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A B S T R A C T   

Invasion by exotic pests into new geographic areas can cause major disturbances in forest and agricultural 
systems. Early response can greatly improve containment efforts, underscoring the importance of collecting up- 
to-date information about the locations where pest species are being observed. However, existing invasive 
species databases have limitations in both extent and rapidity. The spatial extent is limited by costs and there are 
delays between species establishment, official recording, and consolidation. Local online news outlets have the 
potential to provide supplemental spatial coverage worldwide and social media has the potential to provide 
direct observations and denser historical data for modeling. Gathering data from these online sources presents its 
own challenges and their potential contribution to historical tracking of pest invasions has not previously been 
tested. To this end, we examine the practical considerations for using three online aggregators, the Global 
Database of Events, Language and Tone (GDELT), Google News, and a commercial media listening platform, 
Brandwatch, to support pest biosurveillance. Using these tools, we investigate the presence and nature of cogent 
mentions of invasive species in these sources by conducting case studies of online news and Twitter excerpts 
regarding two invasive plant pests, Spotted Lanternfly and Tuta absoluta. Our results using past data demonstrate 
that online news and social media may provide valuable data streams to supplement official sources describing 
pest invasions.   

1. Introduction 

Biological invasions are instances where a species has been intro
duced, intentionally or unintentionally, to a new area where it suc
cessfully establishes and spreads. Invasive plant pests and pathogens, 
referred to collectively in this paper as pests, have devastating impacts 
on biodiversity, ecosystems, and human health, and cost billions in 
damages and control efforts (Pyšek et al., 2020; Seebens et al., Feb. 
2017; Diagne et al., Apr. 2021; Savary et al., Mar. 2019). Although many 
pests are under regulatory control to prevent introductions and mitigate 
spread, the success of control and eradication efforts often hinges on 
early detection and rapid response (Martinez et al., Jan. 2020). 

Rapid decision-making requires understanding how, where, and 
when pests species will arrive, establish, and spread, meaning that rich 
geospatial data and spatially explicit, temporally dynamic models are 
needed (Jones et al., June 2033). To provide the highest quality forecast 
possible, these models require both historical data about past pest in
vasions and up-to-date information about where pest species are being 
observed. 

Pest observation and distribution data for these forecasting models 

commonly come from field observations, official reports, and genetic 
records consolidated through published literature and databases, 
collectively referred to in this paper as official records (Meentemeyer, 
Walden-Schreiner, Saffer, & Jones, 2021). While vital, these data can 
suffer from latency and spatial and temporal sparseness, due to the cost 
of collecting and collating these data at scale. Delays exist between 
species establishment and reporting in official datasets or peer-reviewed 
literature (Seebens et al., Feb. 2017; Seebens et al., 2015) and consoli
dation at the global scale by Plant Protection Organizations and scien
tific institutions introduces additional delays or incomplete data 
(Latombe et al., Sept. 2017; Latombe et al., 2019). These time lags have 
implications for the predictive capabilities of models and the success of 
control and eradication programs. 

At the same time, there is growing evidence that Web media, such as 
online news and Twitter, could be a valuable source of supplementary 
data to boost coverage and tap into up-to-date information for modeling 
and predicting pest encroachments. Scientific approaches have been 
applied to analyze complex trends and make predictions from various 
social media platforms and other Internet publications to study spatio
temporal phenomena in human (Keller et al., May 2009; Lyon, Nunn, 
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Grossel, & Burgman, 2012; Lee, Kim, & Jang, 2018; Zhang, Ibaraki, & 
Schwartz, 2020) and animal disease epidemiology (Rabatel, Arsevska, & 
Roche,. 2019; Valentin, Lancelot, & Roche, 2021) and the social, natu
ral, and physical sciences (Hawelka et al., May 2014; Sakaki, Okazaki, & 
Matsuo, 2010; Roxburgh et al., Jan. 2019). In fact, ecological re
searchers have codified the use of Web media as a source of indirect 
citizen science-like observations as iEcology. This approach formally 
extends the use of diverse, passively generated online data, like Tweets 
and news, to explore ecological questions (Jarić et al., July 2020). Early 
studies have found that Tweets can be an effective proxy for observa
tions, especially in monitoring well-known invasive species (Hart, Car
penter, Hlustik-Smith, Reed, & Goodenough, 2018; Daume & Galaz, 
Mar. 2016). Similarly, Mammola et al., 2022 found that the timing and 
locations of news articles mentioning selected spiders matched the 
studied species’ seasonal patterns of emergence and movement (Mam
mola et al., Dec. 2022). While less precise than direct measurement, 
timing and volume of Tweets and news explicitly mentioning a pest may 
provide a basis for establishing probabilistic timelines of presence in 
locations less represented in official records. 

Given the proliferation of news aggregators constantly collecting 
worldwide data, online news offers potential for broad spatial coverage 
of both recent historical and breaking events. The uniform and 
information-dense format of Twitter posts (“Tweet”), proximity to 
firsthand observations, and the service’s Application Programming 
Interface (API) access to raw data, also make it a likely data source for 
understanding both global and local trends. Though pursuing these data 
sources appears promising, the abundance, spatiotemporal coverage, 
and unstructured format of this data present unique challenges and 
opportunities. We explore these challenges and opportunities through 
two pest case studies (described in Figs. 1 and 2). We document our 
process along the way to detail specific hurdles and present a cost- 
benefit analysis describing the mechanics and potential of three online 

media aggregators for pest detection. We evaluate the results to address 
four research questions:  

1. How do results from different news aggregators (GDELT, Google 
News, Brandwatch) compare in volume and article selection?  

2. How do results from different sources (news, Twitter) compare in 
volume and timing?  

3. To what extent do the timing and volume of media posts describe the 
real-world movement of emerging invasive pests at the local (i.e., 
county to county) and global scales (i.e., country to country)?  

4. What type of content useful for documenting historic and ongoing 
pest invasions appears in posts, and how does it differ across sources 
and pests? 

Our goal is twofold: (1) to describe the potential for multiple Web 
media sources to provide content valuable to documenting pest spread, 
and (2) to help others who seek to track pests through Web media 
overcome the methodological hurdles associated with using text data 
from news and social media. Surveillance is key to tracking and con
trolling the devastating effects of pest invasions, making tapping into 
these novel data sources an important priority. 

2. Method 

While several API services provide searchable real-time news and 
media, past data (i.e., data more than a week old) typically have limited 
query options or are accessible only through fee-for-service platforms. 
We tested two low cost aggregators (GDELT and Google News) and one 
paid subscription service (Brandwatch) for collecting historical online 
news and Twitter data. Our methods are structured to address our 
research questions, following the workflow in Fig. 3. With the resulting 
posts, we compared the volume and timing across sources and aggre
gators, mapped locational data against official records, and character
ized their text content. 

Fig. 1. Local-scale case study pest. The Spotted Lanternfly (Lycorma deli
catula) is an insect pest native to China and Southeast Asia first found in the 
United States (US) in 2014 (cabi, 2022; Barringer et al., June 2015). In the years 
following its appearance in Berks County in southeastern Pennsylvania in 
September of 2014, Spotted Lanternfly has spread through much of Pennsyl
vania and into neighboring states. This pest travels predominantly as a 
“hitchhiker” on human movement of vehicles, stones, wood, and other items. 
Several sightings of the pest in states far from the original outbreak also suggest 
long-distance dispersal events (USDA APHIS 2022). The Spotted Lanternfly 
causes damage to several economically important crops (e.g., grapes, apples, 
cherries, and hops) and wood-producing trees (e.g., maples, oaks, poplars, 
walnuts, and willows). As a result, extensive management efforts have been 
enacted to prevent further spread and reduce existing populations of Spotted 
Lanternfly in the US (Jones et al., June 2033). Photo ©Rhododendrites - CC BY- 
SA 4.0. Inset: Spotted Lanternfly icon. 

