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Abstract

Digital academic platforms increasingly shape how researchers share ideas, communicate results, and sustain
collaborations. However, computational studies of scientific discourse remain concentrated on high-resource languages
and Western contexts, leaving emerging research communities underexplored. This study investigates sentiment analysis
in digital scientific communications produced in the Democratic Republic of the Congo. We collected 26,480 raw texts
from Google Scholar, ResearchGate, LinkedIn, X, and public WhatsApp research groups. Because manual annotation was
not feasible at this scale, we used a weak-supervision strategy to generate sentiment labels and retained a high-
confidence subset of 747 samples for model training and evaluation. This subset should be understood as an initial
benchmark rather than a fully representative sample of Congolese scientific discourse. The retained corpus is
predominantly French (95%), with limited Swabhili and Lingala content. We evaluated term frequency-inverse document
frequency with logistic regression, convolutional neural networks, long short-term memory networks, and transformer-
based models, while also incorporating a contextual uncertainty signal to improve prediction interpretability. Among the
evaluated approaches, BERT (bidirectional encoder representations from transformers) achieved the best overall
performance, with a Matthews correlation coefficient of 0.831 and a Macro-F1 score of 0.605, outperforming the classical
and neural baselines. These findings indicate that transformer-based models are promising for sentiment analysis in
French-dominant Congolese scientific communication, while the moderate Macro-F1 score and limited multilingual
coverage highlight the need for larger, more balanced, and externally validated datasets.

Categories: Al applications, Data Mining, Natural Language Processing (NLP)

Keywords: weak supervision, transformers, uncertainty estimation, scientific communication, african nlp

Introduction

Digital technologies have significantly reshaped scientific communication. What was once dominated by one-to-one
exchanges, such as correspondence and journal publication, has increasingly shifted to many-to-many interactions via
email, forums, and social platforms like WhatsApp, X, LinkedIn, and ResearchGate. In the Democratic Republic of the
Congo (DRC), this transformation is particularly visible in highly connected digital spaces [1].
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Such digital shifts are closely linked to broader organizational change [2]. They also generate large amounts of
unstructured text rich in opinions, emotions, and interactional signals, making text mining and natural language
processing (NLP) increasingly important, despite persistent limitations for under-resourced African languages [3].

Despite the growing availability of digital scientific communication, computational studies of this type of discourse
remain limited. Most NLP research still focuses on product reviews, general social media content, or political
communication. Scientific discourse, however, has its own characteristics, including dense vocabulary, specialized
terminology, and often implicit evaluative expressions. In addition, most existing studies rely on English-language
corpora from Western research settings, leaving emerging scientific ecosystems comparatively underexplored [4].

This gap is especially evident in the Congolese context, where scientific communication remains understudied,
particularly in its multilingual and affective dimensions involving French, Lingala, and Swahili. As a result, little is known
about how emotions, attitudes, and evaluative positions shape collaboration and knowledge circulation within the DRC’s
research community [5]. Although academic communication is often viewed as objective, researchers’ exchanges may
also convey encouragement, frustration, uncertainty, or irony, all of which can influence scientific visibility and
engagement [6]. In this sense, sentiment analysis is useful not only for identifying polarity but also for examining how
affective meaning is expressed in specific socio-cultural contexts [7].

To address this gap, this study proposes a weak-supervision framework to build a sentiment dataset and evaluate
machine learning models on scientific exchanges produced by Congolese researchers across WhatsApp, X, Linkedin,
ResearchGate, and Google Scholar. The study also takes into account the linguistic and cultural context of the DRC,
including sociolinguistic dynamics related to Lingala use in eastern Congo [8]. The study makes four main contributions:
it constructs a corpus of Congolese digital scientific communications, develops a weak-supervision framework for
sentiment analysis in predominantly French, partially multilingual scientific discourse from the DRC, compares classical
and deep learning approaches, and introduces a contextual uncertainty signal to improve the interpretability of
predictions. Overall, the study contributes to sentiment analysis in low-resource settings by focusing on an overlooked
form of discourse, namely digital scientific communication in the DRC. While the study engages with multilingual
dynamics in the DRC, the retained experimental corpus is primarily French-dominant. Accordingly, the present work
should be understood as an initial benchmark for Congolese digital scientific communication rather than as a balanced
multilingual evaluation across French, Lingala, and Swahili.

