
2a). This asymmetry was far from uniform across ocean basins. Nodes in the Americas and
wider Atlantic (n = 13) were overwhelmingly climate-dominated—climate accounted for 66%
of their records, against only 12% for land-use change and 18% for pollution—while the 21
nodes of the Indo-West Pacific (IWP) displayed a markedly more even stressor composition
(climate 34%, land-use 33%, pollution 29%, invasion 4%). Anthropogenic and climatic
pressures thus appear to act in far closer concert across the IWP than across the Western
Hemisphere.

Four nodes emerged as global hotspots by record count: the Northern South China Sea
Shelf (62 records, land-use-dominant), the Ganges—Brahmaputra Delta Shelf (54, climate-
dominant), the Southwest Florida Shelf (40, climate-dominant) and the South Puerto Rico
Shelf (18, climate-dominant). The Northern South China Sea Shelf was the only one of the
four in which land-use change, rather than climate, was the leading driver—consistent with
its position within one of the most rapidly urbanizing coastal zones of the IWP. At the network
level, climate was the leading driver at half of all nodes (17 of 34), pollution at eight (23.5%),
land-use at seven (20.6%) and invasion at only two (the Hawaiian Islands and the Ryukyu
Islands, the latter tied with pollution). Invasion-attributed records were confined to just four
of the 34 nodes, suggesting that biological invasion is either a genuinely minor pressure on
mangrove systems relative to climate and land-use change, or a systematically under-
recorded one (see Gaps and opportunities, below). Observation density was likewise
asymmetric between hemispheres: although 14 of 34 nodes (41%) lay in the Southern
Hemisphere, they accounted for only 69 of 343 records (20%), against 274 (80%) across
the 20 Northern Hemisphere nodes.

High-resolution structure of land-use pressure in the Indo-West Pacific

Disaggregating the land-use driver into its four constituent sub-categories at high

resolution revealed a pattern invisible in the aggregated global map: mining-related
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conversion, rather than aquaculture, was the leading land-use sub-category at most IWP
nodes for which land-use pressure was recorded (Fig. 2b). Mining accounted for all land-
use records at four nodes (the Red Sea, the Gulf of Kutch, the Myanmar—Andaman coast
and the Java Sea) and for the majority at two more (the Ganges—Brahmaputra Delta, 49%;
the Tanzania coast, 67%). Aquaculture led at only two nodes—exclusively at Palawan and
as a co-dominant pressure alongside urbanization at the Northern South China Sea Shelf
(34%). Urbanization was concentrated almost entirely at two sites, leading at the Strait of
Malacca (86%) and forming the single largest sub-category at the Northern South China
Sea Shelf (42%), consistent with the latter's location within an intensely urbanizing estuarine
corridor. Agriculture appeared only as a secondary sub-category, never dominant (maximum
40%, at the Ganges—Brahmaputra Delta). Full per-node sub-category counts appear in
Supplementary Table X.

Taxonomic focus and receptor vulnerability

Receptor-resolved data were available for the four highest-intensity hotspot nodes (174
combined records; Fig. 2c). Flora was the most frequently recorded receptor overall (88
records, 50.6%), followed by invertebrates (39, 22.4%), microbiome (29, 16.7%) and
vertebrates (18, 10.3%). This aggregate pattern, however, concealed a strong and
consistent structuring of taxonomic vulnerability by driver.

Climate-attributed records were overwhelmingly flora-associated at every hotspot, with
flora comprising 62—88% of climate records at the Southwest Florida, South Puerto Rico,
Ganges—Brahmaputra Delta and Northern South China Sea shelves. Land-use- and
pollution-attributed records showed the opposite skew, leaning instead toward microbiome,
vertebrate and invertebrate taxa. At the Northern South China Sea Shelf, microbiome
accounted for 39% of pollution records and 25% of land-use records—against just 17% and
10% for flora under the same drivers—so that microbiome records marginally exceeded flora
there overall (20 vs 19 of 62 records), making it the only hotspot at which a non-flora taxon
was the single most-recorded receptor. Vertebrates, by contrast, were entirely unrecorded
at the South Puerto Rico Shelf and never exceeded 16% of records at any node, making
them the most consistently under-represented receptor across all four hotspots—a gap we

return to below. Per-node, per-driver receptor counts are tabulated in Supplementary
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Figure. 2 | Global spatial distribution, sub-categorical land-use pressure, and taxonomic
focus of mangrove threat-driver records. a, Global distribution of 34 spatial nodes synthesizing
343 driver-attributed records; pie area scales with total record count per node, and slices give the
relative proportion of the four dominant stressor categories (climate, pollution, invasion, land-use).
b, High-resolution inset of the Indo-West Pacific (IWP), disaggregating land-use into four sub-
categories (aquaculture, agriculture, mining, urbanization); mining—rather than aquaculture—is the
leading land-use sub-category at most sampled IWP nodes, most prominently along the Ganges—
Brahmaputra Delta, Tanzania and Andaman coasts. ¢, Frequency of driver-attributed records

stacked by receptor taxon (flora, invertebrates, vertebrates, microbiome) at the four hotspot nodes
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(Southwest Florida Shelf, South Puerto Rico Shelf, Ganges—Brahmaputra Delta Shelf, Northern
South China Sea Shelf); climate-linked records are disproportionately flora-associated at all four,
whereas land-use- and pollution-linked records more evenly implicate invertebrate, vertebrate and
microbiome taxa. Node identifiers. Place names used in the text correspond to the following node
identifiers in Supplementary Table X, which lists coordinates and full driver and receptor counts for
all 34 nodes: Northern South China Sea Shelf (N24); Ganges—Brahmaputra Delta Shelf (N19);
Southwest Florida Shelf (NO3); South Puerto Rico Shelf (N06); northern Gulf of Mexico (NO1);
Hawaiian Islands (N11); Ryukyu Islands (N28); Red Sea (N14); Gulf of Kutch (N17); Myanmar—
Andaman coast (N20); Java Sea (N23); Tanzania coast (N15); Palawan (N26); Strait of Malacca

(N21). See Methods for driver and receptor classification criteria.

Spatiotemporal Shifts and Evidence Biases

Our synthesis reveals a research landscape that has expanded rapidly over the past
decade yet remains substantially uneven in its spatial and thematic coverage. Across every
combination of driver and ecological scale, the quantitative evidence accumulated during
2016-2025 overwhelmingly exceeds that of the preceding fifteen years (Fig. 3a). Climate
and ecosystem scale rising from 4 to 41. Pollution research followed a markedly different
spatial signature, concentrating at the micro scale (from 4 to 34 observations), while land-
use evidence clustered instead at the community scale (from 9 to 29).

Against this backdrop of growth, biological invasion emerged as a conspicuous
evidentiary void. In no single scale-by-period cell does the invasion literature exceed four
observations, and the entire 2001-2015 baseline rests on just two records. This scarcity is
one of kind rather than degree: relative to climate, pollution, and land use, the existing
literature offers no adequate basis for quantitative inference on the impacts of invasion at
any ecological scale.

Consistency of Ecological Degradation Across Scales and Metric Types

Evaluated through a continuous effect-size (LnRR) framework rather than a binary



287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316

count of significance, the negative responses of mangrove ecosystems proved strikingly
consistent across the biological hierarchy. Marginal means for the four ecological scales fell
within a narrow band from —-0.49 to —0.65; formal pairwise contrasts found no scale differs
from another in the magnitude of its response (all Holm-adjusted p = 1.0), and two one-sided
equivalence tests confirm this reflects genuine similarity rather than low power — all six full-
track contrasts are statistically equivalent within A= 0.57 (A_min < 0.51), holding under both
the primary and the Holm-adjusted threshold (Supplementary Note 5, §5.4, §5.6, §5.8;
Tables S10, S12, S16). Crucially, the landscape and ecosystem scale — the tier most often
captured by remote sensing — records a decline (LhnRR = -0.65) that is statistically
equivalent to those at the population, community, and micro scales. Degradation, in other
words, is not concentrated at any single level of organization; it unfolds synchronously
across the entire system. The same multilevel model shows that climate, land-use, and
pollution each drove significant declines in both tracks, whereas biological invasion did not
reach significance in either; flora, invertebrates, and vertebrates were all significantly
affected, while the microbiome effect was significant only in the full track (Supplementary
Note 5, §5.2-5.3; Tables S8-S9). The driver x receptor interaction was comparatively weak,
with most cells non-significant or unstable across tracks (Supplementary Note 5, §5.5; Table
S11).