Fig. 2. Global-scale case study pest. Tuta absoluta (recently renamed 
Phthorimaea absoluta) is a moth and destructive tomato pest native to South 
America. The pest feeds on leaves and infests tomato fruits, dramatically 
reducing crop yields (Desneux et al., Aug. 2010). Upon arriving to Europe (first 
observed in Spain in 2006), Tuta absoluta spread throughout the Afro-Eurasian 
landmass and was reported in Morocco in 2008, South Africa in 2016, and India 
in 2017 (Biondi et al., 2018; Desneux et al., Aug. 2010; Mansour et al., Dec. 
2018). Recent reports place Tuta absoluta in Eastern Europe and China (eppo, 
2020). Tuta absoluta is now considered a major threat to tomato production at 
risk of reaching global distribution as it continues to spread through both trade 
and natural dispersal. Photo ©Patrick Clement/via Wikipedia - CC BY 2.0. Inset: 
Tuta absoluta icon. 
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Fig. 3. Overview of our study design.  
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2.1. Aggregators and retrieval 

We used GDELT, Google News, and Brandwatch to collect one year of 
Pennsylvania news about the Spotted Lanternfly. We also used Brand
watch to collect news and Twitter about Spotted Lanternfly from any
where in the world, for 10 years, the maximum timespan available under 
our license. For Tuta absoluta, we used Google News to collect 10 years 
of news, and Brandwatch to collect 10 years of news and Twitter posts, 
both globally. Supplementary Table1 summarizes our collection. 

Within each source, we used Boolean queries to search for posts 
containing the pest’s full scientific name and multi-language common 
names, provided by the Mediterranean Plant Protection Organization 
Global Database (EPPO-GD). This included 10 terms in English and 
French for Spotted Lanternfly and 27 terms in English, Dutch, Danish, 
German, Italian, Norwegian, Portuguese, Russian, Spanish, and Swedish 
for Tuta absoluta (see Supplementary Table2 for the full list of terms). 
For each result, we recorded the URL, title, and additional data, as 
described below. 

2.1.1. Collecting news with GDELT 
The Global Database of Events, Language, and Tone Project (GDELT) 

provides low-cost coverage of Web news from nearly every country in 
the world, collected every 15 min. GDELT also codes a set of events as a 
Global Knowledge Graph (GKG) and monitors broadcast news and on
line news images in addition to the text in news articles. Aspects of this 
data are curated in several databases and can be retrieved in different 
ways, depending on the target timespan. Current articles (from the past 
15 min) can be downloaded directly from the GDELT website, a free API 
can be used to download recent data (from the last 7 days), and Google 
BigQuery can be used to filter past articles temporally, geographically, 
and based on attributes specified in the GKG Codebook (GKG, 2022). 
GDELT’s original focus on geopolitical events meant that we were only 
able to take advantage of spatial and temporal filtering at the time of 
extraction. We used Google BigQuery to extract our dataset from the 
GDELT 2.0 Event database. 

The Spotted Lanternfly infestation was first reported in 2014 in Berks 
County, Pennsylvania, and by September 2018 had spread to 13 other 
Pennsylvania counties and had begun to make its way into neighboring 
states, New Jersey and Virginia. Since the epicenter of the Spotted 
Lanternfly outbreak was in Pennsylvania during 2017, we used a SQL 
query in Google BigQuery (See Supplementary Table2) to return URLs 
for all the 2017 news articles coded to Pennsylvania. We scraped the 
title, content, and publication date of each of these articles from the web 
using a Scala language implementation of the Goose article extractor 
and a key term search to select articles that mention the Spotted 
Lanternfly. 

Querying URLs rather than article full text would reduce time and 
costs, as it avoids acquiring and processing the article content prior to 
determining if it is relevant. However, this approach risks missing arti
cles that do not include relevant terms in the URL. To determine the hit 
rate with each approach, we tested pattern matching based solely on the 
URLs (from GDELT and the other two sources, to increase the sample), 
using regular expressions composed of the species names (listed in 
Supplementary Table2), as well as general terms (“pests” and “invasive 
species”) translated to the languages included in the original query. 

2.1.2. Collecting news with Google’s News search 
Our GDELT approach was suitable for a geographically and tempo

rally limited pest, but not for the multi-continental spread of Tuta 
absoluta. We therefore explored Google keyword searches as a cost- 
effective alternative to quickly survey articles worldwide. Though 
Google search offers a paid API service, we opted for a free semi- 
automated approach. We searched Google for each query term, 
selected “News”, set a custom 10-year date range, manually downloaded 
the results, and used Python to scrape the pages for the URL, publisher, 
title in the original language, and a short description of each article 

(~150 characters). We used the GoogleTrans Python package to identify 
language and translate the title to English. We assigned a country using 
the publisher’s location based on the country code domain in the URL, 
where possible. To prototype an environment for human-in-the-loop 
classification of emerging pest events from news, we built an interac
tive tool with HTML, Javascript, Leaflet, and MapBox to display the 
count by country overlaid with per country GeoJSON choropleth of crop 
acreages from the United Nations Food and Agriculture Organization 
(FAO). We also queried Google for Spotted Lanternfly news in the United 
States in 2017 to compare the results obtained from different news 
aggregators. 

2.1.3. Collecting news and social media with Brandwatch 
To gather more data to study our questions and compare low-cost 

news aggregators to a proprietary alternative, we used Brandwatch, a 
Web-based subscription service providing access to live and historical 
data from social media and news outlets. Keyword or semantic queries 
can be used to search the databases in selected languages within a time 
range and geographic extent. Brandwatch makes query results available 
for manual or API download, displays the results via configurable vi
sualizations, and offers built-in AI analytic tools. For Twitter, Brand
watch returns Tweet content, the URL, and other metadata. For News, 
Brandwatch returns the URL, a relevant snippet of the article (~350 
characters long), plus other metadata. For both content types, metadata 
may include a publication location determined by Brandwatch based on 
publisher geo-coordinates, profile location, timezone, domain, or geo-IP 
(Brandwatch, 2022). We tested Brandwatch’s “Custom classifier” tool to 
classify text to user-defined categories (discussed in Section 2.4). To 
analyze post volume, all languages were included. For classification, 
posts were filtered to English-language only. 

2.2. Timing across source type 

Though Twitter has received much attention in the academic com
munity, how pest invasions are communicated in informal social media 
posts relative to more formal news media is unknown. The volume of 
pest-related posts from both sources is a potentially valuable metric that 
may indicate concurrent real-world pest events. We first compared news 
and Twitter post volumes over time at multiple geographic scales using 
visual inspection of time-series and Spearman’s rank correlation (rs). 

2.3. Timing of posts versus recorded events 

We compared the timing and locations of posts with real-world 
events using official phytosanitary data describing local (Spotted Lan
ternfly) and global (Tuta absoluta) pest spread. For Spotted Lanternfly 
news from GDELT, we manually extracted place names where pest 
presence or quarantine was described and automated mapping using 
Pennsylvania municipality and county gazetteers. We compared these 
locations to point data of reported observations and field survey results 
from USDA APHIS from 2014–2017, aggregated to the county level (i.e., 
at least one confirmed Spotted Lanternfly observation within a county 
signified presence). 

For the global Tuta absoluta case study, we evaluated an automated 
approach using publicly available phytosanitary data. The EPPO Global 
Database (EPPO-GD) was the most comprehensive source of Tuta 
absoluta reports between several global databases considered (CABI 
Invasive Species Compendium, FAO International Plant Protection 
Convention reports, EPPO Reporting Service) (cabi, 2022; fao, 2022; 
eppo, 2020). From the EPPO-GD Distribution pages, we scraped the 
earliest date that Tuta absoluta was reported present in each country 
(“First report date”). We also scraped the publication date of the earliest 
reference (“Reference date”) as an indicator of when the report was 
made available in the database. We compared the timing of reports and 
references with posts from each country location (i.e., the Tweet loca
tion if provided or Twitter user’s location; the news article or publisher’s 
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location). 
We further explored the state-level places mentioned in posts for 

Nigeria, the country with the most Twitter and news posts and a 
prominent outbreak in 2016. We downloaded all “Present” points for 
“Tuta absoluta (Meyrick, 1917)” from the Global Biodiversity Informa
tion Facility (GBIF) (gbif, 2022). We also extracted the timing of pres
ence by state and year from surveys cited in the EPPO-GD. We compared 
both data sources with yearly state-level post locations and place names 
mentioned in posts. 

