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Abstract 

Freshwater fisheries evidence databases often contain many extracted records from a single publication, yet 
regional syntheses usually treat each row as independent evidence. Using a verified dataset of 279 records from 
61 sources on West African inland fisheries, we test whether the choice of counting unit changes regional stock-
status inference. Only 115 records from 27 sources carried ecological classifications, and record concentration 
reduced their effective source number to 16.2. Counting records, fully exploited fisheries dominated (45.2%); 
giving each publication equal total influence, overexploited classifications dominated (39.9% vs 29.1%), 
although cluster-bootstrap intervals overlapped [paired difference: insert estimate and interval]. Combined 
collapsed and overexploited classifications rose from 41.7% of records to 63.9% of source-balanced profiles. In 
simulations, multiplying rows in one category inflated record-weighted error and wrong-dominant selection 
(99.4% at a tenfold ratio), whereas equal-source estimates remained stable; this follows by construction and 
illustrates the mechanism rather than independently validating it. Indicator reporting was sparse (66.1% of 
complete records reported none of four indicators), and 28 of 35 mapped locations rested on a single source. 
Source-balanced estimands and explicit reporting of source depth are a simple safeguard for evidence syntheses 
with clustered observations. 

 

Keywords: data-limited fisheries; evidence synthesis; pseudoreplication; source balancing; stock status; 
uncertainty; West Africa 
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Graphical Abstract 

 

The infographic shows that conclusions about the status of West African inland fisheries change dramatically depending 
on whether analysts count individual records or independent sources. 

 

Introduction 

Freshwater ecosystems combine exceptional biodiversity with food, income and cultural functions that are 
disproportionately important to rural and small-scale fishing communities. Recent global assessment indicates 
that approximately one quarter of assessed freshwater fauna is threatened with extinction, while interacting 
pressures from flow alteration, pollution, habitat loss, invasive species and exploitation continue to intensify.1–3 
Small-scale fisheries contribute to nutrition, employment and multidimensional well-being at scales that are 
incompletely captured by conventional production statistics.4–6

 

Inland fisheries are especially difficult to assess. Rivers, floodplains, reservoirs, lakes, lagoons and wetlands 
contain spatially dispersed and often multispecies fisheries, while landings, effort, size structure and 
environmental covariates may be observed intermittently or not at all.7–8 West African evidence illustrates this 
diversity: regional syntheses coexist with reservoir production models, reconstructed catches, catch-per-unit-
effort analyses, length-based assessments, local ecological knowledge and single-species population studies.9–15 
These approaches are informative, but they do not supply equivalent inferential support and frequently depend 
on different assumptions about catchability, equilibrium, selectivity and life history.16–20

 

The difficulty is compounded when studies are assembled into evidence databases. One publication may yield a 
single regional record, whereas another may contribute dozens of species, water bodies or assessment outputs. 
Treating each extracted row as an independent replicate allows record-rich sources to dominate regional 
percentages, despite their shared sampling design, data stream and analytical assumptions. This is a form of 
pseudoreplication and is closely related to dependence among multiple effect sizes in evidence synthesis.21–23 
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Fisheries stock-assessment literature addresses analogous problems through data weighting and effective-
sample-size adjustments, but these principles are rarely applied before descriptive synthesis of literature-derived 
status labels.24–25

 

Weighting by evidence quality is not an automatic solution. Composite scores are sensitive to coding direction, 
normalization and aggregation, and a source-level quality attribute copied to multiple records does not become 
record-specific information.26–28 Likewise, indicator richness may reflect a single assessment package rather than 
independent corroboration, because catch rates, biomass ratios, exploitation rates and maximum sustainable 
yield can be derived from overlapping data and model assumptions.29–31 A defensible synthesis must therefore 
distinguish the number of extracted records from the number of independent sources, make the estimand explicit 
and carry source clustering into uncertainty analysis. 

Spatial coverage can create the same illusion of replication. Multiple mapped points may arise from one 
publication, while representative or basin-level coordinates can imply precision that the source does not contain. 
Georeferencing best practice requires provenance, positional uncertainty and transparent linkage between 
evidence records and coordinates.32–33 Geographic research biases are particularly consequential in African 
freshwater systems, where data scarcity and uneven monitoring can cause evidence absence to be mistaken for 
ecological stability.34–39

 

Here we develop and test a verification-led framework for clustered literature evidence using West African inland 
fisheries as an empirical case. We ask five questions: how strongly are records concentrated within sources and 
countries; whether evidence limitations and indicator availability change when publications rather than records 
are counted; whether source balancing changes regional stock-status inference; how much independent support 
underlies mapped coverage; and how record multiplicity affects estimator error under controlled simulation. The 
goal is not to estimate the true biological status of every inland fishery in West Africa. It is to identify which 
regional statements are supported by independent information and to provide a transferable safeguard for 
evidence syntheses in which rows are nested within sources. 

