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Docu menting Iocal k“OWInge Photo by Julana in Paso Centurion (Uruguay?

People

o Local biodiversity knowledge holders
can help fill these gaps - situated
knowledge (Donna Haraway)




Data collection before: diaries, notebooks

Drawings from Larranaga of aguila coronada, lechuza de campanario and becasa de mar

Encontré varios arboles que no conocia:
entre ellos varias Mimosas, una de ellas la
llamaban Napinda, porque se agarraba a la
ropay su espina no era alesnada sino en forma
de una y corta, arrojando muchas varazones o
mimbres; y aun vi una que subia muy alto
envuelta en un tronco de otro arbol; aunque
esto esraro: observé muchos arboles de Chanal,
que habia visto en Buenos Aires traidos de
Cordoba en donde crei que solamente se
encontraban: los arboles estan muy arruina-
dos, pero algunos anos dan mucho fruto, que
comen y son rhuy exquisitos. Recogi algunas
otras plantas y nos retiramos.

Viaje de Montevideo a Paysandu by
Damaso Antonio Larranaga, 1815



Data collection before: diaries, noteboo

Birdwatchers in Central Park in 1958. Sam Falk/The New York Times
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Data collection now: platforms
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Which species? How many?

Narrow down your choice by selecting options in the Interactive Key. To set the number seen, click
+/- buttons. For more details about any ladybird, point at its picture.
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Infraestructure for data collection (platforms)

oroject B
1034 CCO

launched in the US in 2015 created In Argentina in 2011

lost momentum or never achieved widespread global adoption



Global successful platforms

# records in GBIF (May 2026)

eBII‘d 1775,781.186
7 iINaturalist 151.728.963
&P Observationorg 127,703,309
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What drives iNat’s success?

Is being part of the network important?

e How per-country iNaturalist numbers
(records, users, species, projects, data
quality, and derived publications)
depend on different explanatory
variables, including the presence or

absence of a national node.




Methods




N copone e

Variable Description Source

n_records Number of records on iNaturalist in the country iNaturalist.org

n_users Number of users that uploaded at least one observation in the country (regardless of their country of iNaturalist.org
residency)

n_species Number of species recorded in the country iNaturalist.org

n_projects Number of projects registered by country iNaturaIist.org

n_literature Number of peer-reviewed publications indexed by GBIF that use iINaturalist data with a documented GBlF.org

eographic focus on the countr
e |@FCgTaphIC TOCUS On theE countr )
p_research_grade Proportion of records on iNaturalist in the country that are “Research Grade” (as a proxy for data quality) iNaturalist.org




:Jexpanatory variables

Variable Description Source Expectation
P P
has_node Whether a country has a node on the iNaturalist iNaturalist.org Countries that have an iNaturalist node will have greater
network country-level INaturalist metrics
neighbour_has_node Whether a country has a neighbouring (adjacent) rnaturalearth country Countries that have a neighbouring country that has an
country that has a node on the iNaturalist network polygons + INaturalist node will have greater country-level iNaturalist
population Population of the country (number of inhabitants) |World Development More populated countries will have greater country—level
Indicators INaturalist metrics
area Area of the country in km?2 World Development Larger countries will have greater country—level INaturalist
Indicators metrics
gdp_per_capita Country’s GDP per capita (in US dollars) World Development Countries with richer citizens will have greater country—level
Indicators INaturalist metrics
gdp_in_research Percentage of the country’s GDP dedicated to World Development Countries that invest more in science will have greater
research (%) Indicators country-level INaturalist metrics
latitude Country’s centroid latitude rnaturalearth country|Countries located in lower latitudes will have greater country-
Y Y 8 Y
polygons level iINaturalist metrics as they usually are more biodiverse
lucn_species Number of species assessed for threat statusina |[IUCN Red List Countries with higher numbers of species will have greater

cou ntry

country- level iINaturalist metrics




Data download

All code available at: https://github.com/bienflorencia/iNat_network_contributions

Custom functions that allow programmatic access to sources via APls. This process facilitates

automated data retrieval, ensures reproducibility, and minimises the risk of errors from manual
data collection.