This consistency extends to the contrast between taxonomic and functional metrics: a
two one-sided equivalence test confirms that the overall Functional — Taxonomic contrast
(-0.075, p = 0.565; interaction term F,3,3 = 0.42, p = 0.89) is statistically equivalent within
A = 0.57 in both tracks (p_TOST < 0.001), though within-scale equivalence is established
only at the community scale and remains undetermined by the current sample at the micro,
population, and landscape & ecosystem scales (Supplementary Note 5, §5.7—-8§5.8; Tables
S13, S17). Although functional metrics display a longer and heavier negative tail in their raw
distribution — 28.8% of functional observations exceed the severe-degradation threshold of
| LnRR |> 1, compared with 20.5% of taxonomic observations, which also explains why the
deep-red bubbles appear visually denser in Fig. 3c — their central tendency and cross-
group interaction reveal the two metric classes to be equivalent in the magnitude of

degradation they record (Supplementary Note 5, §5.7; Table S13.).
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One exception is noticed from above uniform picture. Taxonomic metrics at the micro
scale (Taxonomic @ Micro) are the only one of the eight metric-type-by-scale combinations
for which a significant negative response cannot be resolved (LnRR =-0.43; 95% CI [-1.12,
+0.26]; p = 0.219). We stress that this reflects not ecological stability at this level, but a
severe limitation of the underlying evidence: the estimate rests on only 11 observations,
drawn from studies with minimal within-study replication (median n = 3) and responses that
range from strongly negative to strongly positive. By contrast, functional metrics at the same
micro scale (Functional @ Micro), supported by 63 observations, register a highly significant
negative response (p < 0.001). This disparity exposes the high risk of false-negative
assessment inherent in relying on taxonomic metrics alone to gauge mangrove ecological

condition at the micro scale.
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Figure 3. Degradation occurs synchronously across all ecological scales, yet the
underlying evidence is structurally skewed and weakest where sensitivity is most
critical. (a) The spatiotemporal expansion of mangrove biodiversity research is
characterized by a persistent evidence imbalance. While publication volume has surged
since 2016 (red bubbles), research effort remains siloed: climate change studies dominate
the landscape scale, whereas pollution and land-use research are heavily concentrated at
micro- and community-level resolutions. Biological invasion remains a critical evidentiary
void, with research efforts never exceeding four observations in any single scale—period cell.
(b, ¢) Taxonomic and functional metrics record statistically equivalent magnitudes of
ecological decline across the biological hierarchy, providing positive evidence against a
gradient-based decline. The visual intensity in the functional panel (c) — marked by deep-
red bubbles for bioaccumulation and physiological stress — reflects a heavier distribution of
extreme negative responses (28.8% of observations with |[LnRR| > 1) rather than a stronger
mean effect relative to taxonomic metrics (p = 0.50). The only combination failing to register
a significant decline is Taxonomic @ Micro; this absence of statistical resolution is not
evidence of ecological stability, but an artifact of extreme under-sampling (n = 11, median
within-study n = 3) that highlights a systemic blind spot in current taxonomic monitoring

protocols.
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3. Discussion

Here we synthesize the mechanistic pathways through which anthropogenic and
climatic pressures degrade mangrove biodiversity concurrently across biological
scales. Consistent with our finding that degradation is statistically indistinguishable in
magnitude across ecological scales (Fig. 4), these pathways operate not as a top-down
cascade but as simultaneous, scale-specific manifestations of the same stressors — with
the crucial distinction that degradation is often masked at the taxonomic level even as it

advances functionally.

Physical restructuring of the coastal margin

Anthropogenic infrastructure and extreme physical disturbances disrupt the
macroscopic hydrologic connectivity of coastal margins33-3. Intact mangrove ecosystems
naturally buffer tidal fluctuations via gradual topographic transitions, whereas engineered
seawalls truncate this elevation gradient 373, These structures create hard barriers that
restrict the inland migration of habitats during sea-level rise 3240, directly driving a structural
coastal squeeze 442, Crucially, barriers of a different physical nature, but with comparable
consequences for habitat continuity, also arise at the micro-habitat level through unmanaged
anthropogenic effluents 43-4°. Macro-plastic debris accumulates along tidal fringes®®%, a
physical barrier over benthic sediments 52%. This continuous layer inflicts persistent
mechanical friction damage on mangrove pneumatic roots. Localized empirical
assessments highlight the severity of these micro-scale blockages, recording plastic
densities of up to 1.38 items/m? under specific environmental pressures on the mangrove
ecosystem in Negombo Lagoon®’.

Beyond coastal infrastructure, upstream damming and channel dredging further sever
hydrological pathways®-%3. The resulting substrate siltation restricts resource availability
within the detrital food web. In Kakinada Bay, for example, this isolation drove a precipitous

decline in detritus feeders from 62.12% to 20.23%5%*. When these spatially restricted systems
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face extreme climate pulses like hurricanes, structural damage extends into the substrate®®
. Category-4 hurricanes, for instance, induce up to 50% mortality in large-diameter canopy
trees. This massive forest dieback directly collapses the underlying peat root mat and
causes significant soil elevation loss’?73. Furthermore, climate-driven tropicalization initiates
gradual physical restructuring even without acute climate events’*’’. The competitive
expansion of woody vegetation systematically displaces grass- and forb-dominated habitats.
This ecological regime shift fundamentally alters the vertical architecture of the coastal

ecosystem?8-81,

Abundance without integrity

We also recognize that the ecological assessment on macro-scale abundance
may mask the status change of biodiversity structure on micro scales. Traditional
ecological assessments frequently equate high taxonomic abundance or dense vegetative
cover with ecosystem stability®?-87. However, these absolute density metrics often obscure
the underlying degradation of food web architecture and the shift toward smaller organism
sizes®88. For example, the establishment of exotic Spartina alterniflora in estuaries
significantly increased benthic organism density from 669 to 1,398 ind./m?2%. This numerical
surge, however, was driven entirely by the rapid proliferation of small, opportunistic
polychaetes. Behind this apparent biological abundance, the ecosystem actually
experienced a severe reduction in total benthic biomass and the competitive exclusion of
native surface deposit-feeders®-92,

Aquaculture effluent stress induces a similar structural shift. Although overall taxonomic
density remains unchanged, total community biomass declines by 40%, marking a clear
transition toward smaller, lower-trophic r-strategists*. This decoupling — functional collapse
beneath an unchanged taxonomic surface — is the mechanistic signature of the pattern
quantified in Fig. 3 b, ¢, where functional and taxonomic metrics record statistically
equivalent mean responses yet functional metrics capture a heavier tail of extreme distress.
Similarly, urban runoff introduces substantial nitrogen and phosphorus into estuaries82-86.
These nutrient subsidies sustain high-density vegetative canopies, projecting a false image

of ecological health®-°7. In reality, this robust vegetation obscures the concurrent
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accumulation of sediment toxicity8.%°,

Beneath these continuous canopies, heavy metal pollutants transfer from sediments to
invertebrates and ultimately biomagnify in top-tier migratory shorebirds. This process
compromises the apex of the food web through high trophic magnification factors (TMF),
even while basal primary production appears completely stable'®.100-104  Ultimately, this
superficial stability leaves the ecosystem highly vulnerable to extreme climate pulses??.1%5-
108 Extreme cold incursions, for instance, deplete basal resources and severely shrink the
ecological niche breadth of benthic communities’®1%°, As a result, taxonomic richness drops

sharply from 24 to 13 species, driving a profound simplification of the coastal food web .

Metabolic and genetic failure at the sub-organismal scale

Unmitigated landscape-scale pressures are accompanied by, rather than followed by,
losses of micro-scale integrity. This sustained stress decouples intracellular metabolism
from ecosystem-level biogeochemical cycling™"''2, For example, converting native
mangroves to agricultural land interrupts essential subsurface carbon inputs. This physical
disruption reduces fungal ergosterol biomass by 66% and suppresses heterotrophic
dehydrogenase (DHA) activity, driving a systemic decline in overall microbial metabolism™'3,
Furthermore, chronic chemical exposure fundamentally alters genetic and physiological
baselines. Prolonged exposure to polycyclic aromatic hydrocarbons (PAHs) induces
mutations within nuclear and chloroplast genes, such as matK. These genetic damages
directly trigger the production of completely non-viable albino propagules™4. Similarly,
sublethal cadmium contamination disrupts root-microbe interactions by driving the
enrichment of iron-oxidizing bacteria (FeOB). The plant relies on these recruited bacteria to
form protective iron plaques, an active defense mechanism that forces a severe reallocation
of the plant's energy resources®.

