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Abstract: This study presents a comparative analysis of four topic modeling techniques—Latent 
Dirichlet Allocation (LDA), BERT, Probabilistic Latent Semantic Analysis (PLSA), and Non-negative 
Matrix Factorization (NMF)—applied to aviation safety reports from the ATSB dataset spanning 
2003–2023 (53,275 records). The evaluation focuses on coherence, interpretability, generalization, 
computational efficiency, and scalability. Results indicate that NMF achieves the highest coherence 
score (0.7987), demonstrating its effectiveness in extracting well-defined topics from structured 
narratives. PLSA performs competitively (coherence: 0.7634) but lacks the scalability of NMF. LDA 
and BERTopic, while effective in generalization (perplexity: -6.471 and -4.638, respectively), struggle 
with coherence due to their probabilistic nature and reliance on contextual embeddings. Expert 
validation confirms the practical relevance of NMF-generated topics, highlighting its suitability for 
aviation safety analysis. These findings suggest that selecting a topic modeling technique should be 
context-driven, with future research exploring hybrid modeling approaches and real-time 
applications to enhance aviation safety analysis further. By refining topic modeling techniques, this 
study contributes to advancing automated safety monitoring in the aviation industry.  

Keywords: Aviation safety; topic modeling; BERT; LDA; NMF; pLSA; NLP; ATSB dataset; risk 
assessment 
 

1. Introduction 

Aviation safety is a critical concern for the global air transport industry, with incident and 
accident reports playing a crucial role in understanding and mitigating risks (1). The Australian 
Transport Safety Bureau (ATSB) is an Australian organization dedicated to aviation safety 
investigations, generating a vast repository of textual incident reports that contain valuable insights 
into operational hazards, human factors, and system failures (2, 3). Analyzing these reports manually 
can be time-consuming, error-prone, and subject to interpretational biases (4). As textual datasets 
continue to expand, natural language processing (NLP) techniques, particularly topic modeling, have 
emerged as powerful tools for extracting latent patterns from unstructured text, facilitating data-
driven decision-making (5). 

Topic modeling techniques uncover hidden structures in large corpora of text by grouping 
semantically related words into coherent topics. Various algorithms have been developed to achieve 
this, with the most widely used approaches including Latent Dirichlet Allocation (LDA) (5), Non-
Negative Matrix Factorization (NMF) (6), and Probabilistic Latent Semantic Analysis (pLSA) (7). 
More recently, BERT  has introduced transformer-based topic modeling, leveraging deep learning 
to enhance topic coherence and contextual understanding (8). Despite the increasing adoption of 
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these models in various domains, there remains limited research on their comparative effectiveness 
in aviation safety analysis. 

This study seeks to investigate the impact of different topic modeling techniques on the 
interpretation of aviation safety incident reports, specifically focusing on their ability to identify and 
categorize key safety themes from ATSB narratives. The primary research question addressed in this 
work is: 

• Does the choice of topic modeling technique influence the interpretability and reliability of 
extracted aviation safety themes? 
To answer this, we conduct a comparative analysis of four widely used topic modeling 

techniques: 1) LDA – a probabilistic generative model that assumes documents are mixtures of topics, 
with each topic represented by a distribution over words, 2) NMF – a matrix factorization technique 
that decomposes term-document matrices into lower-rank representations, producing interpretable 
topics. 3) pLSA – a statistical model like LDA but without a Dirichlet prior, making it more susceptible 
to overfitting and 4) BERT – a transformer-based model that uses contextual word embeddings and 
clustering to generate high-quality topics dynamically. By applying these models to ATSB incident 
reports, we aim to evaluate: a) Topic coherence and relevance – the quality and interpretability of 
topics generated by each model, b) Performance metrics – assessing topic coherence scores i.e 
Coherence Score (C_v) to quantify model effectiveness, c) Practical implications for aviation safety 
analysis – identifying which models provide the most actionable insights for safety investigators, 
policymakers, and regulatory bodies. 

The findings of this research are expected to contribute to both NLP and aviation safety analytics 
in several ways. First, by systematically evaluating topic modeling techniques on a domain-specific 
dataset, this study bridges the gap between theoretical advancements in NLP and practical 
applications in aviation risk assessment (9-11). Second, the results will guide aviation safety analysts 
in selecting the most appropriate topic modeling approach for text-driven risk assessment. Third, our 
study highlights the advantages and limitations of traditional probabilistic models versus modern 
transformer-based models, offering insights into how deep learning enhances the interpretability of 
aviation narratives. 

