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Key takeaway messages 
 

●​ 14 internet platforms were screened for their utility to provide invasive alien species 
(IAS) occurrence data and early warning signals in an automated, low-cost fashion. 
 

●​ The primary barrier was the inability to access geolocated data, as major internet 
platforms (X, Google, TikTok) rejected researcher API access, limiting automation. 
 

●​ For five platforms (Google Trends, Wikipedia, Flickr, YouTube and Facebook), 
geolocated IAS-related internet activity data was evaluated using repeatable 
workflows bundled into a software package.   
 

●​ The collected iEcology data was biased and of variable quality, with overall poor 
predictive accuracy of real-world IAS occurrence patterns, despite the potential of 
platforms that allow automated verification of geolocated observations (Flickr, 
YouTube) as complementary data sources.  
 

●​ Privacy legislation complicates the publication of coordinate-level iEcology 
observations, limiting their utility for fine-grained IAS modelling (e.g., occupancy 
modeling) or publishing onto publicly available databases (e.g., GBIF). 

 

Executive summary 
 
This report presents the outcomes of our investigation into the utility of iEcology data—the 
practice of using publicly available internet information to answer ecological questions—for 
the early detection and monitoring of Invasive Alien Species (IAS) in Europe. The core goals 
were to develop automated, open-source data mining workflows and to assess the quality 
and utility of data from various online platforms. 
 
We evaluated the suitability of 14 internet platforms based on criteria such as data type, cost 
of API access, geolocation detail, and researcher authorization. A critical finding is that, 
despite the potential, the technological readiness of iEcology is severely hampered by 
significant barriers to low-cost researcher API access. Applications for non-profit access to X 
(formerly Twitter), Google Ads, Google Search API, and TikTok were all rejected. Automated 
data mining for Google Trends was found to be unreliable. 
 
A subset of platforms that granted API access—including Meta (Facebook), YouTube, Flickr, 
and Wikipedia pageviews—was incorporated into repeatable, open-source workflows. Data 
collected from these platforms, however, exhibited a number of challenges: 

●​ Bias: Data was skewed towards charismatic species in densely populated areas, with 
platform-specific differences in how well it represents real-world IAS occurrence 
patterns. 

●​ Geolocation: Detail was highly variable, ranging from country-level (Facebook, 
Wikipedia) to precise coordinates (YouTube, Flickr). 

●​ Quality issues: It was impossible to verify activity or individual observations for many 
platforms in an automated fashion (Wikipedia, Google Trends, Facebook); some data 
had to be normalized due to small sample sizes (Facebook), and other data sources 
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contained a substantial amount of AI-generated content, further inflating false 
positive rates (YouTube). 

The quality and utility of the collected data were tested in three case studies: Case Study I 
evaluated the utility of manually downloaded Google Trends data to track invasive alien plant 
occurrences in the USA, proving limited accuracy for using this data source to map 
real-world IAS occurrence patterns. Case Study II constructed an automated workflow to 
repeatedly extract, analyze, and visualize geolocated social media data on IAS of Union 
concern, evaluating it against trusted observations from GBIF and EASIN. Even in the best 
scenarios, changes in IAS-related internet activity only picked up real-world invasions in ~ 50 
% of cases. Case Study III developed a proof of concept for an automated pipeline to extract 
and identify plant species from geolocated Flickr images using the Pl@ntNet API, illustrating 
the potential of the platform as a complementary data source for low-cost mining of IAS 
occurrences.  
 
Based on our investigation, IAS-related internet activity data trends poorly reflect real-world 
occurrence patterns. Nonetheless, iEcology holds potential to complement existing 
monitoring efforts within early warning systems, raising its technological readiness. 
Facilitating its widespread operational use requires overcoming substantial hurdles, including 
the removal of barriers to researcher access to platform data and APIs, the need for 
improved automated data validation capacities to address human bias and low-quality 
content and clarification regarding the use of iEcology data within a GDPR-safe context. 

 
Non-technical summary 
 
Invasive Alien Species (IAS) — plants and animals introduced to new areas that cause harm 
to people and the environment — are a major problem, and finding them quickly is crucial. 
Traditional monitoring methods, such as field surveys by experts, are slow and limited. 
iEcology offers a modern alternative: using public information from the internet, like social 
media posts, search trends, and photos, to rapidly detect new species outbreaks. 
 
This report explored whether this internet-based tracking is reliable and practical for use 
across Europe. Our work focused on two questions: Can we easily build automated tools to 
collect this data? And how trustworthy is the data once we get it? 
 
We looked at 14 popular platforms, including X (formerly Twitter), Facebook, Google, 
Wikipedia and TikTok. The biggest and most consistent hurdle we faced was access. 
Despite seeking free access for non-profit research, major platforms like X, Google Search, 
Google Ads, and TikTok rejected our requests. Automated data gathering from Google 
Trends also proved unstable. This means that a crucial step for widespread, low-cost 
monitoring is currently blocked by the companies that own the data. 
 
We successfully built working, automated data collection systems using low-cost platforms 
that granted us API access, namely: 

●​ Facebook: Used to track post activity about IAS. 
●​ YouTube: Used to find geolocated videos. 
●​ Flickr: Used to find geolocated photos. 
●​ Wikipedia: Used to track how often species pages are viewed. 
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The data gathered is not perfect. We found that internet information is naturally biased: 
people post more often about charismatic or easily recognized species, and most of the data 
comes from densely populated areas. We also ran into technical quality problems, such as 
low sample sizes from Facebook and a surprising number of fake (AI-generated) videos on 
YouTube that could easily be mistaken for real sightings. 
 
iEcology has limited potential as a stand-alone, automated early warning system. Its use 
seems to be primarily complementary within other early warning systems and should revolve 
around harvesting individual occurrences rather than search or pageview internet activity 
trends. For iEcology to reach its full potential, three major things must happen: 

1.​ Platform owners must allow researchers low-cost access to their (geolocated) data. 
2.​ Better automated tools are needed to filter out bias and low-quality information, such 

as bot posts and AI-generated content. 
3.​ Clarification regarding the use of iEcology data within a GDPR-safe context is required, as 

current legislation complicates the publication of coordinate-level observations.  
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List of abbreviations 
EU European Union 
MBG 
LU 
IBOT-CAS 
CSIC 
API 
GBIF 

Meise Botanic Garden (BE) 
Lincoln University (NZ) 
Botanický ústav AV ČR, v.v.i. (CZ) 
Agencia Estatal Consejo Superior De Investigaciones Científicas (ES) 
Application Programming Interface 
Global Biodiversity Information Facility 

UL List of Invasive Alien Species of Union Concern 
IAS Invasive alien species 
FAIR Findable, Accessible, Interoperable & Reusable (data) 
DSA Digital Service Act 
GDPR General Data Protection Regulation 
EASIN European Alien Species Information Network 
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1.​Introduction 
 
iEcology, i.e., the practice where publicly available information is obtained from various 
internet sources (e.g., Reddit, Google Trends) and used to answer ecological questions, has 
recently been put forward as a promising avenue for accelerating detection of invasive alien 
species (IAS) outbreaks and better understanding their spread and population dynamics 
(Jarić et al., 2021; Novoa et al., 2025; Tomojiri & Takaya, 2025). For instance, taxonomists 
previously identified the presence of invasive fish and flies from images on angler websites 
and enthusiast Facebook groups across different EU countries (Kalous et al., 2018; Schifani 
& Paolinelli, 2018).  
 