These metabolic constraints are exacerbated when compounded by severe
climate pulses.

Low-temperature incursions breach the thermal thresholds of photosystem II. In
sensitive species, temperatures near -4.4 °C trigger severe tissue necrosis and total foliar

mortality’'®. Simultaneously, high temperatures and reduced tidal inundation create severe
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moisture deficits that lower soil water potential. This precipitates hydraulic failure, causing
an 89% loss of xylem conductivity through massive vessel embolism'”. At the enzymatic
level, chemical and radiation stressors compound this physiological collapse. Sub-lethal
heavy metal toxicity disrupts membrane integrity and denatures essential enzymes. To
mitigate the resulting oxidative damage, plants overproduce reactive oxygen species (ROS),
forcing peroxidase (POD) activity to surge from 395 to 663 U/g''8. Similarly, extreme
ultraviolet radiation induces a 6-fold increase in intracellular ROS production. This oxidative
stress inflicts 37% DNA double-strand breaks in bacterial cells, severely impairing
fundamental microbial functions™®.

Figure 4 summarizes these pathways, illustrating how the same anthropogenic and
climatic pressures manifest concurrently across scales — from macroscopic vegetation
shifts to microscopic metabolic failure — rather than propagating unidirectionally
between them. Ciritically, because these processes unfold in parallel, degradation
registered by any single scale or metric class reflects a system-wide condition, not an

isolated or leading indicator.
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Figure 4 | Systemic propagation of anthropogenic and climatic stressors across mangrove biological hierarchies. This
conceptual framework illustrates the pervasive penetration of ecological stress. Anthropogenic pressures do not merely cascade
across scales; they act synchronously across all organizational levels. Macro-scale anthropogenic infrastructure (e.g., seawalls,
debris) and upstream hydrological disruptions (e.g., damming) interact with localized stressors (e.g., chemical toxicity, extreme
climate pulses) to drive systemic degradation. Rather than functional erosion acting as a temporal precursor to structural loss, our
synthesis reveals that physiological failure (e.g., metabolic arrest, xylem embolism, genetic damage) and structural decline (e.g.,
biomass loss, diversity reduction) manifest concurrently. The lack of sensitivity detected in taxonomic micro-scale monitoring (as seen
in Figure 3) is more plausibly attributed to limited observational sensitivity than to an absence of ecological stress; therefore, this
framework emphasizes that any indicator of degradation—whether at the microbial or landscape scale—must be treated as a signal

of systemic vulnerability.
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Why taxonomic and functional metrics are not interchangeable

The global degradation of mangrove ecosystems registers at a consistent magnitude
across all biological hierarchies rather than at any single level. Our meta-analysis reveals
that anthropogenic pressure does not merely affect isolated components; it drives a
pervasive decline of comparable magnitude from landscape-level structural loss to
microscopic metabolic failure. This consistency across scales suggests that the mangrove
ecosystem behaves as a tightly coupled system in which the degradation of functional
integrity and the loss of structural complexity are closely associated.

The most profound insight from our synthesis lies in the conceptual decoupling of
taxonomic abundance from functional integrity. While equivalence testing establishes that
taxonomic and functional indices record the same mean effect size (Supplementary Note 5,
§5.8; Table S17), this equivalence should not be interpreted as functional redundancy.
Rather, it exposes a critical limitation in current ecological monitoring: reliance on taxonomic
counts (e.g., species richness, total abundance) provides only a surface-level census of the
ecosystem. Such metrics effectively track the inventory of the ecosystem, but they are
conceptually blind to the mechanistic truth of its health. As our data demonstrates, an
ecosystem can maintain superficial taxonomic stability while its core biogeochemical and
metabolic engines are already in advanced stages of decay.

The unique diagnostic value of functional metrics is best revealed by their distributional
profile, which captures the most extreme physiological shocks to the ecosystem. While
taxonomic indices often cluster around moderate response magnitudes, functional metrics
exhibit a significantly heavier tail of extreme degradation—with 28.8% of observations falling
below a severe impairment threshold of LnRR = -1, compared to only 20.5% for taxonomic
metrics. This distributional difference suggests that functional indicators are not merely
"more sensitive"; they are fundamentally distinct instruments. They operate at the level of
direct evidence—capturing bioaccumulation, enzymatic suppression, and metabolic
arrest—which taxonomic inventories simply cannot resolve. When the ecosystem is pushed
to the brink, functional metrics record physiological impairment directly, whereas taxonomic

counts often fail to differentiate between thriving communities and those sustained by
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opportunistic, stress-tolerant generalists.

The micro-scale evidentiary blind spot

This failure of taxonomic metrics is most starkly evident at the micro-scale, where the
current evidence base for structural change is essentially compromised. The non-significant
response observed in Taxonomic @ Micro observations is consistent with this conceptual
blind spot, although the present evidence cannot yet distinguish genuine micro-scale
stability from a response that current sampling designs are unable to detect. Interpreted
without this caveat, reliance on basal taxonomic counts at this scale invites systemic "false-
negative" assessments, as the directional variance of taxonomic composition is high while
the corresponding functional deterioration is highly significant (p < 0.001). Taxonomic
metrics, in this context, act as a noisy background signal that masks the precise, metabolic
decline of the ecosystem.

Ultimately, these findings necessitate a paradigm shift in how we operationalize
mangrove conservation. We must move beyond the "surface-level audit" approach of
tracking species counts or canopy cover. The erosion of functional processes—such as
nutrient cycling, root metabolism, and trophic energy transfer—is the definitive indicator of
ecosystem health. Future management frameworks must prioritize the monitoring of these
basal functional dynamics. By integrating functional assays (e.g., physiological, genetic, and
enzymatic indices) alongside traditional surveys, we can bridge the gap between apparent
biological abundance and the underlying functional reality, ensuring that conservation efforts
are directed at the metabolic stability—rather than just the superficial inventory—of global

mangrove ecosystems.

Implications for monitoring and conservation

Our synthesis exposes where the global evidence base is strong, where it is thin, and
where it is missing entirely. Building on these patterns, we pose the following questions to
advance the monitoring, theory and management of mangrove ecosystems in the
Anthropocene:

1. How can monitoring frameworks integrate functional metrics — metabolic
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stability, trophic structure, energy flow — alongside the structural and
taxonomic measures that currently dominate? Because functional and taxonomic
signals are statistically equivalent in magnitude yet conceptually distinct, neither

substitutes for the other.

. What sampling designs would close the micro-scale evidentiary blind spot?

Raising within-study replication for sub-organismal and microbial metrics, rather than
accumulating further single-observation studies, is the most direct route to resolving

whether apparent micro-scale stability is real or merely unmeasured.

. How should research effort be redistributed toward biological invasion before

its impacts become unquantifiable? With no scale-by-period cell exceeding four
observations, invasion remains the single largest thematic void in the mangrove
evidence base — a gap that widens as warming accelerates the spread of novel

invaders.

. Can conservation act on continuous evidence of degradation rather than on

thresholds of statistical significance? Because decline in our synthesis is a matter
of consistent magnitude rather than scattered significant results, management
triggered by the weight of evidence — effect size and its precision — would respond

earlier than management that waits for individually significant losses.

. How can the mismatch between research attention and extractable evidence

be corrected at the point of study design? Standardized reporting of means,
variances and sample sizes would convert today's uneven coverage into a usable
global evidence base, particularly for the data-poor micro-habitats where structural

assessment currently fails.
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4. METHODS

4.1 Literature search strategy and shared definitions (Track A and Track B)

Our study rests on two independent Web of Science searches. Track A is an overview
search: it characterizes the mangrove-biodiversity literature as a whole, tracing its growth,
thematic structure, and temporal shifts (Figure 1), and it establishes the two definitions
shared by both tracks: mangrove (the ecosystem block, built from the 19 true mangrove
genera) and biodiversity (a fixed 12-term response vocabulary spanning diversity indices,
demographic measures, and community structure). Track B applies this same mangrove-
and-biodiversity core against four driver-specific blocks (climate change and extreme
weather, pollution, biological invasion, and land-use change) to extract the quantitative,
driver-resolved evidence used in the meta-analysis (§4.2). The two tracks share an identical
mangrove and biodiversity vocabulary and differ only in whether a driver term is added, so
any difference between them reflects the literature itself rather than inconsistent search
scope.