 

Results 

Evidence growth masks source and geographic concentration 

The verified register contained 61 publications or data resources dated 1994–2026 and 279 extracted records. 
Annual source output increased over the period (Kendall’s τ = 0.491, P = 0.00018; Fig. 1a), with 23 sources 
published during 2019–2023. Coverage nevertheless remained concentrated. Nigeria and Ghana were 
represented in 21 and 18 independent Study_ID–country associations, whereas Cabo Verde and Sierra Leone 
had spatial inventory locations but no linked literature source in the catalogue. The Gini coefficient across the 
18-country spatial frame was 0.546 (Fig. 1b). 

Record multiplicity varied from 1 to 53 rows per source (median 2; Fig. 1c). If record shares are interpreted as 
sampling weights, the concentration corresponds to an effective source number of 15.8 rather than 61. The 
ecological subset was more consequential: 115 classifications were nested within 27 sources, but the largest 
source contributed 13.0% of classified rows and the three largest contributed 30.4%. The record-weighted 
effective source number was only 16.2 (Fig. 1d). These diagnostics show that nominal record count substantially 
overstated independent information before any stock-status percentages were calculated. 
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Fig. 1 | Temporal, geographic and source-level structure of the evidence base. a, Annual number of independent sources 
and centred five-year moving mean. b, Independent Study_ID–country associations; the Gini coefficient quantifies 
concentration across the 18-country spatial frame. c, Full-catalogue record multiplicity by source on a logarithmic axis. d, 
Ecological-classification multiplicity among the 27 contributing sources. Effective source number is the inverse Herfindahl 
concentration of record shares. 

 

Evidence limitations persist after publications are counted once 

Missing effort information affected 215 of 277 valid records (77.6%, 95% Wilson interval 72.4–82.1%), short 
time series affected 205 of 278 (73.7%, 68.3–78.6%), and multispecies aggregation affected 170 of 277 (61.4%, 
55.5–66.9%; Fig. 2a). High sampling uncertainty was coded for 211 of 279 records (75.6%), high bias risk for 
156 (55.9%), and low study quality for 98 (35.1%). The corresponding source-level prevalences were 76.3%, 
75.0%, 76.3%, 63.9%, 57.4% and 29.5%, respectively. Among complete cases, 238 of 277 records (85.9%) and 
52 of 59 sources (88.1%) had at least two of the three core design constraints. 

The field labelled Confidence_Level was semantically adverse rather than favourable. It correlated strongly with 
Bias_Risk (Spearman’s ρ = 0.944, P < 0.001), positively with Sampling_Uncertainty (ρ = 0.415, P < 0.001) and 
negatively with Study_quality (ρ = -0.530, P < 0.001). We therefore interpreted higher codes as greater 
confidence limitation. This result is a data-validity finding rather than a biological conclusion and demonstrates 
why field labels cannot substitute for explicit code definitions.28,40
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Indicator prevalence and co-reporting depend on analytical grain 

MSY was the most frequent of the four selected indicator fields at both analytical levels: 74 of 256 valid records 
(28.9%) and 22 of 55 valid sources (40.0%; Fig. 2b). B/BMSY occurred in 23.4% of valid records and 30.9% of 
valid sources, CPUE in 22.4% and 22.6%, and exploitation rate in 19.0% and 25.0%. Among 242 complete 
records, 160 (66.1%) reported none of the four indicators; 26 of 49 complete source profiles (53.1%) reported 
none. 