Despite the abundance of potential information available in the online public domain, 
iEcology data are fragmented, of highly variable quality and usually require thorough manual 
polishing before they are suitable for ecological analyses (see e.g., issues with bots 
mentioned in Tomojiri & Takaya, 2023). Moreover, while many different public platforms have 
proven their applicability for specific cases in the past, such as whale monitoring in Spain 
(Morais et al. 2021) or plant monitoring in Israel (Vardi et al., 2021), no iEcology studies thus 
far have thoroughly evaluated to what extent iEcology is applicable at a continental scale, 
and whether it could directly complement evidence-based informing of policy makers and 
other stakeholders regarding IAS decisions.  
 
Naturally, data generated from social media mentions will be inherently biased (Olteanu et 
al., 2019). For iEcology analyses, data are skewed towards larger-bodied, charismatic and 
easily recognizable taxa from densely populated areas with sufficient internet access (Jarić 
et al., 2021; Novoa et al., 2025). Thus, it is virtually impossible to use iEcology data alone for 
answering typical ecological questions related to IAS dynamics, such as reliably estimating 
population size. Despite the increasing number of citizen science projects with relatively 
accurate classifying mechanisms; e.g. iNaturalist (López-Guillén et al., 2024), monitoring 
efforts in many parts of the world are limited to a relatively small number of trained 
taxonomists and delays in data publishing may hamper rapid IAS detection (Kourantidou et 
al., 2022). Hence, monitoring and detecting changes in online activity regarding IAS shows 
potential to become a useful extra component in early warning systems tracking IAS spread 
(Cardoso et al., 2024).  
 
This report presents the outcomes of our investigation on the utility of iEcology for IAS 
occurrence detection within the context of the OneSTOP project. Our goals were to: 
 

1.​ develop automated, repeatable and open-source workflows for mining IAS data from 
positively evaluated online platforms to raise the technological readiness of iEcology 
from 4 (validated in lab) to 6 (demonstrated in relevant environment). 
 

2.​ assess the quality of data obtained from different platforms by comparing them with 
known reliable data sources on IAS occurrences. 
 

3.​ evaluate which (if any) online platforms can aid monitoring of IAS expansions and 
occurrences. 
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2.​Suitability of online platforms for automated geolocated 
iEcology data mining  

Based on previous studies and the current digital landscape (Novoa et al., 2025), we 
evaluated the suitability of 14 different internet platforms for efficient and low-cost collection 
of data on IAS in Europe between 01/01/2025 and 31/12/2025. From all platforms, different 
aspects were summarized and evaluated on their applicability (Table 1). These included i) 
the type of accessible data (txt, jpg or vid), ii) the cost of accessing the data, iii) the existence 
of geolocation information associated with the data, iv) the query limit for the respective 
application programming interfaces (APIs), v) the temporal resolution of the data, and vi) 
whether low-cost data mining for research purposes was authorized by the platform. 
 
In principle all platforms explored either incorporate free or researcher API application 
procedures or did so in the recent past. Moreover, communication through API’s is in most 
cases already supported by platform-specific Python and R libraries. However, as discussed 
in more detail below, four platforms rejected our researcher (non-profit) applications (X, 
Google Ads, Google Search and TikTok) and data from one platform (Google Trends) was 
only incorporated using manual data downloads since the automated mining libraries in R 
and Python turned out to be highly unreliable and likely against the platform’s terms of 
service.   
 
Table 1: Qualitative characteristics utilized to evaluate the suitability of different 
internet platforms for mining iEcology data through APIs. Text or numerical values, 
images and videos are abbreviated by txt, img and vid, respectively.  
 

Platform Data 
types 

API 
Cost Geolocation detail Query 

limit  
Temporal 
resolution 

Mining 
authorized? 

X (Twitter) txt/img/vid free* user dependent NA** any No 
Meta txt/img/vid free* country 60/min any Yes 
Google Ads txt free* country/region/city NA** monthly No 
Google 
Trends txt free* country/region/city NA** hourly No 

Google 
Search API txt/img free* country NA** any No 

YouTube txt/img/vid free* full coordinates 10k/day any Yes 
TikTok txt/img/vid free* user dependent 20k/day any No 
Reddit txt/img/vid free language based 100/min any Yes 
Wikipedia txt free country unlimited daily Yes 
Flickr txt/img free user dependent 60/min any Yes 
Bluesky txt/img/vid free language based 600/min any Yes 
Mastodon txt/img/vid free language based 60/min any Yes 
iNaturalist txt/img free full coordinates 60/min any Yes 
eBay txt/img free country/region/city 5k/day live listings Yes 

*Platform-specific limitations affecting utility apply, see detailed descriptions below. 
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**NA values indicate lack of relevant information about query limits due to poor 
documentation or rejected (researcher) API applications. 
 

After assessing the accessibility and overall suitability of different platforms, we downloaded 
and evaluated the IAS internet activity data quality using three case studies focused on the 
most promising platforms (Fig. 1). In the first case study, repeatedly downloaded data from 
Google Trends on 100 invasive plants was compared with a US dataset and activity signals 
evaluated for how well they represented true occurrence patterns (Alam & Hulme, 2026). In 
the second case study, we constructed an automated workflow incorporating a subset of 
internet platforms to repeatedly extract, analyze and visualize geolocated social media data 
on IAS of Union concern (Commission Implementing Regulation (EU) 2022/1203 of 12 July 
2022 Amending Implementing Regulation (EU) 2016/1141 to Update the List of Invasive 
Alien Species of Union Concern, 2022). For this workflow, an updated version of the Union 
list of concern (UL) was programmatically extracted from Wikidata and further used as input 
data for API queries on geolocated internet activity across a variety of platforms where we 
obtained API access (Facebook, Flickr, Wikipedia, YouTube). After initial cleaning and 
processing, these datasets were evaluated against observations from GBIF and EASIN and 
checked for anomalous activity increases surrounding the moment of species expansions 
into new EU countries. Finally, for the third case study, we developed a proof of concept to 
automatically download geolocated Flickr images and identify plant species present using 
the Pl@ntNet API, to evaluate the feasibility of automatically extracting high-quality species 
observations from this platform. All workflows were set up to be repeatable, and those of 
case study II and III were incorporated into a software package (Fig. S1; 
https://doi.org/10.5281/zenodo.19235707). In the following sections, we further explain 
platform-specific details as well as their adherence to the evaluation criteria. 
 

