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Abstract

Reputational risk in textual narratives is a vital aspect of understanding stakeholder perceptions of
megaprojects; however, formal computational methods for measuring it remain underdeveloped.
This study introduces a computational model for sentiment-based reputational risk, defined as a
feature-based supervised classification task. The proposed model combines sentiment polarity,
polarity intensity, topic distributions, content length, and structural textual features into a structured
mathematical model, enabling systematic evaluation and reproducible predictions. Data were
collected from online news and social media, then processed through cleaning, tokenisation,
lemmatisation, and sentiment annotation. An ensemble model, merging Random Forests, Gradient
Boosting, Logistic Regression, and Support Vector Machines via soft voting, was trained and assessed
using accuracy, precision, recall, F1-score, and Cohen’s Kappa. Results suggest that reputational risk
can be reliably inferred from the interaction between sentiment, topics, and textual structure.
Analyses of feature importance highlight polarity intensity, risk scoring, content length, and topic
distribution as key predictors. These findings demonstrate the potential of formal computational
models to quantify and predict risk within textual data. Future research could expand this model
with transformer models and multilingual datasets to improve context-aware insights, explainability,
and scalability, thereby laying a foundation for generalised computational approaches to
reputational risk modelling.

Keywords: computational model; sentiment analysis; reputational risk; natural language processing;
feature-based classification

1. Introduction

Megaprojects are large, collaborative ventures aimed at fostering national development [1].
Delphine et al. [2] describe them as projects that exceed typical initiatives in scale, complexity,
duration, stakeholder involvement, and impact [3]. According to the mid-term review of Uganda's
Third National Development Plan, government megaprojects face significant implementation
challenges: only about 10% are on schedule, 83% of externally funded projects are delayed, and nearly
96% of public building projects incur cost overruns [4]. Examples include the Karuma Hydropower
Project, the Standard Gauge Railway, the East African Crude Oil Pipeline (EACOP), and the
Kampala-Jinja Expressway. These projects pose substantial social risks, particularly for local
communities affected by land conversion, displacement, food insecurity, and rising living costs. Such
impacts often lead to increased public dissatisfaction and threaten reputational damage for
government institutions, as negative perceptions spread via digital platforms. Studies of Uganda’s
pre-production oil sector indicate that companies utilise corporate social responsibility (CSR) to gain
legitimacy and manage their reputation. Neglecting community concerns can damage trust, weaken
the social licence to operate, and increase opposition to major projects like the EACOP, risking
financing, partnerships, and project continuity [5].
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Natural Language Processing (NLP) is used to analyse large text datasets for sentiment,
narrative structures, and reputational risks [6-8]. Techniques such as sentiment analysis, topic
modelling, and social network analysis transform unstructured text into features suitable for
predictive modelling [9-11]. In Uganda, the use of NLP and machine learning is limited by factors
like multilingualism, informal communication styles, and a lack of organised datasets [12,13].
Existing models mainly focus on sentiment polarity, often overlooking the complex interactions
among tone, topic, structure, and reputational outcomes [14-16].

The presence of over 40 languages, prevalent informal communication, and a limited number of
local language datasets pose significant challenges for standard NLP models in Uganda [17].
Advanced NLP techniques have the potential to monitor public discourse, identify emerging risks,
and provide early warnings of reputational damage in large-scale projects [18,19] . Despite this
potential, research on NLP applications in Uganda remains limited, with most studies concentrating
on megaprojects in developed countries or parts of Asia. Initiatives such as Afrisenti highlight the
lack of sentiment analysis tools tailored to African languages, slang, and code-mixing [20]. Therefore,
adapting NLP tools to the Ugandan context is crucial for the early detection of risks associated with
public engagement in megaprojects.