Indicators were bundled rather than independent. The greatest source-level similarity occurred between 
B/BMSY and MSY (Jaccard = 0.789; odds ratio = 160.0, Fisher P = 3.8e-09; Fig. 2c). Exploitation rate never 
appeared as an isolated assessment signal in the complete source profiles and was commonly nested within 
MSY- or CPUE-related packages. Indicator richness therefore measured reporting breadth, not independent 
confirmation of stock status.19–20,29–31 

 

 

Fig. 2 | Evidence limitations and indicator structure. a, Prevalence of six quality constraints among extracted records and 
independent sources; error bars are 95% Wilson intervals. b, Availability of CPUE, B/BMSY, exploitation-rate and MSY 
fields at record and source levels. c, Jaccard similarity among source-level indicator profiles. Blank indicator values were 
retained as indeterminate and excluded from the corresponding denominator. 
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Source balancing reverses the dominant stock-status category 

Of 279 evidence records, 115 from 27 sources contained an ecological classification, 11 were data-deficient and 
153 contained no harmonized stock status. The ecological subset comprised 52 fully exploited, 25 collapsed, 23 
overexploited and 15 underexploited records. Raw record counting therefore suggested 45.2% fully exploited, 
21.7% collapsed, 20.0% overexploited and 13.0% underexploited (Fig. 3a). 

Applying record-level confidence weights changed the shares to 37.9% fully exploited, 23.6% collapsed, 23.5% 
overexploited and 14.9% underexploited. The larger change occurred when each Study_ID received equal total 
influence. Overexploited classifications became dominant at 39.9%, fully exploited declined to 29.1%, collapsed 
accounted for 24.0% and underexploited for 7.0%. Source-balanced confidence weighting was numerically 
identical to unweighted source balancing because quality components were constant within every ecological 
source. Thus, the principal correction was for multiplicity, not repeated quality labels. 

The source profiles explain the reversal. Several publications contributed many classifications concentrated in 
the fully exploited category, whereas adverse classifications were distributed across more sources with fewer 
rows (Fig. 3b). Cluster-bootstrap intervals remained wide: collapsed 9.2–40.0%, underexploited 0.0–16.5%, 
fully exploited 14.3–45.1% and overexploited 22.6–57.2%. Leave-one-source-out estimates did not restore the 
record-weighted ranking; overexploited remained within 37.6–41.5% and fully exploited within 26.4–30.2% 
(Fig. 3c). These intervals quantify variation among documented sources, not uncertainty about the true status of 
all regional fisheries. 
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Fig. 3 | Stock-status inference under alternative analytical units. a, Regional status shares for raw records, confidence-
weighted records, equal-source profiles and equal-source confidence profiles. Error bars on equal-source estimates are 
95% Study_ID cluster-bootstrap intervals. b, Number and status composition of classifications contributed by each 
ecological source. c, Equal-source status shares after omitting each Study_ID in turn; open circles show the full equal-
source estimate. 

 

Mapped extent exceeds independent spatial replication 

The repaired crosswalk linked 96 of 115 ecological classifications (83.5%) to 35 spatial locations in ten countries 
and 22 Study_IDs. Sixty-nine linked records used original site coordinates, two used verified sites, four used 
representative water-body points, ten used state-level proxies and eleven used regional or basin proxies. 
Coordinate provenance was retained separately from ecological confidence.32–33

 

Twenty-eight of the 35 locations were supported by one source, six by two sources and one by three sources 
(Fig. 4b). The map therefore contained many geographically distinct points but little repeated independent 
monitoring. Rivers and reservoirs dominated the linked locations, although lagoons, lakes, floodplains and basin-
level contexts were also represented (Fig. 4c). Cabo Verde and Sierra Leone remained visible in the spatial 
inventory, but their D3 locations were not assigned ecological evidence because no corresponding D1 source 
existed. This distinction prevents spatial completeness from being mistaken for evidence coverage. 

Country-level source-balanced profiles were retained as descriptive discovery tools rather than national 
assessments. Ghana and Nigeria each had at least eight ecological sources and adverse shares of 48.1% and 
50.0%, respectively; leave-one-source-out ranges were 41.7–54.2% for Ghana and 42.9–57.1% for Nigeria. In 
contrast, several countries had apparently severe profiles based on one or two sources. Such estimates identify 
corroboration priorities, not precise national prevalence of overexploitation. 
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Fig. 4 | Spatial distribution and independent-source depth of linked ecological evidence. a, Africa locator. b, West Africa 
zoom with distinct country fills; point colour and shape indicate water-body type and marker size indicates the number of 
independent Study_ID values at each location. c, Composition of linked locations by country and water-body type. d, 
Country fill key. Cabo Verde and Sierra Leone spatial-only inventory records are not treated as ecological evidence links. 