Queries were executed on the Topic/Keyword field on 5 April 2026, which matches an
article’s title, abstract, and author keywords. Query construction followed Web of Science’s
Boolean and truncation rules: synonyms within one dimension were joined by OR into a term
block (union), blocks from different dimensions were combined by AND (intersection), and
word stems were truncated with an asterisk (*) to capture all inflectional and derivational
variants (e.g. diversit* matches diversity and diversities). Searching the keyword field rather
than full text ensures that retrieved articles genuinely treat mangroves and their biodiversity
as a subject rather than merely mentioning them in passing; the combination of within-block
union, between-block intersection, and stem truncation balances precision (the intersection
constrains topicality) against recall (union and truncation maximize retrieval) over the
“‘mangrove N biodiversity-response” semantic intersection.

Track A combined the ecosystem block with the biodiversity block by AND to maximize
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recall of the trend literature, returning 9,097 articles, used solely for the Figure 1
Ecosystem dimension (Block A) is mangrove* joined by OR to the 19 true-mangrove
genera, each truncated (e.g. Acanthus™): Acanthus, Acrostichum, Aegialitis, Aegiceras,
Avicennia, Bruguiera, Camptostemon, Ceriops, Excoecaria, Kandelia, Laguncularia,
Lumnitzera, Nypa, Osbornia, Pelliciera, Rhizophora, Scyphiphora, Sonneratia, Xylocarpus.

Biodiversity dimension (Block B) is a fixed 12-term block held identical across all four
drivers, so that search scope is strictly comparable across stressors: biodivers*, alpha,
gamma, beta, diversit*, communit*, Species richness, Abundance, Mortality, Survival rate*,
Shannon*, Basal area. It targets within-stand biodiversity and demographic responses and
deliberately excludes area, extent, and cover: because the study tests whether area-based
macro-proxies mask fine-scale ecological change, admitting those proxies into the response
block would conflate the response variable with the macro-scale metric under scrutiny.

The block was designed for both scientific representativeness and dimensional
completeness, systematically covering three core levels of the mangrove biodiversity
response. First, a diversity-index level — a, B, and y diversity across spatial scales,
together with the Shannon index and species richness — characterizes community species
composition. Second, a demographic level — abundance, mortality, and survival —
captures population dynamics. Third, a community-and-structural level — community
composition and basal area — reflects the stand-level response. Together these three levels
ensure the search captures both taxonomic, species-inventory signals and functional,
population- and structure-level signals, providing a sufficient and balanced evidentiary basis
for the downstream distinction between taxonomic and functional responses. Stem
truncation (e.g. diversit*, communit*) further maximizes recall by admitting cognate word-
form variants (Full genus list and the two search-track comparison are given in
Supplementary Note 1, Tables S1-S2.).

Keyword co-occurrence network construction and temporal overlay visualization

Using the bibliographic records of all 9,097 Track A articles as input, we built a keyword
co-occurrence network in VOSviewer 1.6.20'%°. This analysis draws on the Track A corpus
only, involves no driver-restricted query, and aims to characterize the overall thematic

structure and temporal evolution of mangrove-biodiversity research rather than its driver-
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resolved composition. VOSviewer’s mapping logic comprises three sequential stages — co-
occurrence counting and similarity normalization, similarity-based layout and clustering, and
attribute overlay coloring on the resulting topology. All three share one similarity matrix, a
structural fact that is the precondition for the later temporal-scale recalibration to leave the
network topology untouched.

Co-occurrence counting and association-strength normalization. Let the corpus
contain n keywords retained for analysis, and let ¢;; be the number of documents in which
keywords i and j co-occur, under full counting (each document contributes one co-
occurrence to every keyword pair it contains). Write v; = ¥ ¢;; for the total link strength of
keyword i, and k=1/2),;v; for the total number of co-occurrence events. Raw co-
occurrence frequencies are strongly confounded by a keyword’s own frequency — high-
frequency words co-occur with everything — which can mask genuine thematic affinity.
VOSviewer therefore normalizes by the association strength'?:

chij
Sij =

v; Vj
The numerator is the observed number of co-occurrences and the denominator is
proportional to the number expected under the null hypothesis that the two keywords are
independent, so s;; is an observed/expected ratio: s;; > 1 indicates that the two words co-
occur substantially more than random expectation. This normalization prevents low-
frequency but thematically bound pairs from being drowned out by high-frequency generic
terms, and is what allows the network to reflect conceptual structure rather than mere word
frequency.
Layout. Node coordinates are not arbitrary but the solution of a constrained weighted-
stress minimization. VOSviewer solves for coordinates x; € R? minimizing:
LGty o) = ) sy 1= 1P
i<j
subject to the constraint that the mean Euclidean distance over all pairs is fixed to one,
2 —1-
m; I, —x; 1= 1;

the constraint excludes the trivial solution in which all points collapse to a single location
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and makes the solution unique up to similarity transforms, solved by a majorization algorithm.
Its direct meaning is that the Euclidean distance between two keywords is
approximately inversely proportional to their thematic relatedness — the closer, the
stronger the association. This contrasts with force-directed layouts (e.g. Fruchterman—
Reingold), whose inter-node distances carry no explicit metric interpretation and thus cannot
support inferences about thematic proximity.

Clustering. Clustering shares the same similarity matrix as the layout, solved in a unified
framework. Writing ¢; for the cluster label of keyword i, we maximize:

L(cy, e cp) = z 8 (ci,¢i) (sij — a)
i<j

where §(:,-) is the Kronecker function (1 within a cluster, 0 between) and «a is a
resolution parameter controlling cluster granularity — larger a yields more and smaller
clusters. We used the default resolution ¢ = 1.00 and a minimum cluster size of 1, solved
by the smart local moving algorithm'?'. Because clustering and layout objectives are built
on the same s;;, spatial proximity and cluster colouring are highly self-consistent in the map,
which is what makes “nodes far apart in space with weak links” a formal basis for inferring
thematic disconnection.

Threshold and thesaurus cleaning. We set a minimum keyword occurrence of 80 and,
among terms meeting that threshold, retained the top 100 by occurrence; after merging
word-form variants with a thesaurus and removing constructive query terms and non-
informative generic words, the final map contains 98 keyword nodes and 3,824 co-
occurrence links, resolving into 5 clusters. Node area is proportional to keyword
occurrence and link width to co-occurrence strength. The network’s link density is 0.805
(3,824 of 4,753 possible node pairs co-occur), indicating that mangrove-biodiversity
research is highly interconnected at the lexical level; accordingly, all later arguments about
thematic disconnection rest on weighted link strength rather than the presence or absence
of links.

Temporal overlay visualization and the mathematics of its colouring. To resolve the
temporal evolution of thematic structure, we rendered an overlay visualization colouring

each keyword by its mean publication year. Let D; be the set of documents containing
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keyword i and y,; the publication year of document d; then
_ 1
Yi = W;i Ya-
VOSviewer maps this scalar score to a continuous colour scale after linear normalization.

With the scale defined over [a, b], the normalized colour position of keyword i is

i —a
z; = clip (%, 0, 1),

followed by piecewise-linear RGB interpolation over palette control points {(z, Ci)}:

VA Zy
C(z) = Cx + ———— (Cy41 — Cp), Z € 2k, Zy41]-
Zk+1 — Zk

The software default takes a = min;y; and b = max;y;, i.e. it auto-stretches the scale
to the extreme observed scores. This default loses substantial resolution for the present
corpus, for a reason that follows directly from the construction of y;. Writing n;(y) for the

occurrences of keyword i in year vy,

- Zyy ni(y)

Vi = ) n;(y) = N(y) m;(y),

where N(y) is the corpus’s total annual output and m;(y) the occurrence rate of keyword
i that year. Because N(y) rises steeply over 2021-2025, the weighted mass of every
keyword is systematically pushed toward the recent end of the time axis regardless
of each keyword’s own temporal shape m;(y), shifting {y;} to the right and compressing
between-keyword dispersion. The empirical distribution confirms this: the 98 keywords’ y;

span 2014.07-2021.65 (range 7.58 years) yet have a standard deviation of only 1.51 years

and an interquartile range (IQR) of only 1.81 years, with a distribution skew of -0.60 — a

left-skewed shape in which a few early keywords form a sparse left tail while the bulk piles
up near the recent end. Under the default extreme auto-stretch, 66.3% of nodes have z; >
0.5, and the IQR spans only 0.238 of the colour scale — that is, the temporal differences
among half the keywords are compressed into less than a quarter of the colour budget,
appearing as large blocks of near-identical colour with an illegible temporal gradient.