The rest of this paper is structured as follows: Section 2 presents a comprehensive literature 
review on topic modeling applications in aviation safety and accident investigations. Section 3 
outlines the methodology, including dataset preprocessing, model selection, and evaluation metrics. 
Section 4 presents the results, comparing the topic distributions, coherence scores, and 
interpretability of each model and Section 5provides a detailed discussion of the findings, including 
the strengths and limitations of each method. Finally, Section 6 concludes with key insights and 
suggestions for future research directions. 

2. Related Work 

The application of topic modeling techniques in aviation safety research has gained significant 
attention given the availability of large-scale incident reports coupled with the growing need for 
efficient data-driven risk assessment. This section reviews existing literature on the role of NLP and 
topic modeling in aviation safety analysis, comparative studies on topic modeling techniques, and 
recent advancements in deep learning-based topic modeling approaches. 

The use of NLP in aviation safety has expanded considerably in recent years, particularly in 
automating the analysis of safety reports to extract actionable insights (12). As previously noted, 
traditional manual approaches to analyzing aviation incident narratives can be time-consuming, 
inconsistent, and susceptible to human bias (4). To address these limitations, topic modeling 
techniques have been employed to uncover latent patterns in unstructured textual data, providing a 
more systematic, scalable, and objective means of identifying key risk factors in aviation operations 
(13). 
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A substantial body of research has investigated the effectiveness of topic modeling techniques 
in aviation safety. Early studies focused on LDA as a method for structuring aviation safety 
narratives, enabling researchers to categorize incident reports into meaningful topics (14, 15). Other 
studies have explored additional text-mining approaches to analyze aviation accident reports, 
focusing on identifying significant terms and phrases that serve as indicators of emerging safety 
concerns (16, 17).  

Several comparative studies have evaluated different topic modeling techniques across various 
domains, including social media, tweets, healthcare, and finance. A study by Krishnan (18) conducted 
an extensive analysis of multiple topic modeling methods, including LSA, LDA, NMF, Pachinko 
Allocation Model (PAM), Top2Vec, and BERTopic, applied to customer reviews. Their findings 
highlighted the relative strengths of each approach in identifying key themes. Further research 
integrated BERT-based embeddings with traditional topic modeling methods, such as LSA, LDA, and 
the Hierarchical Dirichlet Process (HDP), proposing a hybrid model called HDP-BERT, which 
demonstrated improved coherence scores (19). Also, another study examined BERTopic, NMF, and 
LDA in social media content analysis, utilizing coherence measures such as C_V and U_MASS to 
assess model effectiveness. Their study underscored BERTopic’s superior performance in extracting 
meaningful topics from unstructured text (20). 

Another study conducted a qualitative evaluation of topic modeling techniques by engaging 
researchers in the social sciences, revealing that BERTopic was preferred for its ability to generate 
coherent and interpretable topics, particularly in online community discussions (21). Meanwhile, a 
study applied LDA, NMF, and BERTopic to academic text analysis, categorizing scholarly articles 
into key themes such as sustainability, healthcare, and engineering education, thereby reinforcing the 
robustness of topic modeling for research applications (22). 

Abuzayed and Khalifa et al. assessed the performance of BERTopic using Arabic pre-trained 
language models, comparing it against LDA and NMF. Their findings demonstrated that 
transformer-based embeddings could enhance topic coherence (23), a result that aligns with another 
study, which evaluated LDA, NMF, and BERTopic on Serbian literary texts (24). They reported that 
while NMF yielded the best coherence results, BERTopic excelled in topic diversity, emphasizing the 
importance of dataset characteristics in model selection. 