 

Multiplicity simulation generalizes the empirical reversal 

We simulated 27-source evidence bases from the empirical equal-source status distribution and progressively 
multiplied the number of rows generated by fully exploited sources, while leaving the underlying source 
distribution unchanged. At a multiplicity ratio of 1, mean total-variation error was 0.161 for record weighting 
and 0.125 for equal-source estimation. When the ratio reached 2, record-weighted error increased to 0.208 and 
the probability of selecting the wrong dominant category increased to 74.4%. At a ratio of 10, record-weighted 
error reached 0.487 and wrong-dominant selection reached 99.4%. Equal-source error and dominant-category 
performance remained effectively stable across ratios (Fig. 5). 

The simulation isolates a structural property of clustered extraction: adding rows within selected sources changes 
a record-weighted regional distribution even when no new independent source has been added. Equal-source 
estimation does not remove uncertainty about which sources are available, but it prevents record multiplicity 
from being misinterpreted as replication. 
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Fig. 5 | Consequences of preferential source multiplicity in simulation. a, Total-variation distance between estimated and 
generating source-level status distributions. b, Probability that the estimator identifies a category other than the generating 
dominant category. Curves show means across 30,000 simulations per ratio. Shaded regions show replicate percentiles for 
total-variation error and 95% Monte Carlo intervals for dominant-category probabilities. 

 

Discussion 

The central finding is that the unit used to count evidence changes the regional conclusion. Raw records 
identified fully exploited classifications as dominant, whereas equal weighting of independent sources identified 
overexploited classifications as dominant. The reversal does not show that all West African inland fisheries are 
overexploited, nor does it transform literature labels into a formal regional stock assessment. It shows that a 
conclusion supported by row counts can be an artefact of how many records individual publications contribute. 

This distinction is fundamental for evidence synthesis. Record-level summaries answer how the released 
database is populated and are useful for assessing field completeness or computational workload. Source-level 
summaries answer how independent publications distribute their evidence. When multiple rows inherit the same 
sampling design and analytical assumptions, the latter is the defensible primary estimand for regional 
inference.21–23 The effective-source calculations demonstrate the scale of the problem: 115 ecological rows 
represented only 27 sources, and record concentration reduced the effective source number to 16.2. Similar logic 
underlies data-weighting and effective-sample-size adjustments in formal stock assessment.24–25

 

Confidence weighting refined the record-weighted distribution but did not alter the equal-source result because 
the quality variables were constant within ecological sources. This is substantively important. Repeated source-
level attributes should not be presented as if they distinguish individual species or water-body records. The 
semantic reversal of Confidence_Level also demonstrates that composite weighting can amplify a coding error 
if field direction is assumed from its label. Uncertainty partitioning and transparent, decomposable indicators 
are therefore prerequisites for weighting rather than optional sensitivity checks.26–28

 

The indicator analysis adds a second caution. MSY was most prevalent at source level, but more than half of 
complete source profiles reported none of the selected indicators and the indicators that did occur were strongly 
bundled. West African assessments use a wide range of methods, from reconstructed catches and reservoir yield 
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models to CPUE, length-frequency and local-knowledge approaches.9–14,41–46 Counting multiple indicator fields 
as independent corroboration would therefore overstate evidence breadth. Indicator presence should be 
accompanied by method provenance, assumptions and, where possible, the original magnitude and uncertainty. 

The spatial results reveal an analogous mismatch between extent and replication. The linked evidence covered 
diverse rivers, reservoirs, lakes, lagoons and floodplains, consistent with the heterogeneity of West African 
inland waters.7,47–51 Yet four-fifths of mapped locations were represented by a single source, and a substantial 
minority of records required representative or broader proxy coordinates. Maps should therefore encode water-
body type, coordinate provenance and independent-source depth rather than display undifferentiated points. 
National or basin-level management claims should not be inferred from point density alone. 

The simulation establishes that the empirical reversal is not dependent on one status-coding rule. Preferential 
multiplication of records in a non-dominant category rapidly distorted record-weighted estimates, while equal-
source estimates retained the same sampling uncertainty across multiplicity ratios. The practical implication 
extends beyond fisheries. Any literature database containing multiple outcomes, species, sites or scenarios per 
publication should report the source hierarchy and test whether headline conclusions survive source balancing. 