 
Figure 1: Overview of the workflow followed to evaluate the use of iEcology data for 
invasive alien species monitoring. 
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2.1.​ X (Twitter) 
Due to the high number of short communication messages (text, images and/or videos) 
being “tweeted” daily, X (formerly known as Twitter) has proven itself as a valuable data 
source for iEcology research (Bhatt & Pickering, 2021; Tomojiri & Takaya, 2025).  
 
Since Twitter was bought in 2022 by Elon Musk (and renamed to X in 2023), the social 
media platform, its moderation practices, business philosophy and the societal 
representation of active users have changed considerably (Bisbee & Munger, 2025; Novoa 
et al., 2022). This is also noticeable in the way API access for developers (and especially 
researchers) has changed. As exemplified by previous studies (e.g., Tomojiri & Takaya, 
2025; Novoa et al., 2022), obtaining free API access to perform data mining of sufficient 
tweet volumes within the context of academic research used to be quite straightforward. Yet, 
this is no longer the case. Despite the implementation of EU legislation which should allow 
researchers to access the twitter API for free under certain conditions (EU, 2022), the Meise 
Botanic Garden (MBG) application for researcher API access (X, 2025b) within the context 
of the OneSTOP project was rejected on 20/3/2025, with the reason given that “it does not 
appear that your proposed use of X data is solely for performing research that contributes to 
the detection, identification and understanding of systemic risks in the EU as described by 
Art. 34 of the Digital Services Act”.  
 
Hence, we looked for alternative ways to obtain X API access. While X currently offers a free 
API tier to all developers, this free tier only allows automation of tweet posting (1500 / 
month) and no reading, though the latter is required for IAS data collection (X, 2025a). To 
actually retrieve post reading info, one has to go for the paid API option with a ‘pay as you 
go’ schedule, which can rapidly become very costly when querying systematic keywords list 
for thorough analysis. Given the considerable pricing of this tier for conducting research, 
especially over longer periods of time given its intended use for active monitoring of species 
names and associated terms, we deemed X not suited for IAS monitoring and detection 
within the context of the OneSTOP project. 
 

2.2.​ Meta (Facebook) 
Meta, formerly known as ‘Facebook’, has expanded in recent years to incorporate an array 
of platforms including Facebook, Instagram and Threads where users can post online 
content including text, images and videos. Previous studies show the value of these 
platforms for early detection of IAS (Schifani & Paolinelli, 2018). Meta has a meta-hosted 
API service for which we did not receive access, but researchers can also apply for access 
to the Meta Content Library which aggregates data from Meta’s platforms through the Social 
Media Archive (SOMAR) of the University of Michigan in a secure research environment 
(SRE) (Sweet, 2025). However, this API introduced a new pricing scheme (a $1,000 
registration fee + a $400/month usage fee) starting in March 2026.  
 
After obtaining researcher access to the SRE, we were able to fetch Meta online activity data 
by filtering out the surface_countries for Facebook posts containing exact matches with 
scientific names of species across all EU countries. However, due to small sample sizes and 
increased risk of exposing poster identity related to these (internal communication), data had 
to be summarized to normalized (monthly post count / maximum monthly post count across 
the sampled period) post counts before export out of the SRE. These normalized temporal 
data (similar to Google Trends) were used in case study II (see section 3.2).  
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2.3.​ Google 
As one of the bigger players online globally, Alphabet (mother company of Google) collects 
and hosts a wide array of data across its many platforms. Within the context of OneSTOP, 
we explored collecting data on IAS from four of these platforms, including Google Trends, 
Google Ads, Google Search and YouTube. 

2.3.1.​ Google Trends  
Google Trends tracks the popularity of individual keywords or topic searches performed 
through its search engine for a specific country, region or city over time and has shown its 
value for iEcology research (Schuetz & Johnston, 2019). Although Google Trends data are 
normalized and relative (expressed as percentage of the maximum interest a specific 
term/topic across the time of interest per query), the data are quite well moderated and of 
relatively high quality because it e.g., removes duplicates, bot searches and even accounts 
for typos made by the searcher (Google, 2025b). On the other hand, the data received are 
based only on a subsample of total search volumes. 
 
Although Google Trends has been used as a tool for the infodemiology and infosurveillance 
of human diseases for more than a decade), it has only recently caught the attention of 
invasion scientists (Alam & Hulme 2026). Nevertheless, despite this short history, Google 
Trends has proven to be useful in investigating public attention and awareness towards 
various alien species. In general, Google search volume appears to be correlated with the 
spatial distribution of alien plants, insects, and fish within a region (Fazzari et al., 2024; 
Fukano and Soga, 2019; Maciejewski et al., 2025; Proulx et al., 2014; Woodworth et al., 
2023), suggesting that data from Google Trends could be a suitable tool for surveillance and 
early warning (Jarić et al., 2020; Novoa et al., 2025). However, despite the rising popularity 
of using Google Trends to examine the spatial patterns of biological invasions, much of the 
research to date has paid scant attention to three major pitfalls of using this tool. 
 
While manual querying and downloading .csv files from the Google Trends website is free, 
relatively fast and within the terms of use, we were unable to construct a workflow that was 
reliable enough to perform automated data collection on a regular basis. In principle, Google 
Trends has a (hidden) API that can be accessed utilizing packages in both R (gtrendsR; 
Correia 2024) and Python (pytrends; Pytrends 2025), but we found both of these unreliable 
when making larger data queries, as this would result in blocked requests for some queries 
and not others, often without a clear reason. These problems were somewhat in line with our 
expectations, given that the Google Trends endpoint these packages are accessing is not 
mentioned in the official Google API documentation, and hence likely no longer actively 
maintained (even if it was so in the past), or work via scraping the Google Trends site 
directly, which would be against Google’s terms of service. During the 2nd half of 2025 
Google announced the alpha testing phase of a new Google Trends API, available through 
their cloud platform. However, the MBG application to become an Alpha tester never 
received a response. Given these issues, we decided not to incorporate Google Trends data 
into our automated workflow. Instead, we manually downloaded data containing activity 
patterns across space and time in .csv format for further analysis in case study I (see section 
3.1).  
 

