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Abstract
News articles constitute a valuable resource for opinion mining, as

they contain important perspectives related to the subject matter

they cover. In this paper, we explore how aspect-based sentiment

analysis might help in understanding the public discourse surround-

ing agricultural biotechnologies in Africa. We introduce BioMAISx,

the first English language dataset composed of direct quotes pertain-

ing to agricultural biotechnologies extracted from a curated list of

Africa-based news sources. We have identified and labelled entities

related to key aspects of agricultural biotechnologies, providing

valuable insights into public discourse. This dataset can aid in iden-

tifying challenges, improving public discourse, and monitoring the

perception of agricultural biotechnologies, thus contributing to

informed decision-making.

CCS Concepts
• Computing methodologies → Language resources; • Ap-
plied computing→ Annotation; Anthropology; Agriculture;
• Information systems → Sentiment analysis.
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1 Introduction
Genetically modified (GM) crops are one of the most consequential

and controversial agricultural biotechnologies of the last century.
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Since their emergence in the 1980s, people worldwide have debated

their efficacy and desirability. One debate in particular has gained

significant attention: whether GM crops can address issues of hunger
and poverty in Africa.

A large group of social scientific studies have examined the

impacts of GM crops, and the political debates surrounding their

research and development in Africa [18, 20]. More recently, re-

searchers have begun to focus on the important role that media

play as a key site for sharing information, and also vying for in-

fluence. Here, as elsewhere in the world, the media has become

an important arena: advocates have invested significant funds into

shaping narratives around GM crops [5], while opponents have

also pursued media campaigns to express concerns [17].

The new focus on the role of media has brought a wider diver-

sity of researchers to examine the interplay between the media

and understandings of GM crops. A small group of studies have

begun to shed light on key questions, including how networks

and stakeholders spread and amplify particular messages [1, 4],

how media narratives frame GM crops in terms of favorability and

misinformation [7, 8, 11, 12], as well as measuring public opinion

towards specific gene editing technologies (e.g., CRISPR) [13, 22].

A few social scientific studies of GM crops and media narratives

have used large datasets [11, 12], but few, if any, have employed

Natural Language Processing approaches. Zooming out to the data

sciences, there have been some studies on GM crops, including

whether hedge detection can be used to understand the scientific

framing in debates on GM organisms [3].

Given the documented political and material interests in using

the media to influence GM crop debates, and given that social

scientific studies of GM crops and media narratives have yet to

harness the analytical power of data science tools, there is a need

and opportunity to further investigate media coverage of GM crops

from an interdisciplinary, social and data science lens.

The growing abundance of accessible textual data available from

social media and online news sites has made it possible for re-

searchers to tackle more in-depth questions such as understanding,

measuring, and monitoring the sentiment of users towards certain

topics or events [23].

While the current studies in sentiment analysis primarily focus

on identifying polarities (positive, negative, neutral), comments and

opinions often pertain to a specific target or aspect of interest, and as

such, finer-grained tasks can be envisioned. For example, the media
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coverage of agricultural biotechnologies rarely addresses the field at

large and instead is focused on specific issues such as: the role of GM

crops in addressing food security; economic implications of growing

GM crops (e.g., cost of production, market price, profitability, trade

policies); processes that organizations undertake to develop new

genetically modified crop varieties; ethical issues surrounding GM

crops (e.g., issues of biodiversity, biopiracy, the rights of farmers and

indigenous people); etc. Evenwhen limited to a specific target entity,

the expressed sentiments can be inconsistent between separate

aspects of said entity. For example, consider (1), where the sentiment

towards local rice is mixed. While it’s acknowledged as being more

expensive (which could be perceived negatively), the statement

emphasizes the importance of buying and consuming local rice for

its nutritional value and safety.

(1) “Local rice is more expensive, but we say even if it means buy-
ing half bag, do it. It is better for us to eat a smaller quantity of
nutritious rice than for us to take poisonous shiploads of rice.”

In particular, it has become indispensable to analyse such fine-

grained polarities concerning different aspects to better under-

stand what is being discussed and how. This is crucial given that

the opinions presented in news media articles concerning certain

events/scandals, such as those related to food safety, may have a

significant, enduring influence on public opinion and subsequently

shape policy decisions [14]. Aspect-Based Sentiment Analysis an-

swers these important questions by identifying the aspects of given

target entities and the sentiment expressed for each aspect [16].