We therefore replaced the extreme auto-stretch with a fixed interval, setting the
colour-scale definition to [a, b] = [2015,2020]. This is equivalent to a linear contrast stretch

of the y distribution with double-sided winsorization of values outside the interval: 80 of the
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98 nodes (81.6%) fall within the interval and receive full colour resolution, while 5 and 13
nodes are clipped to the low and high scale ends respectively; the IQR’s share of the colour
scale rises from 0.238 to 0.361 (1.52x the default), unfolding the temporal differences within
the dense central band. After recalibration, the temporal centroids of the clusters separate
cleanly along the scale into a continuous chain of thematic turnover: community and habitat
themes (Cluster 2, mean y = 2017.06) and species and evolution themes (Cluster 3, mean
y = 2017.44) at the early end, biogeochemical-process themes (Cluster 4, mean y =
2018.88) in the middle, and macro-scale climate-change and ecosystem-service themes
(Cluster 1, mean y = 2019.28) at the recent end.

We emphasize that this recalibration changes only the score-to-colour mapping C(z)
and does not enter the computation of the similarity matrix s;;, so it leaves every
keyword’s coordinate x;, cluster assignment c¢;, and link structure unchanged. The
recalibrated map is topologically isomorphic to the default map; the two differ only in the
visual discriminability of the temporal dimension (Figure 1b).

4.2 Literature search and PRISMA screening (Track B)

Track B assembled the extraction corpus. We searched the Web of Science Core
Collection on 5 April 2026 for original research articles published between 2001 and 2025,
excluding reviews, book chapters, conference proceedings, and editorial material. Each
query combined three dimensions by Boolean logic: ecosystem x driver x biodiversity metric.
The ecosystem block matched Track A (mangrove® joined by OR to the 19 true-mangrove
genera). Four driver blocks — climate and extreme weather, pollution, biological invasion,
and land-use change (resolved into aquaculture, agriculture, mining and salt pans, and
urbanization) — were searched separately. Full strings appear in Supplementary Note 1,
Table S3.

The four drivers are climate change and extreme weather, pollution, biological invasion,
and land-use change (further resolved into aquaculture, agriculture, mining and salt pans,
and urbanization). This classification corresponds to the principal anthropogenic and climatic
stressors currently facing mangrove ecosystems: climate change and extreme weather
(sea-level rise, storm surge, saline intrusion) reshape the distributional limits and population

structure of mangroves by altering tidal inundation duration and salinity gradients; land-use
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change (aquaculture ponds, agricultural reclamation, mining and salt pans, urban expansion)
is the most direct anthropogenic driver of mangrove area loss and habitat degradation;
pollution (heavy metals, microplastics, eutrophication) affects the physiological state and
community structure of mangroves and their associated biota by altering sediment and water
quality; and biological invasion represents an increasingly recognized biotic stressor that
can substantially alter mangrove community composition and ecosystem function. This
driver classification accords with the mainstream understanding of the principal pressures
on global mangrove change. Friess’s synthesis noted that contemporary mangrove
dynamics are driven primarily by anthropogenic stressors, including pollution, overextraction,
and conversion to aquaculture and agriculture, together with sea-level rise and extreme-
weather events intensifying under climate change'®. We accordingly set these four drivers
as the core dimensions of the search framework, so as to systematically cover the principal,
well-established ecological stressors in the current literature.

The biodiversity block and the mangrove block were applied identically across all four
drivers, fixing the search scope across stressors so that cross-driver differences in yield
reflect the literature itself rather than uneven query breadth, and guaranteeing that every
effect size — regardless of driver — is drawn from the same response vocabulary, conferring
absolute statistical comparability and methodological consistency across stressors. The
block deliberately excludes area, extent, and cover: because the study tests whether coarse
area-based proxies mask fine-scale change, admitting them into the response block would
conflate the response variable with the macro-scale metric under scrutiny.

We screened records under the PRISMA 2020 framework. The four queries identified
10,071 records. Automated filtering on document type and year removed 1,856, leaving
8,215. We then removed 1,471 records — 139 retrieved under more than one driver (cross-
driver duplicates) and 1,332 retracted or full-text-unavailable — for a final corpus of 6,744
unique articles. Because one article can match several drivers, the corpus resolves to 6,883
article x driver records (6,744 + 139) (Full PRISMA 2020 flow in Supplementary Note 2,
Table S4, Fig. 5.).

4.3 Al-augmented data extraction via retrieval-augmented generation (RAG)

4.3.1 The twin bottlenecks of throughput and audit trail
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At the scale of 6,744 unique articles, manual data extraction faces two irreconcilable
constraints. The first is a throughput bottleneck: full-text adjudication of whether each
article contains extractable paired control-impact evidence is the rate-limiting step of the
whole workflow, and it accrues reviewer fatigue and criterion drift over time. The second is
the absence of an audit trail: manual extraction rarely preserves, for each recorded value,
a verifiable link from the “database cell” back to the “source page and paragraph,” so that
once challenged it often cannot be reconstructed value by value. We replaced manual
extraction with a retrieval-augmented-generation (RAG) pipeline built on a large language
model (Google NotebookLM, backed by the Gemini model family), applying one fixed
protocol across all 6,744 articles to decouple extraction consistency from individual
reviewers and to generate an auditable evidence anchor for every value.

4.3.2 The RAG computational logic of NotebookLM

When a standard large language model answers a question directly, the answer is
generated from its parametric memory, without provenance and prone to hallucination. The
core of RAG is to constrain generation to retrieved source evidence. For each article d
the pipeline performs four steps.

First, chunking and embedding. The full text is split into semantically coherent passage
chunks {c,c,, ..., cn} and mapped by an embedding model to vectors e(cj) € R¥, forming

the article’s vector index.

Second, semantic retrieval. For each target field g (e.g. “control-group mean”), the
query vector e(q) is compared with all chunk vectors by cosine similarity, retrieving the
semantically most relevant source passages:

e(q) - e(Cj)
le(q) Il e(c) I

Third, evidence-anchored generation. Each value is produced conditioned solely on the

Retrieve(q,d) = Top,ea

retrieved passages, under a fixed prompt protocol that forbids inference beyond the text:

D, = argmax P(v | q, Retrieve(q, d), IT), s.t. v C Retrieve(q, d),
v

where I1 is the fixed system instruction (§4.3.3) and the constraint v £ Retrieve(q, d)

requires the value to be supportable by the retrieved evidence; where the evidence is
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insufficient to support a field, the protocol forces the model to emit an explicit missing-data
token (e.g. "Data in Figure X, needs manual extraction") rather than filling in from prior
knowledge.

Fourth, provenance write-back. Each value 7, is output together with its evidence

location ¢, (table number / page / source sentence), forming a triple (7, £, quoteq).

Every value in the database thus carries an auditable link back to the source text.

Because a single notebook admits a bounded number of source documents, the 6,744-
article corpus was loaded and processed in batches (=300 articles each) under an identical
system protocol II, so that extraction logic does not drift across batches.

4.3.3 Extraction protocol design: five dimensions and the three-gate “lenient intake,
strict exit” architecture

Each of the seven driver domains (climate, pollution, biological invasion, agriculture,
aquaculture, mining and salt pans, urbanization) carries a structurally identical system
instruction 1 that differs only in its exclusion rule and driver lexicon. Each parses every
article along five extraction dimensions, which are not an arbitrary field list but each serve
a specific downstream step:

Dimension 1 — Spatial and metadata (first author, year, DOI, coordinates or precise
locality, biogeographic realm). Its purpose is to give each observation a geographic anchor,
supporting the later spatial validation against the Global Mangrove Watch base layer and
the realm-constrained macro-clustering (§4.4); observations lacking coordinates are
retained in the database.