o iNaturalist API (https://api.inaturalist.org/vl/docs/),

 GBIF Literature API (https://techdocs.gbif.org/en/openapi/vl/literature),

e World Development Indicators API (https://datatopics.worldbank.org/world-development-
iIndicators/),

e IUCN API (https://api.iucnredlist.org/api-docs/index.html).



https://github.com/bienflorencia/iNat_network_contributions
https://api.inaturalist.org/v1/docs/
https://techdocs.gbif.org/en/openapi/v1/literature
https://datatopics.worldbank.org/world-development-indicators/
https://datatopics.worldbank.org/world-development-indicators/
https://datatopics.worldbank.org/world-development-indicators/
https://datatopics.worldbank.org/world-development-indicators/
https://datatopics.worldbank.org/world-development-indicators/
https://datatopics.worldbank.org/world-development-indicators/
https://api.iucnredlist.org/api-docs/index.html
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expanatory variables
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expanatory variables
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Random Forests Aexibles!
Using tidymodels
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Splitting data Preprocessing Model specifications

« Randomly split into training (75% of the
countries) and test (25% of the countries),

stratified by the response variables.
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Random Forests

Using tidymodels total R2= 0.8

o Variable Importance as the

importance of each variable to the var] _ 62.5%
final models by permutation o
(standardised by the R* of each var2 - 2357
model).
var3 - 12.5%

01 02 03 04 05

proportion of R’



Linear models
Using Im

not as flexibles

e We fitted linear models (to the same

data and using the same model
formulas as in the Random Forest

analysis) to quantity the specific
effect of node membership while

Number of records on iNaturalist (thousand)
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Results
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Number of records on iNaturalist

model performance R2
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model performance R2

train I number of users
Random forest
cross-validation 0.708
Partial dependence Variable importance

gdp_per_capita gdp_in_research area

gdp _in_research

0.25+
0.00 - PN gdp_per_capita
-0.25+

-0.50- . -
> 50 000 100 000 2 4 6 0 25m 50m 7.5m 10.0 Bl
-g population latitude lucn_species .
8 population
E 0.25
§ 0.00+ ’ latitude
Y— -0.25‘
o
5 -0.50 1, . . R . . . .
-g 0 500m 1 000m 25 0 25 50 0O 50001000015 0020 00
2 has node neighbour has node
has node
0.25
0.00 - neighbour _has_node
-0.251 . . . |
-0.50 - 0.00 0.05 0.10 0.15

0.00 0.25 0.50 0.75 1.00.00 0.25 0.50 0.75 1.00 Importance (R? proportion)



Number of species recorded

Random forest
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model performance R2
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model performance R2
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model performance R2
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Linear model

response has_node estimate| adj. model R?
n_records 0.463** 0.672
n_users 0.453* 0.729
n_species 0.273 NS 0.413
n_projects 0.836*** 0.675
proportion RG 0.02 NS 0.308
n_literature 0.411* 0.523
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Partial effect
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How important is having a node?

Variable Description Random forest |Linear model

n_records Number of records on iNaturalist in the country 5% of R2 0.463**
Number of users that uploaded at least one observation in the country

n_users 6% of R2 0.453**
(regardless of their country of residency)

n_species Number of species recorded in the country 2% of R2 NS

n_projects Number of projects registered by country 9% of R2 0.836***
Number of peer-reviewed publications indexed by GBIF that use

n_literature . . . . 3% of R? 0.411*
iNaturalist data with a documented geographic focus on the country

p_research_grade Proportion of records on iNaturalist in the country that are “Research 29 of R2 NS

Grade” (as a proxy for data quality)

i1

GDP per capita

and biodiversity

GDP per capita

and biodiversity



Conclusions

. Having a node on the iINaturalist Network is important (local efforts matter!) — mostly

for having more records, users, projects and derived publications.

. Nationally organised efforts have thus played a signiﬁcant role In driving ‘Naturalist's

worldwide growth, extending its reach well beyond its US origins.



Conclusions

e Our work suggests that institutional support and local organisational structures can
strongly influence the |ong—term effectiveness and sustainability of citizen-science

Initiatives.

o While much citizen science research focuses on individual motivations or local project
design, our findings show that large-scale institutional design, in the form of national
coordinated nodes, plays a critical role in mediating between global platforms and local

engagement.



That’s all!
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