Related work

Sentiment analysis has evolved from lexicon-based approaches to machine learning and, more recently, deep learning
methods. Early systems relied on predefined dictionaries of positive and negative terms, while later approaches used
statistical text representations such as term frequency-inverse document frequency (TF-IDF) combined with classifiers
like logistic regression or support vector machines. Although these methods remain useful baselines, they generally treat
words as isolated units and therefore capture context only weakly [9]. More broadly, text mining has provided the
methodological foundation for extracting patterns, opinions, and trends from large collections of unstructured text,
especially in digital communication environments. Typical pipelines include preprocessing steps such as tokenization,
normalization, and stop-word removal, followed by modeling techniques for classification, clustering, or dimensionality
reduction [10]. These approaches have been widely used to analyze online discourse and user-generated content across
platforms [11].

Deep learning has substantially improved sentiment classification by modeling linguistic structure more effectively.
Convolutional neural networks (CNN) are useful for capturing local lexical patterns, while long short-term memory (LSTM)
networks are better suited to sequential dependencies in text [12]. More recently, transformer-based architectures have
become central in NLP because attention mechanisms allow them to model contextual relationships across entire
sequences, leading to strong performance in tasks such as text classification and question answering [13]. However, the
benefits of these models are not evenly distributed across languages and regions. Many African languages and research
communities remain underrepresented because of limited annotated datasets, linguistic diversity, and uneven digital
resources [14].
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Recent work on low-resource multilingual sentiment analysis has shown that code-switched social media data remain
challenging, but transformer-based models can still achieve strong performance when combined with language-specific
preprocessing and efficient tuning strategies [15]. In particular, Aliyu et al. [15] reported that AfriBERTa achieved an F1-
score of 0.92 on Hausa-English code-switched tweets while maintaining competitive computational efficiency. In the
AfriSenti-SemEval setting, the authors evaluated CNN, LSTM, and transformer models on Swahili, Amharic, and Hausa
tweets, obtaining macro-F1 scores between 60% and 80%, which illustrates both the promise and the challenges of
sentiment modeling in under-resourced contexts [16]. Similar observations were reported by Mabokela et al. [17], who
tested multilingual neural language models on African languages and obtained F1 scores above 63% for related
languages and up to 77% for Nguni languages. Together, these studies show that advanced models can perform well in
African multilingual settings, although most existing work remains centered on social media rather than scholarly
communication [17].

Other studies further show how text mining can be adapted to African and socially grounded contexts. The authors
combined traditional machine learning and deep learning to study African health-related communication through
Semantic Scholar and social media, reaching accuracy levels between 65% and 80% [18]. Liu and Chen [19], using 8,841
mother-child transcripts, combined NLP, lexical analysis, and clustering to identify temporal emotional patterns,
highlighting the value of dynamic approaches for extended interactions [19]. In the Congolese context, Rubbers [20]
provides a useful empirical backdrop by examining socio-political communication around mining and governance,
revealing tensions, power relations, and forms of public expression that resonate with broader communicative practices
in the DRC [20]. These issues intersect with structural challenges identified in the Congolese research environment,
including isolation and limited resources [21].

Taken together, the literature shows clear progress in sentiment analysis, text mining, and multilingual NLP, but it leaves
an important gap [22]. Most prior studies focus on general social media discourse, public debate, or health
communication, while digital scientific communication in the DRC remains largely unexplored [8]. This gap justifies the
present study, which investigates sentiment in Congolese scientific communications across platforms such as WhatsApp,
LinkedlIn, X, ResearchGate, and Google Scholar using both classical and deep learning approaches.

Materials And Methods

Data sources

The raw corpus used in this study was assembled from multiple digital sources relevant to online scientific
communication in the Congolese context. These sources included scholarly and professional platforms such as
ResearchGate, Google Scholar, LinkedIn, and X (formerly Twitter), as well as selected WhatsApp research groups. By
combining these complementary sources, we sought to capture both formal and informal forms of scientific
communication, ranging from publication-oriented records to shorter interactional exchanges. More specifically, the
collected materials comprised two broad categories. First, we gathered document-oriented scholarly content, including
publication titles, abstracts, and related metadata retrieved from academic or web-based scholarly sources. Second, we
collected conversational and social texts from platforms that support direct interaction and exchange among researchers
and professionals. In total, 26,480 textual records were collected. The source-wise distribution is reported in Table 7.
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Platform Percentage
ResearchGate 38%
Google Scholar 24%
LinkedIn 17%

X 12%
WhatsApp 9%

TABLE 1: Data source distribution

The main steps involved in building the dataset, from data collection to the creation of the high-confidence labeled
corpus, are summarized in Figure 7.