This research introduces a computational model for sentiment-based reputational risk
modelling in government megaproject narratives. The model employs an ensemble of machine
learning algorithms, including Random Forest, Gradient Boosting, Logistic Regression, and Support
Vector Machines, combined through soft voting to classify reputational risk based on sentiment,
topical, and structural textual features. This approach offers an interpretable and generalisable early-
warning system for monitoring reputational risk in complex sociotechnical systems. Using Ugandan
megaprojects as a case study, the findings demonstrate how sentiment measures derived from
natural language processing can be transformed into actionable insights for detecting and reducing
public opposition [21,22].

1.1. Problem Statement

Government megaprojects in Uganda face significant reputational risks, mainly due to public
opposition often worsened by false narratives spread through social and online media. These
narratives reduce public trust, causing project delays, stricter regulatory requirements, and increased
costs [3,23,24]. For instance, in the Standard Gauge Railway project, public resistance in 2020 led the
Ugandan government to allocate around USD 90 million to compensate Project-Affected Persons, as
mandated by China Exim Bank before approving the loan [25].

While previous research has employed machine learning and deep learning techniques to
analyse public sentiment regarding megaprojects [26-30], the majority of these studies focus mainly
on sentiment polarity, offering limited insight into how online discourse affects reputational risk [31].
At the same time, the rapid growth of social media has generated large volumes of sentiment data,
which, if systematically examined, could help in early identification of reputational threats [17-19].
Consequently, this study proposes an integrated natural language processing approach that
combines sentiment analysis, topic modelling, and social network analysis to measure reputational
risk in Ugandan megaprojects.

1.2. Research Objectives

The primary objective of this study is to develop a natural language processing-based model for
sentiment analysis and reputational risk identification in Ugandan government megaprojects.
Specifically, the study aims to collect and preprocess sentiment data related to these projects, analyse
the processed data to extract meaningful patterns, develop a computational model for reputational
risk prediction using natural language processing techniques, and evaluate the model’s performance
within the context of Ugandan megaprojects.

1.3. Research Questions
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This study is guided by the overarching research question: How can a natural language
processing model be developed to predict reputational risk in Ugandan megaprojects? To address
this question, the study investigates the criteria for collecting and preprocessing sentiment data, the
analytical methods suitable for the processed data, the procedures for building a reputational risk
prediction model, and the approaches for testing and evaluating the proposed model.

2. Materials and Methods

A corpus of 25,480 publicly available English-language textual narratives on megaprojects in
Uganda was compiled from online news outlets (including New Vision, Daily Monitor, The
Observer, and Chimp Reports), social media platforms (Facebook and X), and international
aggregators such as Google News RSS and the GDELT Project APIL. Data collection was conducted
through automated web-scraping and API-based procedures from 1 May 2000 to 11 September 2025,
followed by cleaning to remove duplicates, advertisements, incomplete entries, and non-textual
content. The dataset mainly consists of online news articles 96.9%, with social media posts accounting
for 3.09%. It covers major projects such as EACOP, Karuma Hydropower Dam, Hoima Airport, and
the Standard Gauge Railway. A multi-stage sampling strategy was used, combining purposive
selection of governance-, infrastructure-, and community-related content with keyword-based
filtering using risk-sensitive terms (e.g., protest, corruption, governance, environment, human
rights), and subsequent stratified sampling to ensure balanced sentiment and aspect representation.
The final structured corpus is suitable for computational analysis of sentiment and reputational risk
in Ugandan megaprojects.

A natural language processing (NLP) framework was used to model reputational risk within
megaproject narratives. Text data was standardised through a unified preprocessing and
anonymisation pipeline, then transformed into numerical representations using both term-weighted
features and semantic sentence embeddings. This method made it possible to analyse data in a high-
dimensional vector space. Reputational risk was defined using curated risk indicators, targeted
labelling, and feature creation, which enabled the model to distinguish reputational risk from other
risk types during training and assessment.