The framework has limitations. The evidence search may not recover inaccessible, non-indexed or non-English 
literature, and the catalogue combines peer-reviewed articles, technical reports and data resources. Harmonized 
stock-status classes cannot reproduce every source-specific reference point or assumption. Source balancing 
gives every publication equal total influence, which is transparent but not necessarily optimal when source 
precision can be estimated independently. The simulation represents preferential multiplicity but not all selection 
processes that shape real evidence bases. Finally, point-based spatial linkage does not represent hydrographic 
connectivity or the spatial extent of fisheries. These limitations support conservative interpretation and motivate 
external validation in another data-limited regional evidence base. 

For immediate practice, we recommend five minimum reporting standards: preserve an immutable source 
identifier for every record; report record and source counts together; define whether the target estimand concerns 
database rows or independent sources; propagate uncertainty by resampling sources rather than rows; and map 
source depth and coordinate provenance alongside locations. These steps do not replace better monitoring. They 
prevent existing evidence from appearing more independent and precise than it is. 

 

Methods 

Evidence base and analytical units 

The study used the curated D0–D5 resource described in the companion Data Descriptor. The source register 
contained 61 Study_ID values and the evidence catalogue contained 279 Record_ID values. Eligible sources 
reported ecological status, population or stock assessment, catch and effort, fishery characteristics, 
environmental context or fisheries-dependent socioeconomic information for West African inland fisheries and 
connected transboundary systems. Marine-only and aquaculture-only evidence was excluded unless inland 
capture-fisheries information was separable. Search and screening documentation should be reported according 
to PRISMA and ROSES principles in the final submission.52–53

 

The fundamental hierarchy was Record_ID nested within Study_ID. A record represented a species-, water-
body-, assessment- or country-level extraction unit. Study_ID represented the publication or data resource from 
which records were extracted. Analyses that described database completeness used records; analyses that 
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inferred literature-level patterns used sources. No publication-level duplicates were consolidated after the 
bibliographic audit because the corrected register treated all 61 Study_ID values as distinct source records. 

 

Country coverage and source concentration 

Annual publication counts were calculated for every year from the minimum to maximum publication year, 
including years with zero sources. A Kendall rank test evaluated monotonic change. Geographic coverage used 
unique Study_ID–country pairs after deterministic normalization of punctuation and country-name variants. The 
country frame comprised the 18 countries represented in D3, including zero-source countries. Concentration was 
summarized with the Gini coefficient. Source multiplicity was the number of D1 rows per Study_ID. Effective 
source number was calculated as 1/Σpᵢ², where pᵢ was the proportion of records contributed by source i; this 
equals the inverse Herfindahl concentration of record shares. 

 

Evidence-quality profiles 

Six coded limitations were examined: missing effort data, short time series, multispecies evidence, high 
sampling uncertainty, low study quality and high bias risk. Record-level prevalence used non-missing values. 
Source-level profiles used the modal value within Study_ID; ties were resolved conservatively toward the 
limitation state. Prevalence intervals were Wilson 95% intervals. Co-occurrence used complete cases for missing 
effort, short time series and multispecies evidence. The semantic direction of Confidence_Level was tested using 
Spearman correlations with Bias_Risk, Sampling_Uncertainty and Study_quality rather than inferred from the 
field name. 

 

Indicator availability and co-reporting 

CPUE, B/BMSY, exploitation rate and MSY were analysed as availability fields, not magnitudes. At record 
level, 1 indicated that the indicator was reported or used, 0 indicated observed absence and blank remained 
indeterminate. At source level, an indicator was present if any record was 1, absent if at least one record was 
observed and all observed records were 0, and indeterminate if all records were blank. Indicator richness was 
the sum of the four fields in complete profiles. Pairwise source-level co-reporting was evaluated with Fisher 
exact tests, odds ratios and Jaccard similarity. Because the six tests were descriptive and strongly related, exact 
P values are reported but no claim rests on a single significance threshold. 

 

Stock-status estimands and confidence weights 

Stock-status codes were harmonized as −1 (collapsed), 0 (data-deficient), 1 (underexploited), 2 (fully exploited), 
and 3 (overexploited). Ecological proportions included −1, 1, 2, and 3; data-deficient and blank records were 
retained as evidence states but excluded from ecological denominators. 