Digital ‘75.' @

platforms :
Google Scholar ResearchGate X (Twitter) WhatsApp

Data . .

. == Data cleanin
collection i =
Language @3} Language detection
detection 2
Weak 0y ;{*’;’ Weak-supervision labeling
supervision 4
labeling .

' High-confidence dataset

FIGURE 1: Data collection processing pipeline
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Data preprocessing

Data preprocessing was carried out through several systematic steps aimed at improving the quality and consistency of
the corpus prior to model training. First, duplicate entries were identified and removed to avoid redundancy and any
potential bias in the learning process. Second, irrelevant texts, those that did not constitute scientific communications or
contained insufficient linguistic information, were removed. The remaining data was then cleaned by normalizing
whitespace to ensure consistent formatting throughout the dataset. Finally, titles and abstracts from the same record
were merged into a single text sequence.

Formally, each document d; is converted into a sequence of tokens (£, ti2, - . - , timm) and then projected into a latent
vector space of dimension k:

v;J € Rk

These embeddings, designed to capture semantic and syntactic patterns, feed into a classification function
parameterized by 6:

¥ = fo(vi)

The predicted polarity §; (negative, neutral, positive) is optimized using the multi-class cross-entropy loss function:

C
L=- Zyzc IOg(gzc)
c=1

This mathematical formalization, combined with neural network architectures (CNN, LSTM, BERT [bidirectional encoder
representations from transformers]), enables the accurate modeling of sentiments expressed in a multilingual,

contextually rich scientific corpus.
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FIGURE 2: Distribution of text lengths in the corpus

The histogram in Figure 2 shows the distribution of token counts across the dataset. The average document length is
approximately 144 tokens, and most texts fall within the optimal range for transformer models. Table 2 summarizes the
main corpus statistics, including the raw and filtered dataset sizes, average text length, and dominant language.

Feature Value

Raw dataset 26,480
Filtered dataset 747
Average text length 150 tokens
Main language French

TABLE 2: Corpus statistics

The linguistic distribution of the collected texts is illustrated in Figure 3.
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FIGURE 3: Linguistic distribution of the dataset

French dominates the corpus (95%), while Lingala and Swabhili account for approximately 5% of the texts.

Weak-supervision framework

Manual annotation of multilingual scientific texts is costly. Therefore, a weak-supervision strategy was implemented.
Signals used include (i) sentiment lexicons, (ii) punctuation intensity, (iii) emoji polarity, and (iv) language detection [23].
The sentiment score is computed as follows:

score = w181 + waSs + w3S3 + wyeSy

Because weak labels can be noisy, we applied a confidence threshold of 0.60 and retained only high-confidence instances
for supervised training and evaluation. This choice prioritizes label reliability over corpus size. However, it also reduces
coverage and may exclude ambiguous or linguistically mixed cases; therefore, the final 747-sample dataset should not be
interpreted as fully representative of the broader 26,480-text raw collection. Only samples with a confidence score of at
least 0.60 were retained [24]. As shown in Table 3, the final weakly labeled dataset contained 481 positive samples (64.4%)
and 266 negative samples (35.6%).
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Sentiment Samples Percentage
Positive 481 64.4%
Negative 266 35.6%

TABLE 3: Sentiment distribution

Contextual uncertainty signal

To improve the interpretability of sentiment predictions, we introduce a contextual uncertainty indicator. For each text,
multiple semantic representations are generated using contextual embeddings. Sentiment predictions are computed for
each representation.

Let p; denote the predicted probability of the positive class for representation i. The uncertainty score is defined as
U=-)_ p;log(p;)
i

Higher values indicate greater disagreement between predictions [25]. The diagram in Figure 4 illustrates prediction
variability across sampled embeddings.
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FIGURE 4: Contextual uncertainty estimation

Model architectures

To assess the effectiveness of different modeling strategies for sentiment classification, four representative approaches
were evaluated in this study. First, a traditional baseline combining TF-IDF features with logistic regression was
implemented, providing a reference for classical machine learning methods based on sparse textual representations. In
addition, two deep learning architectures were tested: CNN, which are effective at capturing local lexical patterns, and
LSTM, designed to model sequential dependencies across word sequences. Finally, transformer-based models, namely
BERT [26] and SciBERT, were evaluated due to their ability to generate contextualized representations of text. Unlike
earlier architectures, transformers rely on self-attention mechanisms that allow the model to capture relationships
between all tokens in a sentence simultaneously, making them particularly suitable for complex and context-rich texts
such as scientific communications.
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Results And Discussion

The performance of the evaluated models is summarized in Table 4 Among the tested approaches, the transformer-
based model BERT achieves the best results, with an accuracy of 0.73, a macro-F1 score of 0.60, and the highest Matthews
correlation coefficient (MCC) value of 0.83. This confirms the advantage of contextual transformer architectures for
sentiment analysis in scientific texts.