Rose et al. (25) presented a case on the application of structural topic modeling, specifically LDA, 
to aviation accident reports. Their research demonstrated the feasibility of utilizing topic modeling 
to uncover latent themes within accident narratives. Moreover, it highlighted the potential for 
automating certain aspects of the analysis process, thereby increasing efficiency. Also, Lee and Seung 
(26) introduced NMF, a dimensionality reduction technique, that has found application in text mining 
and topic modeling. NMF has been employed in various studies to extract topics from text data, 
providing an alternative approach to LDA (27, 28). Another study was employed to identify topics 
related to accident causation and contributing factors within aviation accident reports, effectively 
showcasing the extraction of meaningful topics (11). Another study harnessed LDA to extract topics 
from aviation safety reports and identify emerging safety concerns (29). Similarly, a study delved 
into topic modelling to categorize narratives in aviation accident reports, furnishing a structured 
representation of accident data (15). Kuhn (16) made use of text-mining techniques to analyze 
aviation accident reports, with a focus on identifying significant terms and phrases, thereby 
establishing the groundwork for the application of computational methods in accident report 
analysis. Another study introduced a framework that seamlessly melded text mining and machine 
learning, enabling the automated classification of accident reports into categories based on 
contributing factors. Their approach served as a testament to the potential for automating key aspects 
of accident analysis, consequently enhancing efficiency and consistency (17). Also, another study 
delivered a compelling contribution by employing structural topic modelling, specifically LDA, to 
aviation accident reports. Their research not only affirmed the feasibility of employing topic 
modelling to reveal latent themes within accident narratives but also underscored its potential to 
automate certain facets of the analysis process, leading to enhanced efficiency. Their research 
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emphasized the critical importance of selecting an appropriate topic modelling technique tailored to 
specific domains and datasets, accentuating the need for a nuanced approach to topic modelling in 
aviation safety analysis (25). 

Our previous work has extensively explored topic modeling in aviation safety using different 
datasets and methodologies (9, 30, 31). For instance, one study analyzed aviation safety narratives 
from the Socrata dataset using LDA, NMF, and pLSA, identifying key themes such as pilot error and 
mechanical failures (32). Another study applied multiple topic modeling and clustering techniques 
to NTSB aviation incident narratives, comparing LDA, NMF, pLSA, LSA, and K-means clustering, 
demonstrating that LDA had the highest coherence while clustering techniques provided additional 
insights into incident characteristics (30). More recently, a comparative analysis of traditional topic 
modeling techniques on the ATSB dataset was conducted, providing an initial exploration of topic 
modeling techniques in the Australian aviation context (32). However, no prior research has applied 
BERTopic to this dataset. This study builds upon our previous work by incorporating BERTopic and 
comparing its performance against traditional topic modeling approaches. By leveraging 
transformer-based contextual embeddings, we aim to determine whether BERTopic can enhance 
topic coherence and provide deeper insights into ATSB aviation safety incident narratives. 

With the advent of deep learning, newer topic modeling techniques have emerged, leveraging 
contextual word embeddings to generate more coherent topics. Among these, BERTopic (8) has 
gained attention for its ability to capture contextual relationships using transformer-based 
embeddings (e.g., BERT, RoBERTa) (33-35). Unlike traditional approaches, BERTopic clusters 
semantically similar embeddings before applying topic reduction techniques, resulting in more 
meaningful and interpretable topics (8). Early research on BERTopic has demonstrated its superiority 
in handling short-text datasets (23). This gap in literature motivates our study, which aims to conduct 
a rigorous comparative assessment of traditional and deep learning-based topic modeling techniques 
in aviation safety analysis. 

While previous studies have applied topic modeling to aviation safety reports, there is no 
comprehensive comparative analysis of how different models impact the interpretability and 
reliability of extracted aviation safety themes. By integrating deep learning-based embeddings, 
BERTopic offers a unique advantage in aviation safety research: a) Capturing complex semantic 
structures in aviation narratives (e.g., distinguishing between pilot errors and ATC 
miscommunications), b) Handling domain-specific terminology more effectively than conventional 
bag-of-words-based models and c) Dynamically adjusting topic granularity, allowing analysts to 
zoom in on specific safety concerns. Despite these advantages, BERTopic also presents challenges, 
including higher computational costs, the need for pre-trained language models, and difficulty in 
fine-tuning for domain-specific datasets. These trade-offs need to be evaluated carefully when 
applying BERTopic to aviation safety narratives, further justifying the need for our comparative 
assessment of traditional and deep learning-based topic modeling techniques. 

The major research gaps this study aims to address include a) Limited comparative studies on 
LDA, NMF, pLSA, and BERTopic in aviation safety analysis, b) Lack of evaluation metrics beyond 
coherence scores, such as perplexity and domain-specific relevance and c) Minimal research on the 
effectiveness of deep learning-based topic modeling for aviation risk assessment. To bridge these 
gaps, this study provides: 1) A detailed evaluation of four topic modeling techniques (LDA, NMF, 
pLSA, and BERTopic) on ATSB aviation safety reports, 2) A methodological assessment of how 
different models influence topic coherence, interpretability, and practical application in aviation risk 
analysis and 3) insights into the trade-offs between probabilistic, matrix factorization, and deep 
learning-based approaches, offering guidance on selecting the optimal technique for aviation safety 
analytics. By addressing these gaps, this research aims to enhance the methodological understanding 
of topic modeling applications in aviation safety, ultimately contributing to improved data-driven 
risk assessment and accident prevention strategies in the aviation industry.  
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3. Materials and Methods 