Data collection and processing took place in a reproducible Python environment that included
automated web scraping, parallel processing, structured text extraction, and robust error handling.
Model development followed established machine-learning lifecycle principles, combining sentence-
level embeddings with dimensionality reduction, clustering, and topic modelling to identify key
narrative themes, especially those related to reputational risk. Named Entity Recognition helped
build actor networks, while organisational co-occurrence and centrality measures analysed
stakeholder influence patterns. Sentiment analysis enhanced thematic modelling by assessing
polarity, intensity, and trust cues, allowing for a comprehensive evaluation of public perception and
reputational risks.

Figure 1 below shows the experimental research design used to develop a natural language
processing model for sentiment analysis and reputational risk detection in Ugandan government
megaprojects, with reputational risk highlighted as a key part of risk assessment. A deductive method
guided the systematic variation of main computational elements, including text preprocessing,
feature engineering, and model parameters, to assess their effects on accuracy, precision, recall, and
overall model performance.
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Figure 1. Depicting experimental research design.

2.1. Train-Test Validation Split

The dataset, consisting of 25,480 annotated text records, was split into training (20,384; 80%) and
testing (5,096, 20%) subsets. Stratified sampling guaranteed proportional representation of high
19.3%, medium 68%, and low 12.7% risk categories. This method promoted balanced model learning
and reliable evaluation.

2.2. Model Development

An ensemble-based natural language processing (NLP) model was created to classify online
media narratives about Ugandan megaprojects into categories of low, medium, and high reputational
risk. While traditional frameworks focus on technical and financial risks, public sentiment and
stakeholder perceptions have become increasingly important [32]. The ensemble combines Random
Forest, Gradient Boosting, Logistic Regression, and Support Vector Machine classifiers using a soft-
voting mechanism, utilising their complementary strengths to improve prediction accuracy and
maintain interpretability [33,34].

Hyperparameters for each base learner were optimised through systematic tuning: Random
Forest (n_estimators=50, max_depth=10), Gradient Boosting (n_estimators=50, learning_rate=0.01),
Logistic Regression (C=100, penalty="11"), and Support Vector Machine (C=1.0, rbf kernel). The soft-
voting approach averaged predicted probabilities, which improved performance on the imbalanced
dataset (medium-risk 68%) and produced stable cross-validation results (mean CV=0.9283 + 0.0066).

2.3. Reputational Risk Labels

Reputational risk scores were calculated by combining sentiment polarity (using VADER),
aspect-category weighting, keyword indicators, and polarity thresholds, resulting in a normalised
score between 0 and 1. Scores of 0.7 or higher were classified as high risk, 0.4 to 0.69 as medium risk,
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and below 0.4 as low risk. This method captured negative sentiment, sensitive thematic content, and
explicit reputational cues.

3. Results

The ensemble model achieved an accuracy of 92.37%, a weighted F1 score of 0.9217, and Cohen’s
Kappa above 0.80, indicating strong agreement with true labels. Class-specific performance was
highest for medium risk (precision 0.92, recall 0.98), while high-risk and low-risk precision were 0.92
and 0.99, respectively. Confusion matrix analysis showed that errors mainly occurred between
adjacent categories, with no misclassifications from high to low risk.

The confusion matrix presented in Figure 2 summarises the model’s performance across three
reputational risk categories. The strong diagonal dominance indicates high classification accuracy.
High-risk posts were predominantly identified correctly 845, with remaining errors limited to
misclassification as medium risk 138 and none as low risk. Similarly, 478 low-risk instances were
correctly classified, with misclassifications occurring only in the medium-risk category 171. The
medium-risk category achieved the highest accuracy, with 3,384 correct predictions and minimal
confusion with high 77 or low risk 3. Overall, errors were confined to adjacent risk levels, and no
confusion occurred between high and low risk, which demonstrates clear class separation. The
greater overlap involving medium-risk content is expected due to shared linguistic features;
however, the high correct classification rate demonstrates robust detection of nuanced risk signals.

Confusion Matrix - Risk Prediction Model

3000

high

845 0 138

2000

478 171

1500

Actual Risk Level
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(=]

1000
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high low medium
Predicted Risk Level

Figure 2. Confusion matrix.