2.3.2.​ Google Ads  
Google provides a variety of other data services through their cloud platform. One of them is 
Google Ads, which developers use to track marketing trends and to manage and tailor their 
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advertisements to the intended audience over time. Within Google Ads, there is a feature 
called Search Term Report that allows developers to collect monthly search volumes for 
specific keywords as well as their estimated market values across different geographic 
scales (country, city, region) (Google, 2025a). Given the previously discussed issues with 
Google Trends data, we pursued obtaining API access to mine data on monthly IAS search 
volumes since we presumed these would give similar info as Google Trends, but our MBG 
application within the context of the OneSTOP project was rejected on 14/3/2025, since 
“tools that offer only keyword research are not allowed by the Google Ads API Policy”. As 
such, we also deemed Google Ads unsuitable for integration into our automated IAS 
monitoring and detection workflow. 
        

2.3.3.​ Google Search  
For researchers specifically, Google developed the Search Researcher Result API, returning 
the rankings and associated metadata of top Google search hits, which could aid in 
investigating and quantifying geographic differences in IAS search activity and (search 
results algorithm dependent) popularity of individual data sources. However, the MBG 
application to receive API access was rejected due to the “inability of the institute to prove 
that sufficient data protection measures were in place”.     
 

2.3.4.​ YouTube   
The fourth and final Google service with proven iEcology relevance is YouTube (Dylewski et 
al., 2017). The Google Cloud Platform provides access to the YouTube database where 
YouTube videos, thumbnails and comments as well as their associated metadata for specific 
keywords can be retrieved via YouTube Data API (v3)(YouTube, 2025). After setting up a 
trial account in Google Cloud (3 months only) and having created a test project, 
authentication credentials and a free API key can be obtained. Specifically interesting for 
iEcology applications, is that the YouTube API allows searches in a radius (max. 1,000 km) 
around a specific location, which can be used to geolocate videos, albeit dependent on user 
privacy settings (i.e., explicit location info needs to be filled in in order to be able to retrieve 
it) (Wright, 2023; YouTube, 2025). An important limitation is that a maximum of 10,000 
YouTube quota are available in the free trial everyday (100 quota per unique search query), 
which is approximately equal to maximally extracting 5,000 videos on a daily basis (100 API 
calls with maximally 50 videos per page). However, after contacting YouTube, our quota got 
upped to 200k, and we were able to collect geolocated videos in circles approximately 
covering all EU countries and summarized them for further evaluation in case study II 
(section 3.2). Within this context, it is important to note that while our queries returned many 
videos referring to geolocated content about the real species of interest, a substantial 
amount were AI generated videos that inflated false positive rates, and are likely difficult to 
distinguish from ‘real’ observations via automated processes (e.g., using machine vision 
models; see section 3.3). Moreover, exact query matches on YouTube are inconsistent, 
necessitating post-hoc filtering by exact species names to avoid hyperinflation of false 
positives. 

 

2.4.​ TikTok 
As one of the most popular social media platforms for younger generations, TikTok is a 
valuable secondary data source for obtaining information about species distributions 
(Balestrieri et al., 2023; Nascimento et al., 2024). The primary format of TikTok content is 
characterized by short videos, accompanied by descriptions and comments.  
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MBG applied for access to the TikTok API on 18/02/2025 and received a response in June 
2025, stating that MBG is not considered an academic institution and can therefore not be 
granted access to their database. Additionally, the local Flemish government prohibits its 
employees from accessing the app on their personal devices due to concerns over its safety 
(El Bakkali, 2023), which made it practically impossible to evaluate this platform. Because of 
these reasons, we did not further explore incorporating TikTok into our final workflow. 

2.5.​ Reddit 
Reddit is an online platform where people discuss topics in a forum-style format, through 
“subreddits”, i.e., subsites specializing in specific subjects. Posts may contain text, images 
and/or videos. Although geolocation info is limited and can only be derived indirectly from 
user or post content (Reddit, 2025), the platform has proven its usefulness for iEcology 
research in the past (Fox et al., 2021). In particular, the ability to search less broadly for 
more tailored info within ‘expert’ subreddits seems to have much potential.  

We obtained standard API access for Reddit using the free developer app platform through 
the actively maintained Reddit package praw in Python (Bryce, 2025) and set up a workflow 
to mine all relevant IAS data from publicly accessible subreddits by specifying exact matches 
with queries in the cloud backend of the API. While the resulting dataset contained 
interesting information regarding IAS sentiments across EU languages (i.e., useful for 
culturomics approaches), accurate geolocation was virtually impossible to automate without 
manual verification, resulting in limited use of these data for iEcology and mining of IAS 
occurrences. Therefore, we did not further explore incorporating Reddit into our final 
workflow.  

2.6.​ Wikipedia pageviews 
The number of searches redirected to individual pages on Wikipedia, i.e., pageviews, has 
proven its usefulness in previous iEcology-oriented research, for example, to investigate 
temporal changes in pageviews in relation to plant phenology or invasive species outbreaks 
(Cerri et al., 2022; Henke et al., 2024; Mittermeier et al., 2019; Vardi et al., 2021). As a 
widely used platform that has existed for over two decades, we thus also pursued obtaining 
(geolocated) pageview data through the Wikimedia Analytics API. In the end, we set up two 
different workflows to evaluate Wikipedia page view info, both with their respective benefits 
and shortcomings.  

The first method fetches individual pageviews on a daily basis over time from all linked 
pages in all available languages to the Wikidata species Q identification numbers of all 
unique species on the UL. While this yields a large dataset including many different EU 
languages, the accuracy of this method for reliably obtaining info on a country level is low, as 
exemplified by Zachte (2018). According to their study, pageviews on e.g. the Finnish page 
of Alopochen aegyptiaca may indeed predominantly originate from Finland, whilst those from 
its corresponding English page may originate from anywhere across the world (Zachte, 
2018). 

Given the limitations of this approach for research, the Wikimedia Foundation started 
collecting geolocated daily pageview data from 2017 onwards for each unique Q identifier in 
its database. However, to protect the personal information of page visitors, only pageview 
counts above 90 are recorded on a daily basis for specific Q identifiers, hampering 
time-series analysis of pages/identifiers that get relatively low traffic volumes. Nonetheless, 
we set up a workflow to extract the geolocated pageview data of species with sufficiently 
high search volume from the Wikimedia endpoint that performs daily data dumps in the form 
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of .tsv files. Finally, although beyond the scope of this report, internal communication with 
the Wikimedia team indicates that there will soon (within the coming months; communication 
from March 2025) also be a publicly accessible API that can be directly called and integrated 
into future software products to fetch geolocated pageviews more efficiently.  