For this study, the dataset was obtained directly from ATSB investigation authorities, covering 
10 years (2013–2023) and consisting of 53,275 records. The dataset contained structured and 
unstructured textual information, including summaries of aviation safety occurrences and 
classifications of injury levels. The focus of this research was on text narratives describing the 
incidents and injury severity levels, as these elements provide valuable insights into emerging risks 
and patterns in aviation safety. Unlike previous studies that rely on publicly available ATSB 
summaries, this research utilized officially sourced records, ensuring a more comprehensive dataset. 

3.1. Data Collection and Preprocessing 

Given the unstructured nature of aviation safety reports, data cleaning and preprocessing were 
necessary to ensure accurate and meaningful topic modeling results. The raw text data often 
contained redundancies, inconsistencies, and non-informative elements, such as special characters, 
numerical values, and excessive stopwords, which could distort topic extraction. The preprocessing 
workflow included text normalization techniques, such as lowercasing, tokenization, stopword 
removal, and lemmatization, to standardize and refine the textual content (36). Additionally, 
duplicate records and incomplete entries were identified and removed to maintain dataset integrity. 
To ensure consistency across topic modeling techniques, the same preprocessed dataset was used for 
all models. This systematic approach to data preparation allowed for a fair and robust comparative 
analysis of topic modeling methods applied to ATSB aviation safety narratives. 

3.2. Topic Modeling Techniques 

Following data preprocessing, the cleaned textual data was transformed into numerical 
representations suitable for topic modeling. This transformation was performed using Term 
Frequency-Inverse Document Frequency (TF-IDF) and embeddings from pre-trained transformer 
models. The study employed four topic modeling techniques: 
1. LDA 

LDA is a generative probabilistic model used for topic modelling in large text corpora. It 
operates as a three-level hierarchical Bayesian model, where each document is represented as a 
mixture of topics, and each topic is a distribution over words. Unlike traditional clustering methods, 
LDA assumes that documents share multiple topics to varying extents, making it a suitable approach 
for uncovering hidden thematic structures in aviation safety narratives. Since the number of topics is 
not inherently predefined, hyperparameter tuning was performed to determine the optimal number 
of topics (K) as well as the α (alpha) and β (beta) parameters, which control topic sparsity and word 
distribution, respectively. 

A grid search approach was used to find the most coherent topic distribution, with K ranging 
from 2 to 15 in increments of 1 (37). For each iteration, coherence scores, which measure the semantic 
interpretability of extracted topics, were computed. The highest coherence score of 0.43 was achieved 
at K = 14, with α = 0.91 and β = 0.91 for a symmetric topic distribution. After fitting the LDA model, 
topic visualization was conducted using pyLDAvis, which generates an intertopic distance map to 
explore the relationships between extracted topics shown in Figure 1. This allowed for a more 
interpretable analysis of aviation safety themes, highlighting prevalent risks and operational issues. 
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Figure 1. A visualization of the inter-topic distances generated using pyLDAvis. 

2. NMF 
NMF is a linear-algebraic, decompositional technique that factorizes a term-document matrix 

(A) into two non-negative matrices: a terms-topics matrix (W) and a topics-documents matrix (H) as 
shown in Figure 2. Unlike LDA, which is probabilistic, NMF relies on matrix decomposition and is 
particularly effective for sparse and high-dimensional text data. The key advantage of NMF is its 
deterministic nature, which ensures reproducibility and interpretability when analyzing aviation 
safety narratives. For this study, TF-IDF transformation was applied to the dataset before 
implementing NMF. The optimal number of topics was determined by computing coherence scores 
across different K-values. The results indicated that the best topic distribution was obtained with K 
= 10, meaning the aviation safety dataset could be meaningfully categorized into 10 dominant topics 
(38, 39). The extracted topics were then analyzed to identify critical safety concerns and recurring 
operational risks in aviation incidents. 

 

Figure 2. Intuition of NMF. 