2.4. Semantics across pests and source types 

In addition to the volume of posts, we examined conversation con
tent about pests and the variability of the discussions across platforms 
and pests. Machine learning-based text classification is an attractive 
approach for topic labeling to estimate the distribution of content cat
egories (Ikonomakis, Kotsiantis, & Tampakas, 2005). Brandwatch’s 
built-in text classification tool, Brightview (Firat, 2017), provides a 
convenient means of implementing this approach. Brightview has been 
used for comparable matters such as classifying agricultural concerns 
and monitoring conjunctivitis discussions (Ofori & El-Gayar, June 2021; 
Deiner et al., Feb. 2018). 

2.4.1. Category definition 
Supervised text classification requires that topics be determined 

apriori. We identified a set of topics relevant to the invasive pest subject 
matter and present in the post content through a combination of close- 
(detailed manual review to extract relevant themes) and distant-reading 
(generative topic modeling to assign probabilistic topics from text).  

• Close-reading: Human-identified topics. Two authors performed close- 
reading of the Spotted Lanternfly GDELT-extracted news articles 
and identified one to five themes for each article. During a first pass, 
each reader defined and assigned themes. A second pass was used to 
streamline the theme assignments once all the topics had been pro
posed. A similar process was performed on a small random selection 
of the Twitter posts from Brandwatch.  

• Distant-reading: Generative topic modeling. We used Latent Dirichlet 
Allocation (LDA) to generate a set of topics from the Brandwatch- 
extracted Tuta absoluta news and Twitter posts. LDA uses Bayesian 
hierarchical modeling to generate probable topics from word fre
quency (described by stems, or word roots) within each document, 
but ignores word order and the semantic role of words within phrases 
(Blei, Ng, & Jordan, 2003). We ran separate LDA models on news and 
Twitter, limited to posts in English. We modeled 20 topics for each 
source, using a Dirichlet prior alpha parameter of 0.2 to encourage 
the concentration of probability mass in fewer topics per document. 
We then grouped the resulting topics thematically by their rela
tionship to concepts relevant to the study of invasive pests. 

Through discussion between two reviewers, we aligned the themes 
generated with close- and distant-reading into “Cross-pest themes” 
relevant to understanding conversation around the local and global 
spread of invasive pests (Table 1). 

2.4.2. Text classification 
We considered each Cross-pest theme as a category for supervised 

classification of the larger news snippet and Tweet datasets. To facilitate 
consistent coding between reviewers, each category was defined and 
keywords identified (Supplementary Table3). 

To classify data from our two sources and two species, we trained and 
applied separate supervised Brightview models to each: Tuta absoluta 
news, Tuta absoluta Tweets, and Spotted Lanternfly Tweets. We located 
relevant training snippets with keywords. We avoided selecting dupli
cate or overly similar training snippets to sustain diversity and prevent 
overfitting. Only single-topic snippets were accepted for training. We 

developed a training set for each corpus and applied the Brightview 
classification algorithm to the full population of posts for two classifi
cation tasks:  

• Task 1: Classify content across all thematic categories. 
–Per Brandwatch’s guidelines, a single reviewer coded 10–30 
training snippets to each category (Spread/extent, Direct sight
ing, Management/control, Damage/costs, Government action/ 
biosecurity, Public awareness, Research, Funding, Reactions to 
control, Other). If sufficient training snippets were not found for a 
given category, it was excluded for that case study.  

• Task 2: Classify location-information relevant categories 
–To further focus the algorithm on potential pest observations 
and distribution data, we trained the classifier for each species 
with only three categories: Spread/extent, Direct sighting, and 
Other. To represent the diverse content that could appear in 
“Other”, we sampled evenly from each remaining category from 
Task 1. Three reviewers cross-validated the training coding to 
ensure that category definitions were sufficiently delineated. For 
each category, we trained the classifier with 30 snippets with 
agreement across all three reviewers. 

2.4.3. Validation and cross-verification 
To evaluate the algorithm, two reviewers cross-validated a sample of 

each corpus. Before sampling the data, we removed Retweets and 
duplicated content (after stripping URLs). As the Spotted Lanternfly 
corpus was much larger than the Tuta absoluta corpora, we sampled 1% 
of the Spotted Lanternfly posts and 5% of Tuta absoluta posts (307 
Spotted Lanternfly Tweets, 163 Tuta absoluta Tweets, and 190 news 
articles, for each task). Because posts can contain multiple topics, each 
reviewer was allowed to assign up to 2 categories to a post (the 
Brightview classifier, however, assigns only one category per post). We 
calculated inter-reviewer agreement (Krippendorf’s alpha, 
αINTER−REVIEWER) as agreement on either of the two categories selected 
between reviewers (i.e., 2 out of up to 4 reviewer-selected categories 
agreed) for a given post, and algorithm classification accuracy (with 
both αCLASSIFIER and Macro F1 scores). We chose to represent classifi
cation accuracy with the Macro F1-score as it gives equal importance to 
all classes, and therefore better captures performance on rare classes. We 
considered agreement to be a positive match with any of up to four 
reviewer-selected categories. We summarized these metrics for each 
category, task, and case study. 

3. Results 

3.1. Aggregators and retrieval 

3.1.1. Articles and Twitter posts retrieved from aggregators 
Twitter provided the most results, returning 76,764 Tweets 

mentioning Spotted Lanternfly and 17,604 Tweets mentioning Tuta 
absoluta, both over 10 years. Across comparable news queries, Brand
watch provided the greatest number of articles, most notably over the 
larger time period and geographic scope of the Tuta absoluta case study 
(14,601 vs. 477 from Google News for Tuta absoluta and 52 vs. 32 from 
GDELT for Spotted Lanternfly in Pennsylvania in 2017). Brandwatch 
also captured content in more languages (57 vs. 20 for Google News) in 
the global case study. Nearly all (93.6%) news articles returned by 
Brandwatch included a publication location at least at the country scale, 
but few (4.6% for Spotted Lanternfly, 0.4% for Tuta absoluta) included a 
subnational location (e.g., city or state). Country information was less 
complete for posts from Twitter (69.9% for Spotted Lanternfly, 63.8% 
for Tuta absoluta), but included more subnational location data than 
news (41.4% for Spotted Lanternfly, 40.4% for Tuta absoluta). The 
Brandwatch global queries for Tuta absoluta returned news results in 57 
languages from 142 countries and Twitter results in 42 languages from 
131 countries. These results are summarized in Supplementary Table4. 
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Table 1 
Supervised topics constructed through close- and distant-reading approaches. 

Distant reading 
LDA-generated topics (Tuta absoluta)

Twitter: 
tomato destroy scarciti farm return (7.5%)

Cross-pest themes Close reading
Human-identified topics (Spotted lanternfly)

CROP DAMAGE direct discussion of pest impacts on 
agricultural production (Twitter)caus diseas scarciti absoluta (6.5%)

News: 
state kaduna nigeria farm price (7.1%) 
read nigerian juli devast farmer (3.5%)

known scarciti tomato govern nigeria (9.5%)
year tomato price product farm (7.2%)

crop loss caus estim billion (3%)

Damage/cost
(Twitter LDA:14.0%,
News LDA:23.1%)

DAMAGE specific descriptions of types of damage 
caused by the pest (News)

loss huge farmer pest market (2.3%)

Twitter:
expert feder govern said (5.4%)

tomato import ban due effect (4.6%)
News:

Government action/biosecurity
(Twitter LDA: 10.0%,

News LDA: 9.5%)
GOVERNMENT government actions, rulings, etc. (News)

known scarciti tomato govern nigeria (9.5%)

Twitter: 
can crop farm will need (5.3%)

pest plant crop armyworm african (4.9%) 
life tomato day crop agricultur (3.5%)

tomato almost nigeria harvest someon (3.2%) Public awareness

POTENTIAL NEW LOCATIONS preemptive alerts of 
places the pest may be at risk of appearing (Twitter)

INFORMATIVE general information about the pest 
(Twitter)

News: 
diseas fall pest armyworm food (7.5%)

tomato south import american product (4.5%)
agricultur food outbreak said import (3%)
farmer fall pest armyworm diseas (2.5%)

tomato farmer can per last (4.9%)
Twitter: 

control new use biolog ipm (5.8%)
manag control ipm sustain koppertkenya (4.5%)

(Twitter LDA: 16.9%,
News LDA:22.4%) AG farmer’s meeting or news (News)

EDUCATION opportunity/project to educate the 
community about the pest or pests (News)