Dimension 2 — Stressor profile (sub-category; disturbance mode Pulse/Press),
extracted open-endedly, recording verbatim the specific human activity or stressor type in
the source rather than forcing it into a preset enumeration. Its purpose is to preserve
traceable original labels for cross-driver comparison without losing semantic granularity, and
to distinguish pulse (short-term events) from press (long-term pressure) disturbance
dynamics.

Dimension 3 — Four-level metric classification (taxon; major class

Taxonomic/Functional; sub-class; name; unit; one evidence sentence). This is the scientific
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core of the protocol: it tags every biological response on both a “taxonomic signal” and a
“functional signal” axis, the classificatory basis for the later distinction between taxonomic
and functional degradation and for the ecological-scale stratified analysis; rows with no
specific biotic receptor are discarded.

Dimension 4 — LnRR basis (control and impact Mean, n, SD/SE, with Table/Page
provenance). Its purpose is to interface directly with effect-size computation: only with
all four ingredients present can a computable log response ratio be formed, and it ensures
every effect size carries all the raw quantities and source locations needed for variance
estimation.

Dimension 5 — Cross-scale mechanism and teleconnection (scale level; macro socio-
economic drivers; degradation-mechanism list with verbatim English quotes). Its purpose is
to go beyond the numbers themselves and capture the macro socio-economic causes
behind local ecological decline (e.g. global supply chains, poverty-driven illegal extraction,
coastal urbanization), providing textual evidence for the cross-scale mechanistic
interpretation in the Discussion.

These five dimensions are admitted under differing strictness — the three-gate “lenient
intake, strict exit” architecture:

(1) A biological-exclusivity gate (up-front elimination, Boolean hard constraint).
Each instruction opens with an absolute exclusion rule: retain only data points whose
measured object is a living-organism response, rejecting purely physical, chemical, or
engineering quantities (e.g. seawall length, sediment heavy-metal concentration, water
salinity, farmed-shrimp yield) unless the authors explicitly tie them to a measured response
of a living organism. Formally, for a candidate data point x:

Include(x) = 1[receptor(x) € living organisms] A 1[3 control-impact contrast(x)].

A point failing either condition is skipped before entry. This gate ensures the database
retains only population-, community-, and physiological-level biological outcomes.

(2) A labelling gate (lenient intake, non-eliminative). The stressor sub-category, taxon,
metric major class (Taxonomic/Functional) and sub-class, ecological scale, and macro
socio-economic teleconnection are extracted open-endedly, recording the source’s own

wording, provisionally tagging ambiguous cases and retaining them (including a later
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“Unclassified” bin). The purpose is to maximize retained coverage and to lose no qualifying
data point at this stage on account of classification difficulty.

(3) A quantitative-core gate (strict exit, three-way rule). Computing LnRR requires the
mean (Mean), sample size (n), and dispersion (SD/SE) for both the control and the impact
group. Each candidate observation is handled by the completeness of its quantitative
information in one of three ways.

Based on these three rules, complete records are retained. \Where all six values (control
and impact Mean, n, SD/SE) are unambiguously readable from the text, tables, or
supplementary material, the observation is entered as a computable effect size. Wholly
absent cases are removed. Topically relevant articles that report no control-impact
quantitative contrast at all (purely descriptive studies, qualitative-only conclusions, or
physico-chemical/engineering quantities without a biotic receptor) are judged to contain no
qualifying quantitative evidence and yield no observation. The Incomplete cases are
routed to manual re-check. Where a data point exists but some element is under-reported
or presented only graphically (e.g. a mean shown in a bar chart without its SD, or values
residing only in a figure and not precisely readable from the text), the record is flagged rather
than discarded (e.g. "Data in Figure X, needs manual extraction"), and a researcher returns
to the source figures and tables to verify and complete it — recoverable records are
reclaimed as valid effect sizes, and only the genuinely unverifiable are dropped.

This tiered rule, with its provenance constraint (every value tagged to Table/Page and
source sentence), both avoids discarding real evidence over a transient gap and ensures
that every retained observation is genuinely computable — it is the true sieve behind the
6,744 — 393 reduction.

The three gates together mean that labels are admitted leniently to preserve coverage
while the numeric evidence is exited strictly to guarantee every retained observation is real
and computable — this is not data lost in screening but the necessary product of a
precision design (For the complete verbatim prompt template — the unified skeleton and
a fully worked example for the Urbanization domain — see Supplementary Note 3.).

4.3.4 The screening funnel: from 6,744 articles to 393 observations

The 6,744 unique articles form a deliberately high-recall topical corpus, admitted on topical
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relevance (“mangrove genus A driver A biodiversity term”). But topical relevance does not
imply a computable paired control-impact structure. The great majority of articles report
biodiversity in forms that cannot constitute an effect size — single-site descriptive surveys
without a control, remote-sensing and area-mapping studies, modelling and scenario papers,
articles mentioning biodiversity only in framing, or those reporting physico-
chemical/engineering quantities without a biotic receptor. Applying the three gates article
by article at full-text depth — the full-text adjudication across all 6,744 articles that is
infeasible manually and that the RAG pipeline makes tractable — identified 393 paired
control-impact observations with a qualifying paired structure (the unit of analysis
changes from articles to observations here, consistent with the extraction box of Fig. 5).
Thereafter, effect-size quality control removed 46 of the 393 (42 with non-positive means for
which LnRR is undefined, 3 with context-dependent effect direction, 1 with an unverifiable
control), leaving 347 valid effect sizes; spatial-model eligibility screening then removed 4 (1
in non-mangrove habitat, 2 experimental records without coordinates, 1 ecosystem-level
receptor), leaving 343 effect sizes entering the spatial multilevel model, traceable to 196
unique articles across 34 biogeographic nodes; the rigorous sensitivity subset is 151(Full
effect-size hierarchy and derived ratios in Supplementary Note 4, Table S5.).

4.3.5 Human-in-the-loop (HITL) validation

To quantify the reliability of the machine extraction, we applied a human-in-the-loop
validation protocol. Two researchers (X.W. and J.Y.), blind to the model output,
independently re-extracted a random 10% of the corpus. We measured agreement as the
overlap rate between the data entries the two researchers extracted from the same
articles — the proportion of mutually concordant entries — which reached 89%, on par with
expert—expert concordance in comparable syntheses; a senior author (M.G.) adjudicated
every non-overlapping entry or classification discrepancy, and this arbitrated consensus
served as ground truth and was fed back to refine the prompt protocol IT (sampling and
per-driver overlap rates in Supplementary Information).

4.3.6 The pipeline’s role in the study’s overall robustness

This extraction pipeline is not merely an efficiency tool; it provides a threefold foundation

for the study’s robustness claims. First, auditability: every value is anchored to its source
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page, paragraph, and quote, so the evidence chain is fully transparent and verifiable to
reviewers rather than a black-box output. Second, classificatory invariance: one fixed
protocol I1 applied across all 6,744 articles means the classification logic does not drift with
article order or reviewer state, so the downstream cross-driver, cross-receptor, and cross-
scale contrasts reflect differences in the literature itself rather than spurious signals
introduced by coding inconsistency. Third, a foundation for the sensitivity analyses:
precisely because upstream extraction is consistent and traceable, the downstream dual-
track (k = 343 full / k = 151 rigorous) sensitivity analysis and the multilevel Egger and
funnel-plot publication-bias diagnostics carry weight — robustness is not retrofitted at the

modelling stage but anchored from the extraction stage.
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PRISMA 2020 Flow Diagram

Mangrove Biodiversity Meta-Analysis — Web of Science search (Track B)
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Supplementary — records by driver domain (Web of Science, Track B)

Driver domain Filtered records (RIS) Final corpus (unique articles)

Climate 2862 2,388
Pollution 1,817 1,578
Invasion 561 357

Land-use — Agriculture 655 521

Land-use — Aquaculture 458 400
Land-use — Mining & salt-pan 516 425
Land-use — Urbanization 1,346 1,075
Total 8,215 6,744

Note 1 — Track A {bibliometrics): a parallel search paired ihe mangrove genus block with the same
retrieving 1 = 9,097 records. 1t Is s - publ o of VOSviewer key ¢ analyses (Fig. 1) andl s ot part of this extraction pipeline
fection. Genus names truncated (e.g. Ac:

7 biodiversity block, with NO driver les

s*). The 12-term biadiversity block is iaentical across all four drivers,

Note 5 — e x driver record:

Note & — Numbers close along the spine! 10,071 -1,856 — 8,215 ~1,471 — 6,744 — fextraction] 393 -46 — 347 -4 — 343. Units switch Irom articies fo observations at extraction.