We compared the two currently available Wikipedia pageview data sources (language based 
vs geolocated filtering) between 2017 and 2025 and found relatively good correlations and 
trends for most countries with sufficient data points (Fig. 2; Reynaert et al., 2026). As 
expected, accuracy declined for English (Ireland) and other languages (e.g., Portuguese, 
Spanish) that are spoken worldwide (Zachte, 2018). Another reason for differences, 
especially regarding peaks at low language-based pageviews, could be that the geolocated 
searches aggregate searches per country for the same species across different language 
subsites and/or pages. For instance, certain species may only have an English page, and 
thus all searches from any country will be immediately redirected to that one. At the same 
time, we were unable to test correlations for many of the less visited pages/languages (e.g., 
Latvian) since they do not show up in the geolocated pageview statistics, limiting their use. 
Nonetheless, it is likely that even less visited pages would pass the threshold of 90 
pageviews during times when a species is gaining popularity locally due to redirected views, 
even if no page exists in the language of the Google search, further highlighting the 
importance of the geolocated pageviews database within the context of tracking IAS internet 
activity. Due to the overall relatively good correlations between Wikipedia language-based 
and geolocated pageviews, these data sources were both further evaluated in case study II 
(section 3.2).  

 

Figure 2: Correlations between Wikipedia pageviews per country based on language 
filtering vs direct geolocation (> 90 pageviews per day) for all species on the UL. This 
figure was adopted from Reynaert et al. (2026). 
 

2.7.​ Flickr 
As an online platform where people share and store photos, often with geolocation tags, 
previous studies indicate that Flickr can be used for gathering information on IAS 
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occurrences in European countries (Allain, 2019; Cardoso et al., 2024; Edwards et al., 
2021). After obtaining access to the Flickr API free tier, we specified an approximate EU 
bounding box (25° W to 40° E longitude and 34° N to 72° N latitude) and collected all 
geolocated pictures (either including user-entered coordinate info or image EXIF derived 
metadata) through text matches with our IAS queries. Important to note is that while 
searching utilizing machine tags is in principle more accurate, they seemed to be very much 
underassigned for the species of interest, resulting in us opting for “free text” search (incl. 
“free text” tags). Whilst the latter option increases false positives, we believe this is 
outweighed by the net gain in informative data points. Moreover, to minimize false positives, 
we post-hoc performed exact query matches to only retain those pictures where the 
associated text included the full species names. Note that the free Flickr API tier only gives 
access to low-resolution images, thus limiting its reach within the Flickr database. 
Nonetheless, given the accurate geolocation of the resulting dataset, this data source was 
further evaluated in case study II.    

2.8.​ Bluesky 
Although not part of the Fediverse (Theophilos, 2024), Bluesky adheres to many of the 
principles behind the philosophy of decentralized social media, such as being maximally 
transparent and open (incl. open source code) and storing a minimal amount of sensitive 
user data (Failla & Rossetti, 2024). Moreover, previous studies highlight its twitteresque 
potential for sentiment analysis on a wide variety of topics (Failla & Rossetti, 2024), which 
has applications in iEcology and culturomics. We performed Bluesky post text mining that 
queries for exact matches with our invasive species dictionary using the atproto Bluesky 
Python library. After fetching results, we filtered out those posts in languages spoken across 
the EU regions. In line with data from Reddit, these posts contained interesting, albeit more 
niche information regarding IAS sentiments across EU languages (i.e., useful for culturomics 
approaches). However, accurate geolocation was virtually impossible to automate without 
manual verification, resulting in limited use of this data for more iEcology-focused analysis 
and automated IAS occurrence data mining pipelines. Therefore, we did not further 
investigate incorporating Bluesky into our final workflow.  

2.9.​ Mastodon 
Similar in rationale to Bluesky, but an actual part of the Fediverse, Mastodon is one of the 
more popular decentralized social media platforms (Theophilos, 2024). In contrast to other 
platforms, different Mastodon subsites and communities are fully disconnected and located 
on different servers or ‘instances’. Nonetheless, previous research indicates its potential for 
enriching social media-focused datasets (Persico, 2024). Since the more segregated nature 
of Mastodon made collecting all available posts (‘toots’) on IAS more challenging, we settled 
for collecting public posts from the mastodon.social instance, which is most similar to X or 
Bluesky since they may contain text, images and/or short videos.  

In line with Bluesky, geolocation info is not directly retrievable through the API due to high 
privacy standards, so any geolocation must be conducted post hoc via text analysis. As 
such, the resulting dataset not only had a very limited reach (small userbase) but also 
primarily returned information regarding IAS sentiments without providing sufficient 
information for automated IAS occurrence mining pipelines.  

2.10.​iNaturalist 
Biodiversity focused citizen science internet platforms are a known and relatively reliable 
source of ecological information for species around the globe (Callaghan et al., 2021). One 
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of the most commonly used citizen science platforms is iNaturalist, where users upload 
geolocated pictures of species with a taxonomic guess, after which other users can verify the 
classification and validity of this observation (Callaghan et al., 2021). The usefulness of this 
platform is also recognized by GBIF, which directly pulls data of ‘research grade’, i.e., 
verified by multiple users, observations from iNaturalist on a regular basis (GBIF, 2025).  

To verify if non-research grade iNaturalist observations contain useful information regarding 
IAS occurrences, we constructed a workflow that extracts non-research-grade iNaturalist 
observations. The observation categories extracted included “casual”, related to 
cultivated/captive/poorly documented species and “needs ID”, of which the classification has 
not been confirmed by others. Given the unknown quality yet accurate geolocation of the 
resulting dataset, this data source was further evaluated in case study II. 

2.11.​eBay 
Despite generally in breach of their policies, alien and invasive species are commonly traded 
on internet trade platforms, including eBay (Heinrich et al., 2019; Humair et al., 2015). As a 
platform providing public information about the location where listings are posted and sold, 
eBay may thus give insight into where IAS are potentially being held and bred. For 
exploratory purposes, we used the eBay API (5,000 calls / day using a free account) to 
collect data about active listings mentioning IAS from the UL.  

Although exact text matching works well and the platform enables geolocation of listings, an 
important shortcoming of eBay is that the API only returns data regarding public and live 
listings (preventing timeseries analysis), and that their terms of use vastly limit which types 
of data can be retained and analyzed externally due to conflicts with their terms of service 
regarding eBay market analysis and manipulation (eBay, 2026). Moreover, whilst plant 
listings were often interesting, referring to e.g., sellers of IAS seeds across EU countries, 
listings from other species groups mostly referred to objects other than actual species (e.g., 
books, posters, etc.), resulting in high false positive rates. For these reasons, we decided to 
not further analyse these data.   