CALL TO ACTION direct instructions to act on to control 
or report the pest (Twitter)

control icip loss causwell (4%) Management/Control
(Twitter LDA: 14.3%,

CONTROL control measures that readers can take or 
that are being taken by authorities or farmers (News)

News: 
crop includ field mani develop (3.7%)

manag develop sustain program relat (2.7%) 
use control pest product crop (7.4%)

control use insect lepidoptera meyrick (8.2%)

News LDA:22.0%)

SPECIMEN how to collect and submit pest, if found 
(News)

Twitter: 
eurekamag develop temperatur scrobipalpuloid influenc(5.2%)

lepidoptera gelechiida control timeanabagail (5.1%)
diseas solut expert proffer work (5.0%)

eurekamag effect bacillus thuringiensiberl (4.6%)
develop research call remediabu (4.1%)

nigeria solut grown home (4.0%)

Research
(Twitter LDA: 28.0%,

News LDA: 7.2%)

RESEARCH research initiatives or stories about 
researchers (News)

News: 
crop attack veget pheromon pea (3.3%)

nigeria institut said research import (3.9%)
Twitter:

year last outbreak agric cchukudebelu (5.8%)
south africa first report outbreak (5.7%)

invas manag food spread help (5.4%)

News: 
south american america spread africa (7.9%)

state plant said kano farm (5.7%)
nigeria state say kaduna (2.2%)

Spread/extent
(Twitter LDA: 16.9%,
News LDA: 15.8%)

Reactions to control

SPREAD describing the presence of a pest in a new

EXTENT lists geographic locations which have been 
quarantined or where the pest has been sighted (News 
and Twitter)

COLLATERAL DAMAGE unintentional secondary effects 
and people's reactions to pest control measures 
(Twitter)

Funding FUNDING NEWS money set aside to controlpest
(News and Twitter)

Direct sighting SIGHTING direct, first-person observations of the pest
(Twitter)

GENERAL the pest of interest is mentioned but the
Other content is off-topic, not primarily about pests or pest of 

interest only one of many discussed (News and Twitter)
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We compare the coverage of content across aggregators in Fig. 4, 
which shows the overlap in the URLs, article titles, and web domains 
resulting from each query. In the SLF case study, the results from each 
aggregator were largely mutually exclusive. There was no overlap be
tween the URLs returned from GDELT and Google News, despite both 
being news aggregators managed by Google, while GDELT and Brand
watch provided 5 of the same URLs (out of 79 unique URLs, 6.33%). We 
also compared article titles, as news outlets may repeat articles with 
distinct URLs or republish same-titled articles from other sources. There 
were fewer distinct titles than URLs in both case studies (96.23% for SLF, 
71.88% for Tuta absoluta). While URLs point to specific articles, do
mains refer to the article’s outlet or publisher, describing the population 
of sites curated by each aggregator. For Spotted Lanternfly, the domains 
were still predominantly (86.75%) mutually exclusive. For Tuta abso
luta, Brandwatch captured the majority (79.3%) of domains included by 
Google News, along with 15.4 times as many additional domains not 
captured in Google News. 

3.1.2. Filtering by URL and by content 
The full queries for the three aggregators relied on searching the 

article contents for regular expression matches. When the same queries 
were applied to only the URLs and not the article contents, fewer articles 
were matched, though coverage varied between the two case studies and 
across the aggregators. 

Results are shown in Fig. 5. For Spotted Lanternfly, species name 
terms were matched in 48.08% of Brandwatch URLs (25 out of 52), 
47.5% of Google News URLs (38 out of 80), and 53.12% of GDELT URLs 
(17 out of 32). With general terms (“pest” and “invasive species” in 
multiple languages), an additional 9.62% of Brandwatch (5 out of 52), 
7.5% of Google News (6 out of 80) and 6.25% of GDELT (2 out of 32) 
URLs were matched. 

For Tuta absoluta, URL filtering captured significantly fewer articles. 
Species name terms matched 7.47% of Brandwatch URLs (1,090 out of 
14,601), and 18.87% of Google News URLs (90 out of 477). General 
terms matched an additional 7.64% of Brandwatch (1,116 of 14,601) 

and 17.99% of Google News (85 of 477) URLs. 

3.1.3. Pest news explorer 
To engage stakeholders and enable experts to explore articles, we 

created a working prototype for browsing a collection of pest articles 
once they have been identified. The user selects a pest name from the 
drop-down menu to view related articles and an overview of hits on the 
map. Fig. 6 displays Tuta absoluta articles extracted from Google News. 
In the left column, each listing shows the article title and other meta
data. The user can click on a title to open the full article on the Web. The 
bubble map shows article counts by country, with bubble size propor
tional to count. The country colors can be used to display pertinent in
formation. In this example, the choropleth shows harvest acreages for 
tomatoes, a crop vulnerable to Tuta absoluta. The viewer can zoom and 
pan the map. 

3.2. Timing across source type 

Time series graphs and high positive rs values demonstrate correla
tion over time between the volume of news and Twitter posts extracted 
with Brandwatch. We examined this relationship at a global scale over 
10 years and local scale (state-level, Pennsylvania) during 2017 for 
Spotted Lanternfly (Fig. 7a), and at the country scale over 10 years for 
Tuta absoluta (Fig. 7b). Twitter volume about Spotted Lanternfly was 
consistently higher than news, amplifying similar peaks in the data at 
both scales (global SLF rs = 0.93 and PA SLF rs = 0.8). The relationship 
between Tuta absoluta post timing from the two sources was more 
variable. Correlation was high for countries with the highest overall post 
volume, but neither news nor Twitter post volume was consistently 
higher between countries (Fig. 7b). For Tuta absoluta, we further 
explored the geographic distribution and relationship with post volume 
and known pest presence in Fig. 8. Countries with high volumes of posts 
had high correlation between the timing of Twitter and News posts, 
however total post volume and correlation did not depend on whether 
the country had reported the pest as present. 

                    Tuta absoluta news query results 
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10,22310,223
337
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53
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             Spotted Lanternfly news query results
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Fig. 4. Overlap of (a, d) article URLs, (b, e) titles, and (c, f) domains extracted from GDELT, Google News, and Brandwatch for Spotted Lanternfly (a–c) and Tuta 
absoluta (d–f) using the queries described in Supplementary Tables2 and 3. Though comparable queries were used, the returned articles and their domains were 
mostly unique to each aggregator, suggesting differing coverage of both global and local news sources. 
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3.3. Timing of posts versus recorded events 

3.3.1. Spotted Lanternfly 
Of the 32 articles returned by the GDELT 2017 Pennsylvania Spotted 

Lanternfly news query, 18 mentioned locations of Spotted Lanternfly 
events, such as quarantine orders and damage. Location names were 
specified on three administrative levels, state, county, and municipality 
(cities, towns, townships, or boroughs). We mapped these by article, to 
see the progression of mentions, and by month to compare them to 
official records. 

Maps of the 18 articles and their publication dates are shown in 
Fig. 9. The first map is based on the following content in a January 23, 
2017 article: “Union and Robeson townships, as well as the borough of 
Birdsboro, are among the newest municipalities added to Pennsylvania’s 
spotted lanternfly quarantine list. The spotted lanternfly […] has been 
located in 17 Berks County municipalities […], as well as in a number of 
Chester and Montgomery county municipalities.” Newly added munic
ipalities are shown in dark pink (Union, Robenson, and Birdsboro in the 
01/23 map). Municipalities where presence or quarantine is repeated in 
the current article or already mentioned in earlier articles are royal blue 

(Union, Robenson, and Birdsboro in the 02/01 map). Counties are 
marked in pink for new SLF event mentions in that county, as in Berks 
county in the 01/23 map or Bucks in the 02/01 map. Chester county is 
also pink in the 02/01 map because the article newly mentions addi
tional municipalities therein in connection with SLF. Counties with 
previously accumulated events and no newly added municipalities are 
pale blue. Strictly blue maps represent articles that do not add new in
formation to the accumulated mentions. Fig. 9 includes five identical 
winter maps from November and December articles (11/05, 11/08, 11/ 
13, 11/14, and 12/26) in which no municipalities or counties were 
newly mentioned. All mentions were in Pennsylvania, except the final 
article (12/29) mentioned the state of New York and a county in Dela
ware. At the county and state levels, the mapped mentions are contig
uous over time, but not at the municipality level. 