A visual comparison of the model performance is presented in Figure 5(a), which compares the MCC [27] scores of the
different models. The results show that BERT clearly outperforms CNN, LSTM, and the TF-IDF baseline. The classification
behavior of the best-performing model is further illustrated in Figure 5(b) through the confusion matrix, which highlights
how the model correctly predicts most positive and negative instances.

Model Accuracy Macro-F1 McCC
TF-IDF + LR 0.62 0.48 0.56
CNN 0.69 0.55 0.75
LSTM 0.65 0.50 0.58
BERT 0.73 0.60 0.83

TABLE 4: Model performance

TF-IDF, Term Frequency-Inverse Document Frequency; LR, Logistic Regression; CNN, Convolutional Neural Network; LSTM, Long
Short-Term Memory; BERT, Bidirectional Encoder Representations from Transformers; MCC, Matthews Correlation Coefficient

Although BERT achieved the highest MCC and outperformed the other baselines, the Macro-F1 score of 0.60 indicates
moderate class-balanced performance rather than near-solved sentiment classification. The results should therefore be
interpreted as evidence of relative model superiority within this dataset, not as definitive evidence of robust
generalization across all forms of Congolese scientific communication. The dataset-scaling analysis further suggests that
the current performance is partly constrained by data availability, as Macro-F1 increased from 0.41 to 0.59 and then 0.60
as the training set grew from 269 to 626 and 747 samples, respectively.

Figure 5 complements these numerical results by visualizing the comparative MCC scores across models and the
confusion matrix of the best-performing model, thereby highlighting both the relative advantage of BERT and the
remaining classification errors.
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FIGURE 5: Performance evaluation of the sentiment classification models. (a) Comparison of MCC scores across the
evaluated models. (b) Confusion matrix of the best-performing model (BERT)

TF-IDF, Term Frequency-Inverse Document Frequency; LR, Logistic Regression; CNN, Convolutional Neural Network; LSTM, Long
Short-Term Memory; BERT, Bidirectional Encoder Representations from Transformers; MCC, Matthews Correlation Coefficient

Dataset scaling analysis

To evaluate the influence of dataset size on model performance, experiments were conducted with increasing dataset
sizes. As shown in Table 5, performance improved consistently with larger datasets, with Macro-F1 increasing from 0.41
for 269 samples to 0.59 for 626 samples and 0.60 for 747 samples.

Dataset size

269

626

747

Macro-F1

0.41

0.59

0.60

TABLE 5: Dataset scaling analysis based on Macro-F1 performance

The table reports the evolution of Macro-F1 as the number of training samples increases.

Visually, it looks like this (Figure 6):
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Deployment results

The results confirm the superiority of the BERT and SciBERT models (MCC = 0.831), as anticipated in the previous sections
on architecture evaluation. This performance can be attributed to their ability to model long-range contextual
dependencies, which are crucial for Congolese scientific texts rich in semantic nuances. The predominance of positive
polarities (64.4%), consistent with international academic patterns, thus validates the research objectives.

An illustrative example is the following title: Sentiment Analysis in Digital Scientific Communications in the Democratic
Republic of the Congo: A Weak-Supervision Approach with Contextual Uncertainty Signals. The CNN excels at detecting
local lexical patterns (e.g., the n-gram “limitation” classified as negative) but fails to capture the overall semantics where
“overall robustness” dominates positively. In contrast, BERT, through its multi-head attention mechanism, hierarchically
incorporates context and predicts a positive sentiment, accurately reflecting expert human judgment. For practical
application, a Streamlit web interface has been deployed, enabling the input of Congolese text, real-time predictions
(dominant sentiment, scores by class), and visualizations of overall performance.

Figure 7 presents the web-based interface of the deployed application for real-time sentiment analysis. In this scenario,
the user provides a scientific text as input and launches the analysis by selecting the “Analyze” button.