3.​Evaluation of collected iEcology data quality to monitor 
invasive alien species 

Due to lack of authorization or technical issues related to obtaining reliable access to their 
database through maintained APIs (Google Search API, Google Ads, X, TikTok), lack of a 
temporal dimension in the data (eBay) and missing country-level geolocation information 
(Reddit, Bluesky, Mastodon), only 6 out of the initial 14 explored platforms were retained and 
further evaluated. These included Google Trends, YouTube, Wikipedia, Flickr, Facebook and 
iNaturalist (non-research-grade observations). We further evaluated the data quality of the 
collected data and compared datasets regarding scope, false positives and utility for 
monitoring IAS in the EU.    

As reference data for evaluation we used the USDA PLANTS database (case study I; Alam 
& Hulme (2026)), a dataset containing all recorded invasions of IAS from the UL retrieved 
from EASIN (case study II; Reynaert et al. (2026)) and all available European per-country 
observations of species from the UL from GBIF between 01/01/2022 and 15/07/2025 
collected utilizing the pygbif library (GBIF, 2026). Out of all GBIF observations <1 % (n = 
2,630,741) was discarded since they represented a date range > 24 h, making it impossible 
to know when exactly the species was observed.    
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3.1.​ Case study I: Utility of Google Trends to track invasive alien 
plant occurrences across the USA 

Google Trends has long been used to track the epidemiology of human diseases; however, 
its application to address biological invasions has been quite limited to date. We developed a 
workflow for best practice in the use of Google Trends to study biological invasions that 
accounts for the underlying pitfalls inherent in data from Google searches. We illustrated this 
workflow by examining the extent Google searches adequately depict the state-wide 
occurrence of 100 alien plant species in the United States (Fig. 3; Alam & Hulme, 2026).  

While manually downloading data from Google Trends is straightforward (see section 2.3.1), 
the data itself proved to inconsistently reflect real-world trends of invasive plant species. 
Because each Google Trends search returns results based on only a sample of all Google 
searches, searches on different days or IP addresses present different results. For this 
reason a single Google Trends search can be misleading. It is recommended that the same 
Google Trends search is repeated at least 10 times to better capture search interest. This is 
rarely done, suggesting many previous studies only described a partial story. A further 
complication is the search term used. Google Trends can enable searches by scientific 
name, common name or provide more semantic searches using a Topic. These different 
search terms produce different results that vary considerably in their accuracy in describing 
species distributions. A final complication is that the search algorithm for Google trends has 
been updated on several occasions since its inception, meaning that temporal analyses are 
challenging due to the lack of comparability in different time periods. Accounting for these 
constraints sets up a complex workflow which would be difficult to automate. Hence, we 
undertook extensive manual searches that amounted to almost 4000 separate Google 
Trends searches. This is unlikely to be a feasible option for regular updating of distribution 
records using Google Trends (Alam & Hulme, 2026).  

 

Figure 3: Graphical description of the workflow and primary outcomes from the 
Google Trends case study. This figure was adapted from Alam & Hulme (2026). 
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In general, results from Google Trends provided only a moderate goodness of fit to the 
known state-wide occurrence of alien plant species, and then only when the scientific name 
was used as a keyword. Other keywords, such as the common name or a Topic query, 
performed poorly. The goodness of fit between the observed species occurrence and that 
predicted using Google searches was higher for ornamental species or those officially 
classed by the USDA as noxious or invasive in at least one state. Those states with a 
greater alien plant richness and higher average education level of their citizens performed 
best. Given this data heterogeneity, we highlight an objective workflow (Fig. 4) to assess the 
value of Google Trends in order to ensure that greater scrutiny is applied when using this 
tool in invasion science (Alam & Hulme, 2026). 

 

Figure 4: Schematic workflow of the issues that need to be considered when using 
Google Trends to investigate interest in a particular subject matter. The workflow has 
been designed to be generic for any subject matter though it has been developed 
from an examination of the ability of Google searches to capture the state-wide 
distribution of alien plants in the United States. This figure was adapted from Alam & 
Hulme, 2026.  

3.2.​ Case study II: Capacity of geolocated internet platforms to 
detect IAS expansions within the EU 

Other platforms were explored in a more automated fashion. After collecting relevant 
mentions, pictures, videos and activity on IAS of Union Concern from Facebook, Flickr, 
YouTube, Wikipedia and iNaturalist (non-research grade observations) (see section 2) 
through their respective API’s using our software package, we combined all geolocated (per 
country) data by counting the number of mentions/activity per month between 2016 and 
2025 (Fig. S1). These activities were then compared to the species observation data mined 
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from GBIF to evaluate how well they correlated with real-world occurrences over time (Fig. 
S1). Despite correlating poorly in general, our results indicated that Wikipedia, followed by 
iNaturalist (non-research grade observations) and Facebook, best represented real-world 
country-level IAS occurrence patterns across the EU (Fig. 5; Reynaert et al., 2026). 
Moreover, on average, insect, flatworm, plant and reptile observations correlated better with 
real-world occurrences compared to other groups (Fig. 5; Reynaert et al., 2026).    

 

 

Figure 5: Correlations between internet activity per month per country and 
occurrences mined from GBIF between 2016 and 2025 for all species on the UL. 
Wikipedia (geo) and Wikipedia (lan) refer to geolocated and language-based 
pageviews respectively. This figure was adopted from Reynaert et al. (2026). 

To further explore the ability of platform activity to detect IAS expansions into uninvaded EU 
countries, we used two different methods to detect anomalous increases in internet platform 
activity in the two-year window surrounding the EASIN report year of IAS of UL invasion for 
all EU member states (112 unique invasion scenarios across all species between 2016 and 
2025). Analysis on individual platforms showed that even for the best performing platforms 
(Wikipedia and Facebook), only approximately 50 % of invasion scenarios with sufficient 
data showed anomalous activity increases during the two year invasion window. To improve 
detection capacity and reduce false positive rates, we then normalized IAS internet activity 
data (activity divided by maximum activity over the entire period) and pooled data from all 
platforms together to see if this increased detection performance. However, even using this 
method (identifying the first period of anomalous activity and variance increase across the 
timeseries; Reynaert et al., 2026), detection capacity was still only modest to poor across all 
species groups, with only slightly more true positives than false positives across all explored 
scenarios (Fig. 6).    
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Figure 6: Example of a) the mean fitted GAM predictions (grey line) on the sum of 
normalized monthly activities for the combined internet platform activity data (excl. 
GBIF) of Pontederia crassipes in Poland. The red box outlines the 2-year invasion 
window (reported EASIN invasion year in 2020) and the purple box indicates the first 
region of strong activity increase in the summed normalized data timeseries based on 
our pre-defined threshold. GBIF data was not used in the models but is shown for 
illustrative purposes. Wikipedia (geo) and Wikipedia (lan) refer to geolocated and 
language-based pageviews respectively. In b) the sensitivity of the detection 
algorithm is summarized across the total of 112 unique EASIN reported invasion 
cases of species of the UL between 2016 and 2025.  This figure was adopted from 
Reynaert et al. (2026). 