Figure 3 feature importance analysis indicates that risk_score is the most influential predictor,
followed by content_length. Several topic-model features, sentiment and polarity measures, and
network-based attributes also play a role to varying degrees. These findings collectively imply that
reputational risk results from the interaction of composite heuristics, thematic contexts, semantic
richness, and emotional cues.
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Figure 3. Feature importance analysis.

The heatmap in Figure 4 shows that medium-risk predictions are most prevalent and are
associated with neutral and positive posts. High-risk predictions occur across all sentiment polarities,
whereas low-risk predictions are primarily associated with positive sentiment. These patterns
indicate that although sentiment contributes to reputational risk, the model incorporates a broader

spectrum of nuanced linguistic signals.

Sentiment vs Predicted Risk Level
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Figure 4. Sentiment Vs Predicted Risk Level Heat Map.

Figure 5 shows that the predicted risk level distribution indicates that medium-risk posts are
mainly linked to governance-related content 1,913, with energy 575 and infrastructure 533 also being
notable. High-risk predictions are mainly associated with human rights 321, governance 202, and
environmental issues 168. Conversely, low-risk posts are mostly classified as “other” 462. These
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findings demonstrate the model’s ability to recognise governance, energy, infrastructure, and human
rights as key factors influencing reputational risk.

Aspect vs Predicted Risk Level
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Figure 5. Aspect vs Predicted Risk Level Heatmap.

Figure 6 shows that the predicted risk-level distribution includes 3,693 medium-risk, 922 high-
risk, and 481 low-risk posts. This spread indicates a dominance of moderately critical discourse.
High-risk posts tend to have strongly negative narratives, while low-risk posts are more supportive
or neutral. These results match the dataset’s features and support the model's contextual accuracy.

Predicted Risk Level Distribution

3693

3500

Number of Records

500

medium high low
Risk Level

Figure 6. Predicted risk level distribution.

4. Discussion

The ensemble classifier achieved an accuracy of 92.37%, a weighted F1-score of 0.9217, and
Cohen’s Kappa over 0.80, demonstrating consistent performance across five-fold cross-validation
(mean CV = 0.9283 + 0.0066). The model performed best on medium-risk posts (precision 0.92, recall
0.98) and maintained high precision for both high-risk 0.92 and low-risk 0.99 categories. Feature
importance analysis identified risk_score, content length, topic distribution, and polarity intensity as
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the main predictors. These findings confirm that reputational risk results from the interaction of tone,
context, and thematic content, highlighting the model’s usefulness for early-warning monitoring of
megaproject-related discourse.

4.1. Comparison with Related Studies

Recent research demonstrates that online sentiment closely mirrors social and institutional
events, enabling digital public opinion to both reflect and anticipate broader societal dynamics
[35,36], as a result, sentiment analysis has been widely applied to address reputational and
governance challenges in infrastructure projects. These applications include reputational risk
detection in UK infrastructure [37], analysis of public responses to hydropower development in
China [38], and assessment of major transport initiatives such as the Padma Setu in Bangladesh [26],
the Thailand-China and Laos-China railways [30], and Kenya’s Standard Gauge Railway [39]. This
study advances the literature by focusing on reputational risk, public trust, and institutional
credibility, rather than solely on financial metrics. The use of a hybrid ensemble model that
emphasises interpretability and computational efficiency is vital for real-time public-sector
applications in Uganda. Further studies have examined sustainability risks in megaprojects [40] and
established sentiment analysis as an effective early-warning mechanism for reputational risk [21].

This study advances the literature by prioritising reputational risk alongside institutional
credibility and public trust, rather than focusing exclusively on financial performance. While deep
learning models such as BERT [41] often achieve higher accuracy on large English datasets, the
proposed hybrid ensemble model is designed to improve interpretability and computational
efficiency. These attributes are essential for real-time public-sector applications in Uganda. The
model’s transparent structure enables stakeholders to identify the linguistic cues that inform risk
classification, thereby supporting accountable and evidence-based decision-making in the
implementation of megaprojects.