Figure 5. A transparent, unit-consistent screening funnel converts 10,071 Web of
Science records into 343 georeferenced effect sizes for quantitative synthesis. Flow
of records through the meta-analysis (Track B) under the PRISMA 2020 framework. The left
rail marks the four stages (identification, screening, eligibility, inclusion); the central spine
gives the record count retained at each step, and the red boxes give the count and reason
for each exclusion. Records were identified from seven Web of Science queries spanning
four driver domains (climate, pollution, invasion, and land-use, the last resolved into

agriculture, aquaculture, mining & salt-pan, and urbanization). Automated filtering on
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document type and publication year (2001-2025) removed 1,856 records; removing 139
cross-driver duplicates and 1,332 retracted or full-text-unavailable records then reduced the
corpus to 6,744 unique articles. The unit of analysis changes at full-text extraction (orange
box): articles reporting extractable paired control-impact data were digitized via the retrieval-
augmented-generation pipeline into 393 paired observations, of which 347 passed effect-
size quality control (removing non-positive means for which LnRR is undefined, context-
dependent effect directions, and unverifiable contrasts) and 343 met the spatial-model
eligibility criteria (georeferenced, mangrove-habitat, organ-level receptors). The final
synthesis set comprises k = 343 effect sizes from 196 unique articles across 34
biogeographic nodes, with a rigorous sensitivity subset of k = 151 (28 nodes) restricted to
observations with fully measured variance. The parallel bibliometric search (Track A; the
mangrove genus block AND the identical 12-term biodiversity block, with no driver terms)
retrieved 9,097 records used solely for the publication-trend and VOSviewer keyword-
network analyses (Fig. 1) and is not part of this extraction pipeline. Search executed 5 April
2026, Web of Science Core Collection.

4.4 Receptor classification, spatial anchoring, and biogeographic macro-clustering

4.4.1 Receptor framework and inclusion criteria

We categorized effect sizes into four distinct biological receptor classes: flora,
invertebrates, vertebrates, and microbiomes. Here, a "receptor" refers to the specific
organismal group targeted in a given observation. This scheme allows ecological responses
from different studies to be compared across studies by organismal group; accordingly, each
observation entering the spatial analysis had to meet two conditions: assignable to one of
these four receptors, and carrying a locatable field coordinate.

4.4.2 Record-level geocoding and spatial anchoring

We first assigned a coordinate to every observation and then anchored it to mapped
mangrove extent, under a gazetteer-first, manually-adjudicated workflow: most records (313)
were geocoded automatically from their study locality against a standard gazetteer, while
records the gazetteer could not resolve precisely (e.g. those giving only a bay, estuary, or
reserve name) were coordinate-checked and adjudicated by hand with a recorded basis (33),

the entire process retained in a per-record geolocation audit (SI;



950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971
972
973
974
975
976
977
978
979

Node_geocode_audit_v5.csv). Each observation was then anchored to mapped mangrove
extent using Global Mangrove Watch v3.0 (Bunting et al., 2022) as the spatial reference
layer; this layer is an independent third-party source, not the database we built.

4.4.3 Removal of records that cannot be spatially anchored

We removed two kinds of record: observations falling outside the mangrove polygons, and
controlled experiments, which are ecologically informative but lack anchorable field
coordinates. Of the 347 QC-passed effect sizes, one lay in non-mangrove habitat; a further
three could not enter the receptor-based spatial framework — two mesocosm records
without field coordinates, and one record whose observational unit was ecosystem-level
carbon stock (blue carbon), retained in the database but incompatible with the four
organismal receptors because its unit is an ecosystem function rather than a specific
organismal group — yielding k = 343 georeferenced observations (Sl).

4.4.4 Two-tier, realm-constrained macro-clustering

With coordinates anchored, we clustered the 343 sites under a two-tier, realm-constrained
scheme. Each site was first assigned to one of the two biogeographically isolated mangrove
realms, the Indo-West Pacific (IWP) or the Atlantic—East Pacific (AEP) (Duke et al., 1998;
Spalding et al., 2010). Within each realm, sites were grouped by agglomerative hierarchical
clustering on the Haversine great-circle distance, using average linkage and a 1,000-km cut-
off. Nodes are thus compact by construction and never straddle a realm boundary (maximum
within-node distance 1,261 km, at the East Asia / South China Sea node). The data-driven
scheme resolved 34 nodes (IWP 24, AEP 10) — representative nodes include East Asia /
South China Sea (spanning Futian—Pearl River Estuary in Shenzhen, Dongzhai Bay on
Hainan, and Can Gio in Vietnam) and the Bay of Bengal / eastern India (Sundarbans,
Bhitarkanika, Kakinada Bay), together with the northern Gulf of Mexico / South Florida and
the Caribbean (e.g. Twin Cays, Belize; Tabasco, Mexico) on the AEP side. These nodes
form the top tier of the model’s random structure and absorb regional spatial dependence
— the primary source of pseudoreplication in a global synthesis (§4.5).

4.4.5 A high-resolution subset within the Indo-West Pacific realm

Beyond the 34 macro-nodes, we built a finer-resolution subset for the IWP realm

specifically, for three reasons: IWP is the global centre of mangrove diversity and holds most
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of our observations (238 of 343) and nodes (24 of 34); it also carries the densest and most
heterogeneous land-use pressure; and under the 1,000-km cut-off the macro-nodes
(e.g. the East Asia / South China Sea node, spanning 1,261 km across 40 locations) merge
distinct land-use settings and mask within-node contrasts. To resolve the four land-use
drivers — agriculture, aquaculture, mining, and urbanization — at a finer grain, we re-
aggregated the IWP sites under a stricter distance threshold into 15 high-resolution micro-
nodes (carrying 75 land-use observations: mining 27, urbanization 23, agriculture 16,
aquaculture 9), used for the spatial depiction of IWP land-use sub-categories in the inset of
Figure 4.

4.5 Effect-size quantification and multilevel modelling

4.5.1 Construction of the log response ratio (LnRR) and its rationale

We expressed each biodiversity response as a log response ratio:

X
LnRR=M: -In|=),
Xc

where X; and X, are the impact-group and control-group means. We chose the log
response ratio over an absolute difference for three reasons: it is a unit-free proportional
measure, letting responses from different metrics and units (e.g. ind./m?, %, mg/kg) be
pooled on one scale; the logarithm symmetrizes fold-increases and fold-decreases (a
doubling and a halving are equidistant on the log scale), so positive changes are not
systematically over-weighted; and it is the established standard quantity in ecological meta-
analysis, facilitating comparison with existing literature.

The role of the direction multiplier M is to calibrate sign to ecological meaning. “An
increase” carries opposite ecological polarity for different metrics: an increase in richness,
biomass, or carbon capacity is beneficial, whereas an increase in mortality, contaminant
load, or stress markers is harmful. Pooling them without correction would cancel their signs.
We therefore set M once, at the metric level: M = +1 for beneficial metrics, M = —1 for
harmful metrics. After this calibration, a negative LhnRR always denotes ecological
degradation, with a uniform and explicit ecological interpretation of sign across the whole
database. The ratio is undefined for non-positive means, and such observations were

dropped rather than rescued with an artificial offset constant — adding an offset would distort
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the proportional relationship and introduce arbitrariness dependent on the constant’s value.

4.5.2 Sampling-variance estimation and missing-data imputation

Each effect size’s sampling variance was estimated by the delta method (Hedges,
Gurevitch & Curtis, 1999) from the two groups’ means, dispersion (SD), and sample sizes
(n), the basis for subsequent weighting and uncertainty quantification. The problem is that
primary studies frequently omit SD or n; discarding them wholesale would markedly erode
the database’s spatial and taxonomic coverage (especially losing small-sample, peripheral-
region studies). We therefore imputed on principle: missing SD was reconstructed from the
median coefficient of variation (CV) of complete records of the same metric — the
median rather than the mean, being more robust to outliers — and missing n from the
complete-record median, defaulting to n = 3, the field-ecology triplicate convention. Every
imputed value is flagged for tracking and sensitivity analysis.