3.3.​ Case study III: Flickr image to pl@ntnet identification to 
high fidelity occurrence pipeline 

Although Flickr proved a poor predictor of recent IAS expansions into new EU countries (see 
3.2), it previously proved useful for harvesting new IAS occurrences when combined with 
machine vision tools (Cardoso et al., 2024). Thus, we created an automated workflow as 
proof-of-concept that mines geolocated images from Flickr using an invasive plants keyword 
search, and validates them as ‘real’ occurrences by sending them to the Pl@ntNet API for 
species identification. Unique observations were first filtered by retaining pictures taken at 
different times and or places. Next, we identified high-quality observations where the species 
name queried through the API matched with a species in the top five responses of the 
Pl@ntNet machine vision model (this ruleset can be modified). By doing so, this workflow 
enables harvesting of ‘high-quality’ occurrences across the EU for a wide variety of plants 
(see e.g. example for Reynoutria japonica below; Fig. 7), with the primary bottlenecks being 
i) species data availability and image quality on Flickr and ii) the identification accuracy of 
the Pl@ntNet model. Given the modular approach of this software package, it can easily be 
expanded to include other machine vision models to cover more taxa. Notably, because the 
Pl@ntNet model is also still trained on pictures labelled with previously accepted species 
names and synonyms (e.g., Fallopia japonica), these should all be included in the validation 
dictionary to not reject correct identifications due to taxonomic inconsistencies. Despite 
these shortcomings, this type of workflow could serve as a low-cost extra data source for 
IAS occurrences when the original data are processed in a secure and GDPR-compliant 
fashion (see section 4.3).  
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Figure 7: Pl@ntNet verified Flickr images of Reynoutria japonica across the EU with 
the confidence score given by the machine vision model. Note that some 
observations overlap, resulting in fewer than N unique points on the final figure. 

4.​Recommendations for future use of iEcology to monitor 
invasive alien species 

4.1.​ Remove barriers to low-cost researcher internet platform 
data and API access 

After exploring available data sources for the automated mining of iEcology data, we found 
that only six platforms (eBay, Flickr, Facebook, Google Trends, YouTube and Wikipedia) out 
of the 14 explored were able to provide geolocated iEcology data at no cost, despite that 
other platforms (e.g., X) provided such services to researchers in the past (see e.g., Tomojiri 
& Takaya,2025). This was despite the mention within the API applications that our research 
focused on ‘investigations of IAS-related risks (e.g., public health, illegal pet trade) derived 
from and related to internet platform posts, mentions and activity data’, as outlined within the 
EU legislation of Article 40(12) of the EU Digital Services Act (DSA). Many platforms still 
rejected our researcher applications because of i) disagreement that IAS-related risks could 
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directly emerge from the platform’s data (X), ii) lack of proven ‘safe data storage and 
processing measures in place’ (Google Search Result API), (iii) unintended use case for the 
platform (Google Ads) and iv) lack of affiliation with a university (TikTok). Moreover, while 
access to Facebook data through the SOMAR portal was still free for academic researchers 
in 2025, new fees coming into effect in March 2026 indicate a one-time 1000 dollar 
‘registration’ fee combined with a monthly API access subscription fee of ~ $400 
dollar/month. This trend, limiting free (researcher) API access possibilities, is spreading 
across many platforms and e.g., also reflected in the May 2025 decision to make 
high-resolution Flickr images no longer available through the free tier of their API. While 
most of these platforms still provide high-quality paid API access to researchers, putting a 
price on such data does not only prevent researchers from studying platform associated 
risks due to lack of sufficient budget but also undermines the open and repeatable nature of 
iEcology workflows and research in general. 

To resolve these issues, we propose a few measures. First, given the lack of explicit mention 
regarding low cost researcher access to internet platform data within the DSA, leading to 
internet platform misconduct (see e.g., the recent case against X also related to 
unreasonable pricing for researcher API access; European Commission, 2025), there is an 
urgent need to legally clarify this aspect in the DSA guidelines. Second, since current 
‘systemic risks from digital data’ needed for researcher API access are only explicitly defined 
in relation to public health, mention of environmental risks should also be incorporated within 
the DSA text. In other words, the DSA legislation should be clarified to actually enable 
low-cost investigation of systemic EU risks using internet platform data beyond what can 
directly be caused by the algorithms/data itself. Third, it is important that platforms provide 
sufficient data for performing meaningful analysis of risks, as long as sufficient commitments 
to protection of sensitive data in line with GDPR are in place. While fine-grained IP-derived 
geolocation is immediately available to those advertising on platforms such as Facebook, 
researchers are only allowed to extract normalized counts of Facebook posts mentioning the 
IAS of interest with country-level geolocation from the SOMAR SRE (Reynaert et al., 2026). 
This strongly limits the use of this data for e.g., national-level risk management and creates 
a two-tiered system, where the parties least likely to exploit sensitive data are blocked from 
accessing it. Finally, the DSA should better define which parties are allowed to gain low-cost 
access to such data so that systemic risks from internet platform data can not only be 
studied by academics from universities, but also by e.g., government-associated researchers 
working for biosecurity agencies.    

4.2.​ Improve automated data validation capacities 
Given the lack of reliable georeferenced data streaming through API for many platforms, the 
utility of these data sources for tracking IAS dynamics without extensive data processing and 
external validation with other sources (e.g., GBIF, EASIN) remains limited. Especially for 
smaller platforms (e.g., Mastodon), the relatively small number of active users likely 
increases platform-specific biases regarding the context in which IAS are mentioned, which 
could both positively or negatively affect data quality. Previous studies have circumvented 
these issues by manually verifying observations and selecting ‘high fidelity’ geotagged 
observations based on expert opinion (Allain, 2019; Canavan et al., 2025; Chowdhury et al., 
2024; Edwards et al., 2022), but this process is too time-consuming and inefficient for 
processing large volumes of data as required within the context of early warning systems 
and actively mining IAS occurrences across platforms, countries and taxa. Nonetheless, one 
way of limiting manual labor and reducing the number of false positives could be to not only 
query for species names in API queries, but also simultaneously include IAS-related 
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keywords (e.g., ‘invasive’) or location names. While searching for matches using extended 
dictionaries may increase data volumes collected (by e.g., collecting data on species 
synonyms), our investigation showed that it also resulted in proportionally more irrelevant 
data points. This is because many vernacular species names have multiple meanings and 
many APIs (e.g., YouTube) perform fuzzy matching with queries in the back end. One way to 
somewhat circumvent this issue is by collecting more metadata tags and performing platform 
specific filtering afterwards. In this way, a larger proportion of irrelevant mentions may be 
circumvented. However, another way of improving the utility of unstructured text platform 
data lacking geolocation tags could be by training LLM’s or other machine learning tools to 
more accurately extract IAS and location information from free text posts and mentions 
(Castro et al., 2024). By doing so, both the data processing step, geolocation steps and final 
identification step (using machine vision models) could be fully automated.     