Fig. 10 shows a cumulative monthly county level comparison of 
USDA APHIS Spotted Lanternfly Pennsylvania county presence records 
to the 2017 GDELT news articles. Month 1 shows the APHIS presence 
records accumulated from 2014 through the first month of 2017 and any 
January 2017 news article mentions. At this point, Bucks, Lehigh, and 
Northampton counties have APHIS records but no news mentions, while 

Fig. 5. Comparing the article URL regular expression matches to article content regular expression matches. Color bar length indicates the percentage of articles 
matched by querying only the article URL for species-specific and general pest terms, for each species and aggregator considered. The full bar (i.e., 100%) represents 
articles matched using similar queries of the full article content. 

Fig. 6. Dashboard for pest-related news. Articles are listed on the left. The map overlays article counts on countries colored by tomato crop harvest acreage.  

L.G. Tateosian et al.                                                                                                                                                                                                                            



Computers, Environment and Urban Systems 100 (2023) 101922

9

Berks, Chester, and Montgomery counties appear in both sources. 
Initially, only adjacent county records are added and Luzerne County is 
the first non-adjacent county with a report. At the county level, news 
reports of quarantines generally capture a subset of the APHIS records. 
The only pink county appears in month 10, when the SLF quarantine in 
Delaware County was mentioned in an October 23 article published in 
‘The Intelligencer’, a newspaper from Doylestown, in Montgomery 
County Pennsylvania. In the Jan. 2016–Dec. 2017 APHIS records, the 
first Delaware County record was in Nov. 2017. 

3.3.2. Tuta absoluta 
We extracted 93 dated “First reports” of Tuta absoluta from the 

EPPO-GD, and evaluated the timing of these reports and their references, 
in comparison with news and social media. The EPPO consolidates these 
global reports from multiple primary and secondary sources. Of these 
reports, the earliest referenced source was most often a journal publi
cation (59), followed by other Plant Protection Organizations (PPOs, 
26), and 9 from Internet sources including Facebook groups, pest- 
specific web pages, government websites, and news providers. The 
type of source varied geographically (Fig. 11a). Most first reports (54 of 
93) from all three sources included a dated reference within the same 
year (e.g. “First found in May 2016 on tomato plants”, reference dated 
2016; Fig. 11b). First reference timing ranged from 0–1 years for PPOs, 
0–2 years for Internet sources, and 0–6 years for Journal Publications. 

In many countries (e.g., Senegal, Tanzania, Nigeria), news and 
Twitter posts about Tuta absoluta began shortly after the First report and 
First reference dates in EPPO (Fig. 12a). In other cases (e.g., Nepal, 

India), posts began near the time of the First report but before the First 
dated reference, or before the First report (e.g., Ghana, Mauritius, 
Armenia). We further considered the places mentioned in posts. For 
Nigeria, pattern matching for country and state names returned 1,176 
news and 2,180 Twitter posts, with timing similar to the posts origi
nating from the country. The main country origins of these posts were 
Nigeria, the US, UK, and South Africa (Fig. 12c), though varied by 
source. 

Using place names mentioned in posts and Twitter post locations, we 
further evaluated sub-national temporal data. GBIF included observa
tions of Tuta absoluta in 31 of the 93 countries reported in EPPO-GD, 
58.7% with geo-location. Additionally, periodic EPPO reports provide 
temporal and subnational information (there are 77 reports for the 93 
countries listed). However, neither source contained additional infor
mation about the sub-national spread of Tuta absoluta in Nigeria. We 
therefore extracted observations from the publication cited by EPPO- 
GD: state-level presence data from a 2017–2018 survey (Aigbedion- 
Atalor et al., Dec. 2019) and a 2016 survey (Borisade, Kolawole, Adebo, 
& Uwaidem, 2017) cited in the previous paper. Both referred to Katsina 
State as the location of the first observed occurrence of Tuta absoluta in 
2015. 

Mentions in news and Twitter (Fig. 13a and b) were more spatially 
and temporally consistent with survey locations with Tuta absoluta 
detections than the source of the post (Fig. 13c). State mentions in news 
(a) captured all detected states, which by volume included 81% and 89% 
of state mentions in this source in 2016 and 2017–2018, respectively. An 
additional 16 states and 7 states were mentioned in news in 2016 and 

Fig. 7. Timing of news and Twitter posts acquired with Brandwatch for (a) Spotted Lanternfly and (b) Tuta absoluta. In (a), plots are shown for the global multi-year 
query (top) and for Pennsylvania, USA in 2017 (bottom). In (b), plots are shown for the four countries with the highest overall post volume. 
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2017–2018, respectively. Twitter mentions (b) captured 6 of 7 detected 
states in 2016 and 5 of 9 in 2017–2018 (93% and 78% of state mentions 
by volume, respectively) and mentioned an additional 8 and 3 states. 
Twitter posts (c) in 2016 had sources in 6 of 7 detected states, but also 
from an additional 26 states, with only 8% of posts coming from states 
with detections. Twitter post sources in 2017–2018 included 8 of 9 
detected states, which included 68% of the post volume, with posts from 
9 additional states. None of the three means (a, b, c) captured the first 
observed location in 2015, although 3 additional states were mentioned 
in news, 1 in Twitter, and Tweets came from 9 states during that year. 

3.4. Semantics across pests and source type 

3.4.1. Category definition 
Close-reading of Spotted Lanternfly news and Twitter posts resulted 

in 17 topics. The number of topics identified within an article by the two 
reviewers ranged from 1 to 6 (median  = 3 topics per article). The LDA- 
generated topics (40 across both sources for Tuta absoluta) were 
manually grouped based on thematic similarities. Both sets of topics 
were then aligned and labeled, producing 10 themes spanning both case 
studies (“Cross-pest themes” in Table 1). 

3.4.2. Text classification and validation 
The detailed classification results by category for Task 1 (T1) and 

Task 2 (T2) are shown in Supplementary Fig.2. Categories with insuf
ficient training snippets available were excluded (T1: “Government ac
tion/biosecurity” for Spotted Lanternfly Twitter, “Funding” for both 
Tuta absoluta sources, “Other” for Tuta absoluta news; T2: “Direct 
sighting” for Tuta absoluta news). 

Discussion of crop loss (Damage/cost) was classified as more prev
alent in conversations around Tuta absoluta than Spotted Lanternfly, 
while Public awareness was a dominant theme for Spotted Lanternfly. 
More Twitter posts were classified as “Other” for Spotted Lanternfly than 
for Tuta absoluta (17.7% vs. 5.6%). Classification volume was low (less 
than 10%) for “Funding”, “Government action/biosecurity”, and “Re
actions to control”. 

In T2, “Other” included the majority of posts, previously captured 
across other thematic categories. The algorithm assigned more posts to 
locational categories (“Spread/extent” and “Direct sighting”) for Tuta 
absoluta (42.3–57.4%) than Spotted Lanternfly (23.8%). 

To validate the algorithm, we calculated agreement and accuracy 
statistics αINTER−REVIEWER, αCLASSIFIER, and Macro F1DIFF (see Table 2). 
For αINTER−REVIEWER and αCLASSIFIER, a value of one indicates perfect 
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reliability, zero indicates absence of reliability, and values less than zero 
indicate systematic disagreement. Since the number of classes varied 
from 2 to 9, we calculated Macro F1DIFF as the difference between the 
actual validation Macro F1 and the Macro F1 score expected at random, 
given the number of classes (F1ACT - F1RAND = Macro F1DIFF). 

While not directly comparable across tasks, we provide the summary 
of classification metrics in Table 2. Classification accuracy derived from 
the validation sample was low across both tasks and case studies, with 
some variability by task and metric (F1ACT = 0.49–0.78, Macro F1DIFF =

0.26–0.38, αCLASSIFIER = 0.41–0.56). In Fig. 14, the F1 scores describe 
the performance on each category, and the error bars indicate category 
over- and under-prediction by the algorithm, according to the reviewers. 
For instance, in T2 many Tuta absoluta Twitter posts classified as “Direct 
sighting” were coded as “Other” by reviewers, while for Spotted Lan
ternfly, many posts classified as “Other” were coded “Direct sighting” or 
“Spread/extent” by reviewers. 