How to cite this article:

Mystére Kanduki K, Rodrigue K, Héritier Nsenge M (April 24, 2026) Sentiment Analysis in Digital Scientific

Communications in the Democratic Republic of the Congo: A Weak-Supervision Approach With Contextual Uncertainty

Signals. Cureus J Comput Sci 3 : es44389-026-00061-7. DOI https://doi.org/10.7759/544389-026-00061-7 Page 12 of 16


https://assets.cureusjournals.com/artifacts/upload/figure/file/48645/lightbox_9622ea8026db11f1ba95bf58a7684138-figure6_corrected_clear.png
https://assets.cureusjournals.com/artifacts/upload/figure/file/48645/lightbox_9622ea8026db11f1ba95bf58a7684138-figure6_corrected_clear.png
javascript:void(0)

Sentiment Analysis in Digital Scientific Communications in the Democratic Republic of the Congo: A Weak-Supervision
Approach With Contextual Uncertainty Signals

&« Deplay
# Menu .
sl Congo Sentiment Lab
© Analysis (Text) _ )
Analysis (C5V) ' ) !
Ewvaluation
Model lcamparuson Instant text analysis

Paste here a scientific message (WhatsApp, Linkedin, ResearchGate, X or an abstract

i} Informations

Digital academic platforms increasingly shape how researchers share ideas, communicate
results, and build collaborations. However, computational studies of scientific discourse still Current best model: bert
focus mainly on high-resource languages and Western research environments, leaving emerging
research communities underexplored. This study analyzes sentiment in online communications
produced by Congolese researchers. We collected 26,480 texts from platforms such as Google
Scholar, ResearchGate, Linkedin, X, and public WhatsApp research groups. Using a weak- o -
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FIGURE 7: Web-based interface of the deployed sentiment analysis system

The resulting prediction generated by the system is displayed in Figure 8.

Predicted Sentiment: Positive | Model : bert

Scores (probabilities)

Positive: 0.894 | Neutral: 0.008 | Negative: 0.098

FIGURE 8: Real-time prediction output generated by the deployed BERT model

BERT, Bidirectional Encoder Representations from Transformers

For the selected example, the model assigns the text to the positive class with a confidence score of 89.4%, whereas the
neutral and negative classes are associated with very low scores (0.8% and 9.8%, respectively). These results illustrate the
operational relevance of the proposed system in a real-time deployment setting.

Discussion

The results demonstrate the effectiveness of transformer models for sentiment analysis of scientific discourse. Compared
with classical approaches, transformer models capture contextual relationships more effectively and detect subtle
evaluative expressions common in academic texts. The proposed contextual uncertainty signal further improves
interpretability by identifying predictions that remain unstable across contextual variations.
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Limitations

This study should be interpreted as a proof-of-concept benchmark rather than a definitive multilingual sentiment
resource for the DRC. Although the raw corpus comprised 26,480 texts, model training relied on a 747-sample high-
confidence subset obtained through weak supervision. This design improves label reliability but may reduce
representativeness by excluding ambiguous, mixed, or lower-confidence cases. In addition, the retained corpus is
overwhelmingly French-dominant (95%), with only limited coverage of Swahili and Lingala. Accordingly, the present
findings mainly reflect French-language or French-dominant scientific communication rather than balanced multilingual
discourse. Finally, although the best model achieved a strong MCC, the Macro-F1 remained moderate, indicating that
nuanced sentiment classification in this domain remains challenging. Future work should expand the corpus, incorporate
more manually validated multilingual data, and evaluate external generalization across datasets and domains.

Conclusions

This paper addressed the underexplored problem of sentiment analysis in digital scientific communications from the
DRC. Drawing on texts collected from multiple academic and social platforms, the study proposed a weak-supervision
framework to generate sentiment labels in a low-resource setting shaped by partial multilingualism but dominated by
French in the retained high-confidence subset. The comparative evaluation showed that transformer-based models,
particularly BERT, achieved the strongest performance, highlighting the value of contextual representations for capturing
subtle evaluative cues in scientific discourse. In addition, the integration of a contextual uncertainty signal improved
prediction interpretability by identifying cases of instability across contextual representations. The deployment
experiment further showed that the proposed approach can support real-time sentiment analysis through an operational
web interface. Overall, the present study provides encouraging evidence that weak supervision can support initial
sentiment modeling for Congolese digital scientific communication, especially in French-dominant settings. However,
this work should be viewed as an initial benchmark rather than a definitive multilingual solution, since the restricted size
and linguistic composition of the retained high-confidence subset limit broad generalization claims. Future research
should therefore focus on larger, more balanced, and externally validated datasets, as well as on stronger comparisons
with multilingual and domain-adapted transformer models.
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