We compared four estimands: 

1. Record estimand: Each classified record received equal weight. This describes how the released database is 
populated but is sensitive to sources contributing many rows. 
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2. Confidence-weighted record estimand: The record estimand gave every classified row weight one. The 
confidence-weighted record estimand used Wᵢ = (EᵢQᵢRᵢ)¹ᐟ³, where Eᵢ = (rᵢ + 1)/5 and rᵢ was the number of 
reported indicator fields; Qᵢ = Study_quality/3; and Rᵢ was the minimum of reverse-coded Bias_Risk and reverse-
coded Confidence_Level. The positive floor in E prevented records supported by other evidence types from 
receiving zero weight. 

3. Equal-source estimand: The equal-source estimand first calculated the within-source status distribution and 
then averaged those distributions across sources. Equal-source confidence normalized W within each Study_ID 
before averaging. Composite components are reported separately because aggregation choices can affect 
interpretation.26–27

 

4. Equal-source confidence estimand: Confidence weights were normalized within each Study_ID before 
averaging. Because quality attributes were constant within ecological sources, this estimand was numerically 
identical to the unweighted equal-source estimand. 

Uncertainty for source-balanced estimands was quantified using 20,000 cluster-bootstrap samples, where 
Study_ID values were sampled with replacement and their within-source profiles averaged. These intervals 
describe variation among documented sources rather than biological uncertainty about unobserved regional 
stocks. 

 

Spatial verification 

Record_ID linked ecological classifications to the repaired D5 crosswalk and Spatial_ID linked D5 to D3. 
Spatial analyses required Crosswalk_Row_Type = evidence-to-spatial crosswalk, Link_Status = linked, 
Ecological_Classification_Record = yes and Use_in_Site_Level_Analysis = yes. Coordinate type and validation 
status remained separate from ecological confidence. Spatial source depth was the number of unique Study_ID 
values linked to a Spatial_ID. Water bodies were assigned to eight display categories from curated names: river; 
reservoir or dam; lake; lagoon, estuary or coastal water; wetland, floodplain or delta; stream, creek or inlet; basin 
or regional context; and other inland water. These categories were used only for visualization and did not alter 
D3 labels. 

 

Multiplicity simulation 

The simulation tested a structural consequence of clustered extraction. The generating population was the 
empirical equal-source distribution across the four ecological categories. For each replicate, 27 source statuses 
were sampled from this distribution. Baseline records per source were sampled with replacement from the 
empirical ecological source-count distribution. Multiplicity for fully exploited sources was then multiplied by 
ratios from 1 to 10, while source statuses and the number of sources were unchanged. Record-weighted and 
equal-source distributions were compared with the generating distribution using total-variation distance, 0.5 × 
Σk |p-hat(k) − p(k)|. We also recorded whether each estimator selected a category other than the generating 
dominant category. Each ratio used 30,000 replicates and a fixed random seed. The simulation separates row-
multiplicity bias from source-sampling uncertainty; it is not intended to reproduce all publication and extraction 
processes. 

 

Software and reproducibility 
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Analyses were performed in Python using pandas, NumPy, SciPy, statsmodels, GeoPandas and Matplotlib. 
Country polygons in Fig. 4 were drawn from Natural Earth public-domain data for cartographic context; 
analytical coordinates were those in D3. The submission package includes source data for every figure, the 
analysis script, the reference-verification audit and the cleaned D0–D5 tables. Exact package versions and a 
persistent repository DOI should be inserted before submission. 

 

Table 1 | Analytical units and inferential targets 

Unit or 
estimand 

Construction Question answered Primary limitation 

Record 
Each classified D1 row 
receives equal weight 

How is the released database 
populated? 

Dominated by 
publications contributing 
many rows 

Confidence-
weighted record 

Rows weighted by indicator 
breadth, study quality and 
risk control 

How does coded support 
redistribute database rows? 

Repeated source-level 
attributes may not 
distinguish records 

Equal source 

Within-source status profiles 
averaged across Study_ID 
values 

How do independent sources 
distribute reported 
classifications? 

All sources receive equal 
total influence 

Equal-source 
confidence 

Confidence weights 
normalized within Study_ID 
before averaging 

Does within-source support 
alter the source estimand? 

Requires record-specific 
quality variation 

Spatial location 
Unique linked Spatial_ID 
with source-depth count 

Where is evidence located 
and how independently 
replicated is it? 

Point/proxy locations do 
not represent 
hydrographic extent 

 

 

Data availability 

The data and analytical materials supporting the findings of this study are available in Zenodo at 
https://doi.org/10.5281/zenodo.23167024. The repository contains datasets used for reference verification, 
figure generation, stock-status analyses, spatial verification, simulations, and supporting analytical materials. 
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