As far as we are aware, there is no existing dataset that com-

prehensively covers the topic of agricultural biotechnologies at a

fine-grained level.
1
Additionally, previous research has shown that

certain organizations engage in research misconduct in order to

influence scientific publications, and thus promote their products

seeking regulatory approval
2
[9]. We believe that it is important

not only to be able to identify the sentiment associated with differ-

ent entities related to biotechnologies, but also to establish a link

between a statement’s source and the publishing news outlet. Our

main contributions include:

(1) BioMAISx (Biotechnology: Media, Agriculture, Invest-
ment, (and) Sentiment Excerpts), the first English language
dataset comprised of 1,553 direct quotes annotated for ABSA on
GM crops that is freely available to the research community.
(2) The data presented in this study is part of a larger initiative

in which we aim to harness the tools of social and data science to

deliver unique insights into GM crop development and use
on the African continent. This work consists of three unique

data sets on GM crops related to development, financial support,

and now, media coverage [10].

2 Data and Annotation
2.1 Data Collection
Our corpus is new and contains news articles collected between

January 1, 1997 and March 13, 2023 from the Dow Jones premium

1
Note that a key limitation of existing ABSA corpora lies in the domain that is being

covered (i.e., primarily restaurants and e-commerce reviews). See Chebolu et al. [2] for

a survey on publicly available corpora for ABSA. For an in-depth analysis of different

subtasks and models used for solving the task, see Zhang et al. [25].

2
https://tinyurl.com/gmo-lobbying-war

publication archive using the Factiva Snapshots API.
3
Factiva ag-

gregates non- and for-profit media outlets, as well as government

media. In order to collect only news articles pertaining to agri-

cultural biotechnologies, we implemented a filtering mechanism

that required either the article’s title or body to contain at least

one keyword from a predefined set of representative keywords

(gmos, genetically modified organism, agriculture, gm crop, etc.).
Thus, we collected around 2M news articles, which were subse-

quently filtered to include only articles obtained from a curated list

of Africa-based publishers so that we could focus specifically on

discourse emanating from, and circulating within, the continent.

This resulted in a corpus comprising over 804,000 news articles that

were subsequently segmented into paragraphs.
4

Rather than randomly selecting sentences for annotation, we

chose to focus on quotations, as they are frequently used in news

articles to substantiate claims (thus making them a core element

for persuasive communication). Moreover, attributing quoted state-

ments to their sources not only enhances the credibility, authority,

or nuance of a statement, but also promotes transparency and

accountability for readers by enabling them to identify the cited

sources [6]. There are three types of quotations: direct (enclosed
within quotation marks), indirect (paraphrased) and mixed. In this

paper, we focus on direct quotations, as they are the most traceable

and informative type among the three. For extracting the quotes

for labelling we fine-tune a distilBERT model
5
[19] on the dataset

proposed by Zhang and Liu [26].
6
To focus on quotes related to GM

crops, we enforced a requirement that they must include at least

one keyword from a manually built lexicon related to agricultural

biotechnologies (e.g., crop names, organizations involved in the de-
velopment of GM crops). In this manner, a total of 4,932 quotations

were extracted from 3,862 articles for labelling. The pipeline used

for creating our corpus is presented in Figure 1.

2.2 Annotation Guidelines
2.2.1 Assessment of Extracted Quotes’ Quality. Each instance is

evaluated and assigned one of three labels based on the performance

of the quotation extraction model (cf. Section 2.1): perfect (the
entire quote was accurately extracted from the provided text), good
(at most, the extracted text span is missing two words), and poor
(the model failed to identify more than two words, or completely

missed the quote). For instances where the labels good or poor were

assigned, the annotators were additionally tasked with manually

selecting the quotation span.

2.2.2 Aspect-Based Sentiment. The main purpose of this annota-

tion task is assigning a polarity (positive, neutral, negative, conflict)
to each of the aspect categories (entity-attribute pairs) identified

within the quotation. In the following, we present the complete

3
https://tinyurl.com/FactivaSnapshotsAPI

4
This was achieved by detecting the presence of two consecutive new line characters.

Note that due to the format of the data extracted through the Factiva API, which

includes data from a variety of sources that are not consistently standardized (i.e., it

occasionally contains newline characters that do not correspond to logical line breaks),

some paragraphs may appear unusual.