3. pLSA 
PLSA, an alternative probabilistic model for topic extraction, was implemented using the 

Gensim library, a widely used Python package for topic modeling (40). The process began with 
constructing a document-term matrix, where each row represented an aviation safety report, and 
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each column corresponded to a unique term. The Expectation-Maximization (EM) algorithm was 
then applied to estimate document-topic and topic-word distributions, enabling the identification of 
latent themes within the dataset. A key distinction between PLSA and LDA is that PLSA does not 
assume a Dirichlet before topic distributions, potentially leading to a more flexible topic allocation. 
However, unlike LDA, PLSA does not generalize well to unseen documents, making it more suitable 
for retrospective analysis rather than predictive modeling. The extracted topics provided an in-depth 
understanding of key risk factors in aviation safety incidents, reinforcing insights derived from other 
topic modeling techniques. 
4. BERTopic 

BERTopic is a transformer-based approach that leverages pre-trained language models (such as 
BERT or RoBERTa) to generate high-dimensional semantic embeddings of textual data. These 
embeddings capture contextual meaning, improving the accuracy of topic extraction compared to 
conventional bag-of-words models. To cluster similar narratives, the Hierarchical Density-Based 
Spatial Clustering of Applications with Noise (HDBSCAN) algorithm was applied to the embeddings 
(41). This allowed for the automatic determination of the number of topics, reducing the reliance on 
manual parameter tuning. Unlike LDA and NMF, which require a predefined K, BERTopic 
dynamically identifies topic clusters based on the semantic structure of the dataset. To enhance 
interpretability, dynamic topic representation was applied, where the most relevant words within 
each cluster were identified to create coherent topic labels. As shown in Figure 3, once the initial set 
of topics is identified, an automated topic reduction process can be applied again. This approach 
enabled the detection of nuanced patterns in aviation incident narratives, highlighting emerging risks 
and potential systemic failures in the aviation industry. The transformer-based approach of BERTopic 
provided context-aware topic extraction, making it particularly effective for analyzing unstructured 
aviation safety data.  

 
Figure 3. BERTopic’s interactive intertopic distance map. 

3.3. Model Evaluation 

The effectiveness of the topic modeling approaches was assessed through both quantitative 
metrics and qualitative evaluation to ensure the extracted topics were both mathematically sound 
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and contextually relevant. Quantitative evaluation involved four key metrics. The coherence score 
measured the interpretability of topics by analyzing word co-occurrence, where a higher score 
indicated more semantically meaningful topics. Perplexity, applied to probabilistic models like LDA 
and pLSA, assessed how well the model predicted unseen data, with lower perplexity values 
indicating better generalization. Topic diversity evaluated the uniqueness of discovered topics by 
quantifying the overlap of top words across topics, ensuring that the extracted topics were distinct 
and informative. Additionally, reconstruction errors, mainly used in NMF, measured how well the 
model preserved the original text corpus, where a lower error implied a better topic representation. 
In addition to these numerical assessments, a qualitative evaluation was performed to validate the 
extracted topics' real-world applicability. Domain experts in aviation safety reviewed the identified 
topics to determine their relevance to actual aviation incidents, ensuring that they aligned with 
known patterns in safety reporting. To further improve interpretability, topic labeling consistency 
was assessed, verifying whether the manually assigned topic names accurately reflected their 
thematic content. This iterative validation process refined the models by filtering out ambiguous 
topics and improving the overall reliability of the extracted insights. 

3.4. Implementation Framework 

The experiments were conducted using Python 3.8.10 in a Jupyter Notebook environment on a 
Linux server with 256 CPU cores and 256 GB RAM, running Ubuntu 5.4.0-169-generic. Key libraries 
included NLTK (v3.7) and SpaCy (v3.4.1) for text preprocessing tasks such as tokenization, stopword 
removal, lemmatization, and punctuation filtering, while Scikit-learn (v1.6.1) handled TF-IDF 
vectorization and topic modeling techniques like NMF and pLSA. Gensim (v4.3.0) was used for LDA 
topic modeling, and BERTopic (v0.16.4) enabled transformer-based topic extraction, leveraging 
UMAP (v0.5.7) for dimensionality reduction and HDBSCAN (v0.8.40) for clustering. TQDM (v4.64.1) 
was employed to visualize the progress of long-running tasks. Each model was trained using 
optimized hyperparameters identified through grid search, with LDA and pLSA utilizing Bayesian 
inference and EM algorithms, while NMF applied matrix factorization for topic decomposition. 

4. Results 

This section presents the results of the topic modeling experiments conducted on the ATSB 
dataset (53,275 records from 2003–2023). The findings are categorized into (i) topic coherence and 
perplexity analysis, (ii) interpretability assessment, (iii) model comparison, and (iv) case studies of 
extracted topics. 