4.2. Implications of Findings

4.2.1. Theoretical Contribution

The integration of natural language processing and aspect-based sentiment analysis provides a
strategic tool for monitoring reputational risk in Ugandan megaprojects. This approach also delivers
a publicly annotated dataset to support future research on policy communication, public perception,
and trust modelling.

4.2.2. Practical Contribution

Ongoing monitoring of citizen discourse enables early identification of reputational risks related
to governance, human rights, or environmental issues. This supports timely, evidence-based
interventions by ministries and agencies. The interpretability of the model facilitates the identification
of linguistic cues and thematic drivers of reputational tension, thereby promoting transparency,
accountability, and participatory governance.

4.3. Limitations

1. Prediction Failures: Despite strong overall performance, the model showed several limitations.
Misclassifications most often occurred between the medium- and high-risk categories due to
overlapping vocabulary and common themes in discussions of governance, infrastructure, and
public protest. Some low-risk posts were labelled as medium risk because neutral sentiment in
supportive content produced weak polarity signals, leading the model to rely more on context.
These inconsistencies reveal the inherent challenge in distinguishing subtle differences in
reputational implications.
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2. Data Challenges: Several dataset-specific challenges caused prediction weaknesses. The frequent
use of Ugandan English, local slang, and hybrid dialects limited the effectiveness of sentiment
analysis tools trained on standard Western English. Short-form posts, especially those from X,
offered minimal linguistic context, reducing the reliability of both polarity measurements and
topic modelling. Additionally, LDA topic modelling was unstable with very short or lexically
sparse texts, further weakening the semantic features supplied to the model.

3. Linguistic Complexity: Complex linguistic behaviors, including sarcasm, humor, euphemisms,
and coded political language, posed significant challenges. Sarcastic statements were often
assigned positive polarity scores despite conveying criticism, leading to mismatches between
sentiment and meaning. Without domain-specific lexicons or context-aware transformer models
capable of interpreting these subtleties, these linguistic nuances remained difficult to model
computationally.

4. Model-Level Weaknesses: Several model-specific limitations also impacted performance. The
ensemble design reduced interpretability because aggregated probability outputs made it
difficult to trace predictions back to individual classifiers. Additionally, the model analyzed each
text independently without considering temporal context, which prevented it from capturing
how reputational risk evolves over time. The risk scoring function’s reliance on manually
defined aspect weights and keyword lists also limited scalability, as performance depended on
the completeness and relevance of these engineered features.

4.4. Key Findings and Contributions

The study demonstrates that sentiment-aware ensemble models function as effective early-
warning tools for reputational risk in public-sector megaproject communication. These models
accurately classify discourse into low, medium, and high-risk categories by integrating sentiment
polarity, topical context, and engagement indicators. The interpretable ensemble architecture
facilitates ethical and transparent Al use, providing a data-driven foundation for proactive reputation
management. This approach enhances transparency, accountability, and stakeholder trust within
Uganda'’s governance and infrastructure sectors.

This research offers a replicable methodology for sentiment-based reputational risk detection,
positioning sentiment analytics within governance and development communication contexts. It
introduces a validated sentiment-risk taxonomy, an annotated Ugandan dataset, and a customised
feature-extraction pipeline to support government agencies, project managers, policy analysts, and
Al developers in localised monitoring. The integration of interpretable machine-learning components
ensures that decision-making processes remain transparent and accountable.

5. Conclusions

Advancing the model with transformer-based architectures such as BERT, RoBERTa, and
XLNet, along with attention visualisation, could improve contextual semantic understanding while
maintaining interpretability. Incorporating local languages, including Luganda, Runyankore, and
Swahili, as well as continuous learning systems, would support adaptive, inclusive, and scalable
monitoring of public sentiment. This progression moves toward a real-time, explainable Al-driven
reputational surveillance system suitable for Ugandan megaprojects and similar developing contexts.
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