5
To train the model, we used its HuggingFace PyTorch implementations [24], with

default parameters.

6
The corpus comprises more than 10,000 direct quotations extracted from news articles

that have been manually annotated for quotation extraction and identification of the

corresponding speakers.
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Figure 1: Pipeline for the creation of the BioMAISx corpus.7

Table 1: Examples of annotated quotations in the BioMAISx corpus that reference the entity CROPS.

Aspect Category (Entity # Attribute) Polarity Example

CROPS # FOOD SECURITY positive

“This is to ensure food security and fight malnutrition. Sweet potato vines rich in Vitamin
A will be grown on 108 hectares while vegetables will be planted on the remaining part.”

CROPS # PRODUCTIVITY positive

“I tried the seed on my farm and got 1350kg (13 bags) on one hectare alone. That’s
good yield for cowpea.”

CROPS # SAFETY negative “In South Africa, tobacco kills approximately 44 000 people a year.”

CROPS # ENVIRONMENTAL & ETHICAL CONCERNS negative

“People often immediately think of the health impact that tobacco has, but there is not
enough awareness of how tremendously destructive it is for the environment too, on
land, underwater and in the air.”

CROPS # RESISTANCE positive

“In terms of insect resistance, it is highly resistant to to the pink bollworm complex that is
always ravaging and ripping it and stopping cotton from having high yield. BT cotton is a
saviour to farmers.”

inventory of entities we have considered for the task at hand, along

with their respective definitions:

• CROPS: any specific mention of a crop variety, or GM crops

in general;

• ORGANIZATIONS: stakeholders involved in the development,

approval, distribution, or regulation of GM crops;

• AGRICULTURAL PRACTICES: methods, techniques, or pro-

cesses associated with GM crops;

• TECHNOLOGY: specific technologies or techniques used in the

genetic modification of crops;

• GEOGRAPHIC LOCATIONS: countries or regions where GM

crops are being grown, used, or regulated;

• ENVIRONMENTAL CONDITIONS references to weather, climate,

or other environmental conditions;

• LEGAL ASPECTS & POLITICS: laws, policies, regulations,
government statements, etc.;

• ECONOMIC FACTORS: inflation, import/export, unemploy-

ment, supply and demand, etc.;

• OTHER: entities that cannot be described by using our anno-

tation schema.

The attributes can be assigned one of the following nine labels:

RESISTANCE (ability to resist pests, diseases, and adverse weather

conditions); CONSUMER PERCEPTION; SAFETY (as it relates to hu-

man and animal health); FOOD SECURITY; PRODUCTIVITY (yield or

efficiency); ECONOMIC IMPACT (e.g., operational expenses, market

price, profitability); RESEARCH DEVELOPMENT; ENVIRONMENTAL &

7
Source: newspaper clip art via iStock.com/zager.

ETHICAL CONCERNS; and MISCELLANEOUS (for attributes that do not
fit into any of the previously mentioned categories).

2.3 Manual Annotation
The annotation process was carried out in multiple stages. In the

initial pilot phase, we used 150 quotes to establish our annotation

scheme and guidelines. Following this phase, five annotators
8
at-

tempted to carry out the labelling process on small sets of quotes

and subsequently discussed the results. This process was repeated

over three successive rounds, and it contributed to the refinement of

the annotation guidelines, thereby enhancing task clarity and pro-

moting consistency among annotators. The inter-annotator agree-

ment for a set of 350 quotes in terms of F1-score (a common al-

ternative to Cohen/Fleiss kappa for NER/spans) is 83.7% for the

identification of entity type, 83.3% for the attribute, and 78.2% for

tuples of the form (entity-attribute pair, sentiment).

Following this, we started the primary annotation phase, ulti-

mately resulting in the creation of the final corpus.
9
For the task at

hand, we fully annotate the corpus using the open-source platform

LabelStudio [21]. Given the amount of data to label, the three stu-

dents were assigned distinct subsets of the corpus for annotation.

Following the completion of this phase, the other two annotators

reviewed and corrected the annotated instances. The final corpus

8
Three students and two of the authors of this paper.

9
The corpus containing all the annotated instances, as well as the annotation guidelines,

are made available to the research community at: https://github.com/uchicago-dsi/

BioMAISx/tree/main.
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Table 2: Statistics for the aspect categories present in the BioMAISx corpus.