4. Discussion 

The goal of this study is to examine news and Twitter for their pest- 
monitoring potential and to provide practical guidance about gathering 
this type of online data. Our results show that both news and Twitter 

contain large volumes of pest-related data and our samples contain 
timely useful information about Spotted Lanternfly at the local extent 
and Tuta absoluta at the global extent. The discussion includes lessons 
about data retrieval and evaluation of our research questions. 

4.1. Aggregators and retrieval 

In our case studies, all three aggregators (GDELT, Google News, 
Brandwatch) proved viable for accessing historical news and in the case 
of Brandwatch, for accessing historical Twitter posts. Sources differed in 
cost and effort to acquire data and in the volume of results returned. We 
share our general observations about working with each aggregator in 
Table 3. 

For news, Brandwatch produced more results for comparable 
queries, and required less data retrieval and post-processing effort. The 
service also provides useful attributes like location and language that 
must otherwise be derived. This ease-of-use is a trade-off with the cost to 
access data and the limited historical time period of data provided under 
most licenses. Google News was simpler to search and download than 
GDELT, but our process included some manual effort to conduct the 
searches and prepare the returned results for extraction. GDELT data 
extraction effort could be reduced substantially by querying URLs rather 

Fig. 9. Counties and municipalities in southeastern Pennsylvania mapped by mentions in the 2017 Spotted Lanternfly (SLF) news article collection from GDELT. 
Each map pertains to one article published on the date shown. Counties turn pink if they are newly mentioned or if a contained municipality is newly mentioned. 
Counties are blue if they are previously mentioned and contain no newly mentioned municipalities. Municipalities are dark pink if they are newly mentioned in this 
corpus and then dark blue in subsequent maps. 
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than full article text, but with an expected 41–85% reduction in hits. 
Google News does not provide geographic filtering at the level of US 
states, so we were unable to directly compare the US Google News 
article count to the GDELT article count (restricted to Pennsylvania). 

There is little documentation of how each aggregator samples global 
historical news. Brandwatch does not disclose details about the sites 
included. GDELT and Google News, though both managed by Google, 
provided entirely distinct article results for Spotted Lanternfly, and 
sampled from just three common domains (out of 62 unique domains 

between the two aggregators). Though GDELT, Google News, and 
Brandwatch yielded largely distinct results, the quantity of articles 
across the aggregators was comparable for Spotted Lanternfly. The 
dramatic differences in the volume of posts returned from Brandwatch 
and Google News for the global 10-year Tuta absoluta query (14,601 
from Brandwatch, 477 from Google News) suggest that Google News 
results are pre-filtered to reduce the total count (i.e., eliminating similar 
articles from the returned search results). While useful to a reader, result 
counts from Google News may therefore be less appropriate for 

Fig. 10. Cumulative monthly Spotted Lanternfly maps of 2014–2017 official records and 2017 GDELT news mentions with data aggregated to the county level. Blue 
counties have accumulated at least one record by USDA APHIS only. Yellow counties have accumulated both APHIS records and GDELT article mentions, and pink 
counties have only GDELT article mentions. 

Fig. 11. Source of Earliest Reference for countries with Tuta absoluta reports documented in the EPPO-GD. The map (a) shows the source type of the earliest 
reference provided for that country. If the reference was dated, (b) shows the difference in timing between the First report date and the publication date of the earliest 
reference. Supplementary Fig.1 displays this timing geographically. 
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describing trends in space and time. 
Some of the difference in articles returned may also be attributed to 

how location is defined within the query for each service. With GDELT, 
Pennsylvania was the “Actor1” (entity performing an action within a 
news event), whereas with Google News, the location used to filter 
(United States) likely describes the source of the post. Brandwatch 
similarly classifies location as the publisher’s location. The approach 
taken by GDELT, however, may provide information that is more useful 
to answering questions about where a pest has been observed and 
describing its spread, with less post-processing of text. 

To distinguish unique articles, we relied on URL and article title. 
However, two distinct URLs may lead to the same article and distinct 
titles may be applied to the same content by different news media sites 
(Lyon et al. 2012). Furthermore, additional articles do not necessarily 
provide new information. For example, when reading the 32 GDELT SLF 
articles, we noticed that a 02/01/2017 article from a Croatian online 
news outlet and a 02/03/2017 article from lancasterfarming.com con
tained some unique content and different wording. However, both ar
ticles mentioned the same three Pennsylvania townships being added to 
the quarantine (as shown by the blue-only 02/03 map in Fig. 9). 

Twitter presents several advantages over news in terms of acquisition 
and processing. Overall, similar queries returned many more Tweets 

than news articles. The recent (November 2021) Academic Research 
Twitter API introduces a low cost alternative to subscription aggregators 
that provides broad coverage for researchers. Additionally, the short, 
content-dense text segments in Tweets can present a focused overview of 
“important” news. With less extraneous information, the topic and 
relevance of a post may be easier to assess automatically. 

As a data source, Twitter also has specific limitations. The short post 
length may exclude context useful to classification and other down
stream tasks. In attributing content location, a post geo-tag or the post 
author’s location is typically used, though these were infrequently 
provided. Aggregation services like Brandwatch further infer location 
from user behavior and other context. Location may also need to be 
traced through a chain of posts. For example, a reply identifying an 
image as “Tuta absoluta” may come from a different location than the 
original post. Further, the Twitter platform is subject to variable regu
lation (several countries including China and Iran have long-term bans 
on Twitter, and others including Egypt, Turkey and Nigeria have had 
short-term bans) and future changes to data sharing policies could 
impact continuity. 

Fig. 12. Comparing the First report (red vertical lines) and First reference (caret; color  = Source Type) with the timing of Twitter and news posts about Tuta absoluta 
(cumulative counts). (a) Shows countries with First reports during the study period (2011 – 2022). In (b) news and Twitter posts from Nigeria (post origin location in 
Nigeria) and posts about Nigeria (post mentions Nigeria or a state in Nigeria from all post origins) are shown. For posts about Nigeria, (c) presents the 10 most 
common country origins. 
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4.2. Timing across source type 

In our case studies, Twitter post volumes largely mirrored news 
volumes in areas of high conversation (e.g., at the epicenters of major 
outbreaks, in locations like the United States with high overall post 
volume). For Spotted Lanternfly, this trend was consistent at both the 
global and local (state-level) scales. For Tuta absoluta, correlation was 
variable across countries and many were represented in only one of the 
two sources (27 countries with only news, 22 countries with only 
Tweets). Future studies should consider multiple sources and carefully 
select the type of media used based on known usage and relative vol
umes, as well as the information content of posts (topics discussed, 
places mentioned). 

4.3. Timing of posts versus recorded events 

Activity on both platforms paralleled real world events. Spotted 
Lanternfly activity followed the seasonal pest cycle, with the largest 
peaks of Twitter and news activity in the summer through fall months. 
Tuta absoluta posts coincided with global pest spread, according to the 
first reports consolidated by the EPPO. In cases where posts predate 
reports or their references, the potential for earlier access to global first 
reports should be further evaluated. 

Posts provided valuable geographic information documenting pest 
spread in both case studies. By manually extracting the Spotted Lan
ternfly event location names mapped in Fig. 9, we illustrated the po
tential of news articles to map the progress of a pest encroachment and 
management efforts to control spread. The county appearing in the news 
prior to the APHIS data (Delaware County, pink in Fig. 10) demonstrates 
that if modelers are only using official records to model the spread, they 
would miss presence in this location. While information about current 
quarantine restrictions is readily available, dated historical quarantine 
records (e.g., when the quarantines started) may not be easily accessible 
to modelers. Maps like Fig. 9 generated from news articles can provide a 
finer record to examine the efficacy of past control actions. 