Imputation preserves coverage but raises a question that must be answered: could the
conclusion be “manufactured” by imputation? To test this we ran two parallel data
tracks: a full track (k = 343) using all georeferenced effect sizes with imputation, and a
rigorous track (k = 151) retaining only observations with measured SD and n on both the
control and impact sides. If the two tracks agree in effect direction and significance, the
conclusion is shown not to depend on imputation — concordance between the tracks is
this study’s primary robustness criterion.

4.5.3 The multilevel model: what it does, what it answers, and why specified this
way

Both data tracks were fitted with metafor’s rma.mv function under restricted maximum
likelihood (REML) as multilevel meta-analytic models (Viechtbauer, 2010), to estimate each
moderator’s pooled effect on the mangrove ecological response (LnRR) and its uncertainty,
and to test whether these effects are significant.

Why not an ordinary (single-level) meta-analysis? Because the effect sizes are
structurally non-independent: one study typically contributes several observations, and
several studies cluster in the same geographic region. Ignoring this nested structure and
treating all observations as independent would artificially underestimate standard errors and

inflate statistical significance — the pseudoreplication problem, especially acute in a



1039  global-scale synthesis. To absorb this non-independence, we used a three-level nested
1040  random-effects structure:

1041 ~ 1] Node_ID / Spatial_Meta_Raw / Obs_ID,

1042 partitioning total variance across the regional node (Node ID), the study
1043  (Spatial_Meta_Raw), and the individual observation (Obs_ID). This hierarchical baseline
1044  strips spatial- and study-level non-independence and prevents the variance deflation that
1045  drives pseudoreplication. The empirical variance partition confirms the necessity of this
1046  specification: the node level carries only about 1-3% of the variance, whereas the study
1047  level (about 54-56%) and observation level (about 43—44%) together carry almost all of it
1048 — the real variation lies within and among studies, not among regions, which is precisely
1049  why a multilevel rather than fixed-effect synthesis is required(Full variance components and
1050  omnibus moderator tests for all four models in Supplementary Note 5, Tables S6-S7.).
1051 On this structure, we assessed each moderator’s overall effect with the omnibus Q
1052  statistic — driver, biological receptor, ecological scale, and the driver x receptor interaction
1053 — and quantified unexplained residual heterogeneity with Q. All inference used study-
1054  clustered robust variance estimation (Huber—White CR1 sandwich estimator, clustered on
1055  study; 189 clusters in the full track) to further guard against residual within-study non-
1056 independence. The CR2 bias-reduced estimator could not be applied because it is
1057 undefined for the three-level random structure used here; with 189 clusters the two
1058  estimators are expected to differ negligibly. (Full coefficients in Supplementary Note 5, §5.2—
1059 5.5, Tables S8-S11.).

1060 Because a non-significant contrast establishes only a failure to detect a difference and
1061  not the absence of one, we tested the scale-invariance and metric-class results directly
1062  using two one-sided tests (TOST). For each contrast we declared equivalence when the 90%
1063  confidence interval fell entirely within £A, reporting p_TOST as the larger of the two one-
1064  sided p-values. The equivalence bound was set a priori at A = 0.57 LnRR units — the
1065 magnitude of the pooled degradation effect — on the reasoning that two scales tell a
1066  materially different story only if they differ by as much as the average effect itself. To keep
1067  the conclusion independent of that choice we additionally report, for every contrast, the

1068  smallest bound at which equivalence holds (A_min, the outer edge of the 90% interval) and
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a sensitivity sweep across A € [0.15, 0.60]. Every contrast was classified as equivalent,
different, trivially different, or inconclusive; inconclusive outcomes are reported as such
(Supplementary Note 5, §5.8).

4.5.4 Publication-bias diagnostics

Journals and authors both favour studies with “significant results”: a paper concluding that
“pollution significantly reduces mangrove biodiversity” is easily published, whereas one
finding “no detectable effect” is often shelved. We must therefore answer a pointed challenge
— could the cross-scale-consistent negative degradation conclusion arise merely
because we captured only papers reporting negative results? The judgement rests on
a statistical intuition: large, high-precision studies are published regardless of whether the
result is significant, so their effect sizes should scatter symmetrically around the true value;
whereas small, low-precision studies, if only those with “large effects” are published,
produce a systematic “smaller sample, larger effect” association. Plotting effect against
precision yields a symmetric funnel (funnel plot) if unbiased, and a missing corner at the
funnel’s base (the low-precision side) if biased (Fig. S2, S3.); Egger regression quantifies
this asymmetry by a statistical test.

We tested publication bias with multilevel Egger regression and funnel plots. Note a pitfall
specific to LnRR: its sampling variance is derived from the group means and is therefore
mathematically correlated with the effect size itself; using the standard error as a predictor
can detect spurious funnel asymmetry even when no true bias exists. To avoid this, we used

an effective-sample-size-based precision term as the primary test statistic —
neny

Nefr = e+,

which depends only on sample sizes, not on the group means, thereby avoiding the
mechanical correlation above (Nakagawa et al., 2022), and we report the bias-corrected
pooled effect (Full Egger and time-lag regression results in Supplementary Note 6, Table
S15.). Because trim-and-fill has no established theoretical definition under a three-level
nested random-effects structure, it was not applied.

4.5.5 Results of the robustness checks

Three lines of evidence jointly support the robustness of the core conclusion. First, dual-
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track concordance: the main effects agree closely between the full track (k = 343) and the
rigorous track (k = 151) — the climate, land-use, and pollution drivers, the flora, invertebrate,
and vertebrate receptors, and all four ecological scales are concordant in direction and
significance across tracks, with only the normal drop in significance level as the sample
narrows, indicating the result is not an imputation artefact (only the microbiome receptor
shows sensitivity — significant in the full track, non-significant in the rigorous track — and is
treated cautiously in the main text; the core conclusions do not depend on it). Second, no
detectable publication bias: the primary effective-sample-size Egger test is non-significant
in both tracks (full p = 0.307; rigorous p = 0.872), detecting no funnel asymmetry; the time-
lag test is likewise non-significant, so effect magnitude does not drift with publication year.
Third, the conclusion is unchanged after bias correction: even under the most
conservative correction, the pooled intercept remains significantly negative (about —0.43 to
-0.60), of the same order as the uncorrected pooled estimate (about —0.57). Taken together,
the significant cross-driver, cross-receptor, cross-scale negative degradation of mangrove
biodiversity is neither an artefact of variance imputation nor a product of publication bias.
Full coefficients, variance components, and bias diagnostics appear in Supplementary
Notes 5-7 (Tables S6-S15; Figs. S2-S3).
4.5.6 Computing environment and reproducibility
Deterministic processing — parsing, effect-size computation, variance estimation, and
spatial clustering — ran in Python 3.11.7 (pandas 2.3.3, NumPy 1.26.4, scikit-learn 1.5.2);
model fitting and plotting ran in R 4.5.1 (metafor 5.0.1, orchaRd 2.2.0). The analysis-ready
database, value-level provenance log, and all code are available in the project repository.
Non-significance in the pairwise scale contrasts (§4.5.3) and the metric-class contrast
establishes only that the data do not resolve a difference, not that the compared groups
respond alike. We therefore tested both claims with two one-sided tests (TOST), which invert
the null hypothesis to "the groups differ by at least A." Equivalence at bound A is declared
when the 90% confidence interval of a contrast lies entirely within (-4, +A). We fixed the
primary bound at A = 0.57, the midpoint of the —0.49 to -0.65 range spanned by the four
scale-level marginal means, before running any test, and report a full sensitivity sweep (A =

0.15-0.60) together with the bound-free statistic A_min (the smallest A at which equivalence
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holds) for every contrast. Inference used cluster-robust (Huber—White CR1) standard errors
clustered on study, referred to a t-distribution; the small-sample CR2 correction was not used,
because clubSandwich cannot return a CR2 covariance matrix for this three-level nested
random structure. Each contrast received one of four verdicts — Equivalent, Inconclusive,
Trivially different, or Different — from the uncorrected p_TOST, itself an intersection-union
test requiring no multiplicity correction; Holm-adjusted p_TOST is reported alongside as a

conservative secondary check.
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