Even for those platforms that provided geolocation information, our case studies showed that 
internet platforms providing general IAS-related internet activity data (i.e., Google Trends 
and Wikipedia) are relatively poor predictors of country/state level IAS expansions and 
occurrence patterns due to technical drawbacks in platform-specific internet activity 
calculations and various biases within the data itself (Alam & Hulme, 2026; Reynaert et al., 
2026). In addition, tracking of individual post/video/mention volumes over time (i.e., Flickr, 
Facebook and YouTube) also performed poorly as a predictor of country-level occurrence 
patterns and IAS expansions (Reynaert et al., 2026). Nonetheless, platforms providing 
verifiable IAS-related records (Flickr, Facebook, Youtube and eBay) show potential to be a 
useful extra data source complementing more traditionally used data sources (e.g., EASIN, 
GBIF) when combined with automated IAS occurrence validation methods (see section 3.3; 
Cardoso et al., 2024). Within this context, Flickr and YouTube were most promising, given 
that they provide high volumes of coordinate-level geolocation IAS-related mentions and are 
the most open regarding data extraction and processing, which is necessary for setting up 
automated IAS occurrence validation workflows (Table 2). While Facebook allowed the 
extraction of a high volume of ‘summarized’ data metrics, collecting images associated with 
geolocated posts is currently not permitted. Nonetheless, regarding species groups for which 
only a few and fragmented databases are available (e.g., pathogens), tracking general 
internet activity patterns in a more automated fashion presents an underexplored opportunity 
for more systematic research, despite its many shortcomings.     

Table 2: Qualitative characteristics of the most promising low-cost iEcology platforms 
with geolocation including geolocation detail, temporal resolution, data type(s) and 
automated occurrence validation potential.  
 

Platform Geolocation detail Temporal 
resolution Data type 

Automated IAS 
occurrence validation 
potential 

Wikipedia Country Daily Pageview activity Low 
Google 
Trends Country/region/city Hourly Search activity Low 

YouTube Full coordinates Hourly Thumbnails / videos / 
comments High 

Facebook Country Hourly Posts / comments Medium 
Flickr Full coordinates Hourly Pictures / comments High 
eBay Country/region/city Hourly Live listings Medium 
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Other issues currently also hamper the full automation of species identification workflows. 
First, not only do most available machine vision models focus on a limited number of taxa 
(e.g., Pl@ntNet, InsectAI), their accuracy of identification is also model and species-specific. 
Many high-quality species identification models also lack a low-cost API, requiring users to 
either combine multiple models per taxon, develop models themselves, run pre-trained 
models on local hardware (e.g., iNaturalist), or pay high API access fees. All these aspects 
reduce accessibility to automated species identification significantly, highlighting the need for 
more generalized and open IAS-focused machine vision models with API capacities 
(Jakuschona et al., 2022). Second, the amount of AI-generated content online has increased 
exponentially over the past few years, which was exemplified by e.g., many of our mined 
YouTube videos on IAS being fully AI generated. As artificial video and image generation 
techniques improve rapidly, it remains unclear whether AI machine vision models will 
continue to be able to accurately distinguish between real and artificially generated species 
images and videos, further complicating fully automating species identification processes 
(Baraheem & Nguyen, 2023).  

4.3.​ Reconsider the GDPR-related iEcology research context 
iEcology data are by definition secondary data extracted from online internet activity of users 
(i.e., ‘legal persons’), often utilized outside of the user-consented context and thus requiring 
ethical and legal considerations. Within the EU iEcology research context, the General Data 
Protection Regulation (GDPR) dictates how and when such data (even when publicly 
available) can be processed and published. In an ideal world, iEcologists would obtain 
written permission from every user whose data they extract to conduct research. However, 
given the massive data volumes involved in most iEcology research, this is often unfeasible. 
Hence, researchers should implement specific measures, based on the context in which the 
research is conducted, by carefully adhering to the FAIR principle of being as open as 
possible but as closed as necessary to protect sensitive information. In practice, this means 
processing information within a closed and secure research environment, minimizing data 
retention, and anonymizing individual identifiers and post/mention/video/image location (e.g., 
by adding a noisy radius around coordinates) whenever any data are made publicly 
available. In some cases (e.g., for research necessary within the context of ‘public 
importance’) exceptions to this ruleset may apply, but these are usually institute and 
research specific, requiring special legal permissions.  

These guidelines allow the use of iEcology data in specific contexts, e.g., to create country 
and European level species checklists. However, they also limit its applicability for many use 
cases, such as the to coordinate level mining and publishing of IAS occurrences to GBIF and 
use of coordinate level data for species distribution modelling and mapping. Previous studies 
also indicate that this ambiguity regarding how to weigh gaining information regarding 
potential environmental risks vs protection of sensitive user information is often confusing for 
researchers (Ghermandi et al., 2023). We therefore argue that guidelines regarding the use 
of iEcology data within the context of investigating and mapping environmental risks to 
society should be clarified to maximize societal benefits from these data.  

5.​Conclusions 
We explored whether iEcology data from various internet platforms can serve as an 
automated, low-cost source for IAS monitoring and early warning systems. Our investigation 
indicates that while general tracking of IAS internet activity is a poor indicator of IAS 
occurrences and expansions, mining individual observations from platforms that allow 
automated validation of underlying data shows potential as a complementary data source for 
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monitoring. However, further increasing the technological readiness level of iEcology and 
maximizing societal benefits from iEcology data regarding IAS dynamics across the EU 
requires: 

●​ removing barriers to researcher access to platform data and API’s;  
●​ refining automated data validation capacities filtering out bias and low-quality 

content;   
●​ clarifying the use of iEcology data within a GDPR-safe context given it currently 

complicates the use and publishing of coordinate-level observations.  
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8.​Annex  

 
Figure S1: Graphical overview of case study II based on Reynaert et al. (2026). The 
software package capacities (excluding the Flickr to Pl@ntNet pipeline) are shown in 
the ‘Data mining’ panel.   
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