Automated extraction can also offer continuous access to time- 
sensitive pest information for years and places where survey data is 
not available. For Tuta absoluta, news and Twitter aligned with 
observed pest locations before their publication in scientific sources, 
while the origin of Twitter posts provided more diffuse information. 
States mentioned in news matched all 2016 and 2017–2018 survey 
observations (information later published in 2017 and 2019, respec
tively). Other locations mentioned in news could describe continued 
pest presence between survey years (e.g., Gombe state from 2016 to 
2017/2018 in Fig. 13) or places where scientific observations are not 
available or feasible. Further, place mention volumes may reflect the 
intensity of the invasion. For example, Kano and Kaduna were the most 
mentioned states in both news and Tweets in 2016 (Fig. 13b), matching 
the impactful outbreaks in these states (a state of emergency was 
declared in the tomato sector in Kaduna state and over 2 billion Nigerian 

Fig. 13. Comparing subnational pest observations in Nigeria with news and Twitter posts, at the state and year scale. Blue outlines show where Tuta absoluta was 
observed in 2016 (Borisade et al., Aug. 2017) and 2017–2018 (Aigbedion-Atalor et al., Dec. 2019) surveys and the 2015 first observation. Color fill shows the density 
of states mentioned in news posts (a), Twitter posts (b) and the state origin of Twitter posts (c) for years 2015–2020, scaled across years. Labeled states highlight key 
events and the need for place-name disambiguation, referenced in the Discussion. 

Table 2 
Agreement and accuracy statistics calculated for the multi-category classifica
tion with n classes (9, 8, 3, or 2) for Tasks 1 and 2 for the two case studies.  

Spotted Lanternfly: Twitter  

Task 1 (n ¼ 9) Task 2 (n ¼ 3) 

αINTER−REVIEWER 0.95 0.93 
αCLASSIFIER 0.41 0.43 
Macro F1DIFF 0.49–0.11  = 0.38 0.62–0.33  = 0.29    

Tuta absoluta: Twitter  
Task 1 (n ¼ 9) Task 2 (n ¼ 3) 

αINTER−REVIEWER 0.99 0.92 
αCLASSIFIER 0.45 0.41 
Macro F1DIFF 0.47–0.11  = 0.36 0.59–0.33  = 0.26    

Tuta absoluta: News  
Task 1 (n ¼ 8) Task 2 (n ¼ 2) 

αINTER−REVIEWER 0.90 0.93 
αCLASSIFIER 0.46 0.56 
Macro F1DIFF 0.52–0.20  = 0.32 0.78–0.5  = 0.28  
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“In Northern Nigeria, more than 80% losses in #tomato yield
were recorded in 2016, due to the tomato leafminer, Tuta
absoluta.”
“@--How about the spotted lantern flies? They have done 
extreme damage in our area of PA!”

“5/ The ministry of Agric& Rural Dev is currently working with 
Agronet, representatives of Russell, UK experts in Tuta
Absoluta containment.”

“#Tomato leaf miner: Export from infested areas in #Botswana 
(#Boteti, #Chobe, North East, North West) stopped”

“faosfsafrica: "Tuta Absoluta is not a new pest, it's more than a 
100 years old" go_vegetablesregional director…”

“Still time to sign up for the Spotted Lanternfly webinar series
#badbug”

“Pest control tip: Sticky tape on trees can be used to trap 
spotted lantern fly nymphs. This tape is sold at garden centers 
–or you can just use duct tape, chicken wire, and push pins!” 

“@-- Which is the best brand to deal with Tuta Absoluta
infestation at 70% on Tomato crops already Fruiting?”

“Penn State @-- researchers are wrapping cages around up to 
80 individual grape vines to find out whether farmers should fret 
at the sight of as few as five [spotted lanternflies] or hold off until 
they see 100 or more.“
“Identification of sesquiterpenezingiberene, allelochemical
responsible for the resistance to Tuta absoluta... http://t.co/...”

"India declares the arrival of Tuta absoluta.It poses high risk to 
tomato and Brinjal. http://t.co/..."

“Even sticky traps for #SpottedLanternfly can have negative
consequences. Narrower is better. @--”

“Spotted lanternfly quarantine area grows by 12 counties in
Pennsylvania”

"Pa. gets $17.5M to fight invasive spotted lanternfly 
#spottedlanternfly #usda"

“Our minister of Agricis so clueless on this Tomato Leaf Miner 
Moth! If it were to be @--, he would have intervened.”

“Ugh just found a spotted lantern fly in my car! Killed it with a 
windex bottle. Those things can really hop, I heard it thud against 
the back windshield.”

“@-- @-- That's is not powdery mildew. Those are mines from
a leaf miner either common leaf miner or Tuta absoluta. Try to 
open the mines you will get the insect.”

“Pitching a movie to Netflix. "National Treasure X" wherein 
Nicholas Cage realizes that the treasure location is coded in the 
wings of a specific Spotted Lanternfly. Will he find it in time 
before Philly residents eradicate the winged creatures?”

“Tuta Absoluta! I like the name sounds greek”

Icons created by WEBTECHOPS LLP, Redder Design, Robert 
Bjurshagen, ProSymbols, Vectors Point, zidney, Tom Bedford, 
The Deserve, and Graphic Enginerfrom the Noun Project
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Fig. 14. Classification and validation of pest-related discourse in news and Twitter. Example posts are provided for the topic categories used in the two classification 
tasks.The error bars correspond with the over- and under-prediction by the algorithm for each class based on reviewer validation. 
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Naira was lost to the pest in 2016, reported by the BBC and Punch 
Newspaper). 

Challenges exist in comparing records with finite and imperfectly 
aligned timespans. Fig. 10 uses multiple years of official Spotted Lan
ternfly records to more accurately reflect the official historical knowl
edge of pest presence, but only one year of news. When previous official 
records are not used, the first four months are pink and yellow, as 2017 
APHIS records had Berks County for Jan.-Apr., and Lehigh in March. 
Given only the 2017 frame of reference, GDELT appears to be ahead of 
APHIS during the first four months, likely due to the seasonal nature of 
the pest. 2016 news articles (not studied) may have reported presence in 
the blue (APHIS only) counties. 

For automated approaches, disambiguation is needed to ensure that 
place name matches do not correspond to other words or proper nouns 
and place names are frequently not unique to a single geographic 
location (e.g., references tagged to Niger state in Fig. 13a may refer to 

the country of Niger). Incorporating Named Entity Recognition (NER) 
and geoparsing can improve on this. Further, geoparsing can use context 
to extract hierarchical locational information at various spatial scales. 
For example, the 2017 news post “The tomato pest, Tuta Absoluta, 
which has been ravaging tomato farms in many states since last year has 
resurfaced in Gombe State, resulting in huge losses to the farmers. The 
affected areas are Boltungo and Zambuk in Yamaltu Deba and Garin Faruku 
in Akko local government areas respectively” contains detailed loca
tional information at the city, locality, and state scales (italic). 

4.4. Semantics across pests and source types 

The major pest topics appeared across sources, though refined clas
sification is needed to determine their true distribution and reliably 
separate themes. The categories, keyword terms, and examples identi
fied support future efforts to extract this information from text. 

Table 3 
Overview comparison of our use of news and Twitter aggregators.   

GDELT with Google 
BigQuery 

Google News Brandwatch for News Brandwatch for 
Twitter 

Query options 

Geographic regions 
(specified as ACTORS), 
timespan, and CODES. 

Keywords, timespan; No direct 
geographic filtering. Geographic 
region at the country level, can be 
specified with user settings. A lower 
administrative level can be specified 
as a keyword. 

Keywords, timespan, 
geographic region, and 
language. 

Keywords, timespan, 
geographic region, and 
language. 

CODES limited to ontology 
indexed by developers. No 
custom keyword queries. 

Query output 

Structured data: URL, 
theme, actors (locations), 
additional metadata; no 
title, snippet, or 
summary. 

Web pages within a browser. 

Structured data: 
snippet, URL, location, 
language, and additional 
metadata (e.g., source 
type). 

Structured data: full 
post, URL, location, 
language, additional 
metadata (e.g., user, is 
Retweet). 

Post-processing 

Scrape with Scala; Search 
article contents with 
Python to further filter. 
Many downloaded 
articles discarded. 

Manually download search results; 
Extract basic article information from 
HTML with Python, assuming use of 
basic information as proxy for full 
article. 

N/A, assuming use of 
snippet as proxy for full 
article. 

Remove Retweets, URLs, 
and duplicates. 

Post-processing output 
Title, full article, date of 
publication (plus query 
output). 

URL, publisher, title, language, 
publisher, date, and short 
description of each article. 

N/A. Cleaned query output. 

Cost 

Google BigQuery is a paid 
service ($); Code 
development and time- 
intensive download for 
full-article scrape. 