CROPS ORGANIZATIONS AGRICULTURAL PRACTICES TECHNOLOGY GEOGRAPHIC LOCATIONS ENVIRONMENTAL CONDITIONS LEGAL ASPECTS & POLITICS ECONOMIC FACTORS OTHER

RESISTANCE 190 - 19 25 3 5 - - 3

CONSUMER PERCEPTION 172 12 5 8 - - 7 - 9

SAFETY 86 13 9 8 12 10 12 - 3

FOOD SECURITY 152 28 14 4 27 22 28 30 10

PRODUCTIVITY 492 72 68 87 104 188 55 31 43

ECONOMIC IMPACT 543 163 60 54 40 55 120 331 71

RESEARCH DEVELOPMENT 11 22 - 8 - - 3 - 9

ENVIRONMENTAL & ETHICAL CONCERNS 57 86 20 9 14 24 20 15 28

MISCELLANEOUS 89 28 13 9 5 1 13 13 20

exclusively comprises instances where consensus was reached be-

tween two annotators, totalling 1,553 quotes (including 3,796 sen-

tences) with 4,020 aspect categories. Table 1 presents examples of

the annotation of various aspects within quotations that reference

the entity CROPS.

2.4 Quantitative Results
For evaluating the quotation extractionmodel, we rely on two differ-

ent metrics: exact match and an overlap metric [15]. The annotation

procedure revealed that the quotation extraction model perfectly

identified quotes in 11.2% of the cases (181 instances) and exhibited

good performance in 82.6 % of the cases (1,333 instances).
10

Table 2 presents the number of annotated instances per aspect

category in the BioMAISx corpus. The table highlights the scarcity

of data for certain entities, such as AGRICULTURAL PRACTICES and

TECHNOLOGY. In contrast, CROPS frequently appear in quoted state-

ments, though less often in the context of RESEARCH DEVELOPMENT.
Regarding the polarity distribution, 41% of the aspect categories

were labelled as positive, 37.6% as negative, 19.6% as neutral, and

only 1.6% were annotated as conflict (i.e., expressing both positive

and negative sentiments towards the same aspect categories).
11

A closer examination of these results revealed that the entity

TECHNOLOGY was discussed positively in 58.6% of the cases, while

ENVIRONMENTAL CONDITIONS exhibited an overwhelmingly neg-

ative sentiment (80.8% of the cases). ORGANIZATIONS had slightly

more positive instances than negative ones (47.3% and 30.9%, respec-

tively), however, when focusing on the ENVIRONMENTAL & ETHICAL
CONCERNS aspect, the sentiment was predominantly negative (60.7%

of the cases). These initial results provide valuable insights into

public discourse surrounding agricultural biotechnologies.

3 Conclusion and Perspectives
In this paper, we have presented BioMAISx, the first English lan-

guage corpus pertaining to agricultural biotechnologies annotated

for ABSA. The corpus comprises 1,553 direct quotes extracted from

a curated list of Africa-based news media publications. A model

trained on this dataset, in conjunction with quotation attribution,

could help to establish and analyse a comprehensive network of

media representations of agricultural biotechnologies in Africa.

Such an analysis would allow one to explore connections between

particular news outlets and quoted sources, as well as examine the

sentiment conveyed within these quoted statements. When collect-

ing the data, in addition to the English subset used in this study, we

10
60 instances were annotated only for the quotation task making the denominator

for these percentages 1,613.

11
Detailed polarity statistics with respect to each aspect category are provided in the

GitHub repository.

also acquired news articles written in French and Arabic. As a re-

sult, our future work involves expanding the corpus to incorporate

annotations in these languages.

4 Ethics Statement
This dataset consists of annotations of media articles collected and

delivered by Factiva, a for-profit global news search engine hosted

by Dow Jones. Factiva aggregates non- and for- profit, as well as

government media outlets. Our team of topic experts compiled

a list of keywords related to agricultural biotechnologies, which

we then used to query the Factiva database. We also queried their

database based on keywords appearing in the articles or the arti-

cles being tagged with relevant industry codes. This allowed us

to use an expansive definition of “biotechnology”, rather than rely

on definitions provided by Factiva. We analysed roughly 2 million

articles that matched our search criteria and timeframe. Our an-
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subject to an institutional review board.
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