Free manual access; Code 
development for extracting article 
metadata from download. 

Paid subscription ($$ 
$). Paid subscription ($$$). 

Additional considerations 

Fewer results obtained 
than for comparable 
Brandwatch queries. 

Fewer results obtained than for 
comparable Brandwatch queries. 

Historical timespan 
depends on license (e.g., 
10 years) 

Historical timespan 
depends on license. 

Option to filter by URL 
keywords for efficiency, 
but fewer results. 

No limits to timespan, but pre- 
filtering is opaque (e.g., to reduce 
redundancy, remove inactive links, or 
select articles from a region). 
Searcher location and language 
settings impact results. 

Snippets warehoused 
by Brandwatch (full 
articles may be 
unavailable). 

Old full articles may be 
unavailable.  

Fig. 15. Illustrative word clouds of 90 Spotted Lanternfly “Direct sightings” Tweets. 32 training and 58 verification Tweets were stripped of Spotted Lanternfly terms 
and stopwords and faceted by parts of speech (from left to right: verbs, adverbs, adjectives, nouns, and proper nouns). 
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Additionally, high-value content documenting historical pest spread and 
new immediate observations of pests was found for both case studies 
across the different media sources. 

Comparing semantics from our two case studies, the focus of con
versation (Fig. 14), and the language and tone used to describe similar 
concepts varied by pest species, and location. Researchers can learn new 
keywords and local vernacular through a sub-sample of posts from 
different locations. Fig. 15 illustrates the verbs, adverbs, adjectives, 
nouns, and proper nouns (barring the words for Spotted Lanternflies) in 
90 Spotted Lanternfly “Direct sightings” Tweets. We found many 
Spotted Lanternfly direct sightings using emphatic verbs, such as 
“mashed”, “stomped”, etc., which may reflect popular outreach cam
paigns to manage the pest in northeastern US, while Tuta absoluta was 
popularly referred to as “tomato Ebola” in several countries in Africa. 

Differences between pests have implications for classifying “Direct 
sightings”, possibly due to probability of detection and semantic vari
ability. This category was more frequently coded in Tweets by reviewers 
for Spotted Lanternfly (19%) than Tuta absoluta (4%). More people may 
recognize Spotted Lanternfly by its distinctive red spotted wing-patterns 
than Tuta absoluta, a small brown moth. Another consideration is a 
pest’s presence in agricultural versus residential areas. For example, 
Spotted Lanternfly had frequent sightings in high density urban areas 
(hence key terms like “my car”, “my house”, “my apartment”, “my 
porch”, and “hitching a ride” and nouns like windshield, patio, and 
sidewalk appear the Fig. 15 Tweets), while Tuta absoluta is likely pri
marily observed directly by vegetable growers, who may be fewer and 
potentially less technologically connected. Furthermore, Spotted Lan
ternfly Tweets predominantly came from a single country (91% US, with 
22% from the city of Philadelphia, Pennsylvania) versus multiple 
countries for Tuta absoluta (Nigeria had the highest representation, 28% 
of total Tweet volume). This likely contributes to more variable ways 
each pest is discussed, even within English-language content. 

For news, we saw that single posts may contain useful content on 
multiple topics that may be better classified at a sub-post level. A snippet 
of news discussing agricultural matters may describe spread and damage 
caused by the pest, as well as people’s reactions to provide context about 
the severity of the situation. The following news snippet from our corpus 
includes multiple topics noted in brackets: “A seller, Mr. Y— I— said 
that between April and May, most tomato farmers from Kano and Zaria 
had been complaining of the tuta absoluta pest attacks [Spread/extent]. 
I— said that the same scarcity of fresh tomatoes [Damage/cost] 
occurred within the same period in 2016, and appealed to government 
intervene to save the situation [Reactions to control].” To achieve 
agreement or capture the distribution of topics for complex content 
where human interpretation may be difficult, we suggest involving 
multiple reviewers and using text classifications algorithms that provide 
a multi-topic result. 

The low F1 scores in Fig. 14 may be due, in part, to the multi-topic 
issue. But also, recognized limitations of Brightview mean that classifi
cation accuracy may not be sufficient for uses beyond content explora
tion (Hayes et al., Jan. 2021). This tool presents an ease-of-use tradeoff 
with limited options for fine tuning. Further, though our training data 
sizes followed Brightview guidelines, there is a relationship between 
training dataset size and performance that suggests that additional 
labeled training data could improve classification (Barberá, Boydstun, 
Linn, McMahon, & Nagler,. 2021). Natural Language Processing (NLP) 
approaches for gathering more fine-grained pest event data from news 
and Twitter (such as regular expression matching, NER, geoparsing, and 
translation), can be used in tandem with or in lieu of machine learning 
classification, as researchers have done with human and animal disease 
spread (Valentin et al., Dec. 2021; Rabatel et al., Feb. 2019; Freifeld, 
Mandl, Reis, & Brownstein, 2008). 

5. Conclusions 

The invasion of new insect species has devastating agricultural and 

economic consequences. Low-latency information is vital in the fight 
against invasive pests. Our local- and global-scale case studies showed 
the presence of key information about both species in Tweets and news 
articles. We laid bare the trade-offs of three retrieval mechanisms for 
online news for tracking pests. Subscription costs, query flexibility, 
and computer programming proficiency requirements are the most 
prominent differences. For applications that need abundant context or 
specific metadata, the returned elements (e.g., snippet versus full article, 
post location) will also influence the data retrieval workflow. For long 
historical time periods and large spatial scales, commercial services like 
Brandwatch may become more cost effective than comparable Google 
News and GDELT workflows. Since both news and Twitter contained 
information relevant to pest tracking and post volumes were often 
temporally correlated, use cases should leverage the complementary 
content captured in each. The immediacy of Twitter gives it an edge for 
real-time monitoring applications, but news may more systematically 
track pest events. 

In both case studies, our results indicated that news and Twitter 
activity and content parallel real-world events. We found that online 
news and Tweets included valuable spatial information, doc
umenting both direct sightings and the geographic extent of pests 
at spatial and temporal scales not otherwise publicly available. Past 
media posts with artifacts of pest presence and movement can play a 
vital role in filling gaps where official records are spatially or temporally 
sparse. Incorporating a media volume parameter could be a rapid low- 
cost first step for injecting this data into predictive models. After this, 
text classification and event detection can further refine data extraction. 
The diverse textual content of posts could be used to assess the 
availability and use of management strategies, crop loss, or to 
gauge the success of public awareness campaigns. Moving from 
reactive to proactive real-time monitoring, media may provide early 
indication of emerging pest outbreaks in new locations for human-in- 
the-loop listening systems (e.g., Fig. 6). To battle the accelerating 
threat posed by invasive species, timely extraction and communication 
of pest events from news and social media can provide rapid access to 
data in support of global pest surveillance. 
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Dupo, A. L., Benamú, M. A., et al. (Dec. 2022). An expert-curated global database of 
online newspaper articles on spiders and spider bites. Scientific Data, 9(1), 109. 
https://doi.org/10.1038/s41597-022-01197-6 

Mansour, R., Brévault, T., Chailleux, A., Cherif, A., Grissa-Lebdi, K., Haddi, K., et al. (Dec. 
2018). Occurrence, biology, natural enemies and management of Tuta absoluta in 
Africa. Entomologia Generalis, 38(2), 83–112. https://doi.org/10.1127/entomologia/ 
2018/0749 

Martinez, B., Reaser, J. K., Dehgan, A., Zamft, B., Baisch, D., McCormick, C., et al. (Jan. 
2020). Technology innovation: advancing capacities for the early detection of and 
rapid response to invasive species. Biological Invasions, 22(1), 75–100. https://doi. 
org/10.1007/s10530-019-02146-y 

Meentemeyer, R., Walden-Schreiner, C., Saffer, A., & Jones, C. (2021). Invasive Species. 
In International Encyclopedia of Geography (pp. 1–9). John Wiley & Sons Ltd.. https:// 
doi.org/10.1002/9781118786352.wbieg2004  

Ofori, M., & El-Gayar, O. (June 2021). Drivers and challenges of precision agriculture: A 
social media perspective. Precision Agriculture, 22(3), 1019–1044. https://doi.org/ 
10.1007/s11119-020-09760-0 
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