4.1. Coherence Score and Perplexity 

The coherence scores and perplexity values for each model are summarized in Figure 4 and 
Table 1. The coherence score, which measures the relevance of words within a topic, was higher for 
pLSA (0.763) and NMF (0.798), indicating that these models were better at capturing meaningful and 
coherent topics. On the other hand, PLSA, LDA, and BERTopic achieved better perplexity scores (-
4.62, -6.4, and -4.63, respectively), signifying that these models were more effective at predicting the 
distribution of words in the dataset, and thus provided a better statistical fit. Overall, pLSA and NMF 
excelled in coherence, while PLSA, LDA, and BERTopic performed better in perplexity, highlighting 
a trade-off between interpretability and statistical fit. 
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Figure 4. Shows the coherence scores and perplexity for each model. 

Table 1. Summarizes the coherence scores and perplexity for each model. 

Models Coherence Score Perplexity 
PLSA 0.7634 -4.6237 
LDA 0.4394 -6.471 
NMF 0.7987 2.0739 

BERTopic’s 0.264 -4.638 

4.2. Interpretability Assessment 

Interpretability is essential when using topic models to uncover the underlying themes in a 
dataset. The following figures present the topic distribution and dominant themes for each model: 

4.2.1. Topic Distribution 

Figure 5 illustrates the topic distribution for the pLSA model, where Topic 4 was most closely 
associated with the document distribution, indicating it was the dominant theme within the dataset. 
This suggests that pLSA effectively captured the primary theme, reflecting its higher coherence. 
Figure 6 displays the topic distribution for the NMF model, where Topic 4 again appeared 
prominently, but Topics 1, 7, and 8 also showed strong associations with the document distribution, 
suggesting that NMF was able to capture additional latent themes that were not as strongly 
represented in pLSA. Figure 7 shows the LDA model’s topic distribution, where all topics appeared 
to have some association with the documents, with Topic 7 being the most prominent. This indicates 
that LDA captured a broader range of themes, though the topic distribution was more evenly spread 
across all topics compared to pLSA and NMF. 
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Figure 5. Topic distribution for the pLSA 

model.  
Figure 6. Topic distribution for the NMF 

model.  
 

 
 

Figure 7. Topic distribution for the LDA 
model.  

Figure 8. Top words for each topic chosen by LDA.  

4.2.2. Topic Wordcloud 

Figures 9, 10, 11, and 12 present the word clouds for LDA, NMF, pLSA, and BERTopic, 
respectively. In these word clouds, larger words indicate the most frequently chosen terms, while 
smaller words represent less frequent ones. These visualizations provide a clear overview of the most 
dominant and least dominant words within each model’s topics, further assisting in the 
interpretability of the extracted themes. 

 
 

Figure 9. Wordcloud for LDA Figure 10. Wordcloud for NMF 

 
 

Figure 11. Wordcloud for PLSA Figure 12. Wordcloud for BERTopic’s 
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4.2.3. Topic Word Scores 

Figures 8, 13, 14, and 15 present the topic word scores for LDA, NMF, BERTopic, and pLSA, 
offering a deeper understanding of how each model assigns relevance to specific words within each 
topic. These word scores indicate the strength with which certain words contribute to the definition 
of each topic. By examining these scores, we can gain insight into the discriminative power of each 
model in identifying and distinguishing topics based on word importance. This analysis highlights 
the varying degrees of topic specificity and the role that individual words play in defining the overall 
themes of the dataset.  

 
 Figure 13. Topic word score for NMF. 

 
Figure 14. Topic word score for BERTopic’s. 
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Figure 15. Topic word score for PLSA. 

4.3. Model Comparison 

4.3.1. Top 10 Words per Model 

Table 2 provides a comparative analysis of the key terms extracted by LDA, BERTopic, pLSA, 
and NMF, demonstrating how each method identifies and groups words into topics. Across all 
models, certain themes emerge, such as Bird Strikes & Landing Issues, Approach & Airspace Separation, 
and Engine & Mechanical Failures, which reflect common aviation safety concerns. While LDA and 
pLSA extract broad aviation-related terms, BERTopic captures more contextual nuances by including 
specific bird species (e.g., "butcherbird" and "parrot") in bird-strike-related topics. NMF, in contrast, 
emphasizes more technical aviation terms like "GPWS" (Ground Proximity Warning System) and 
"inspection," making it particularly useful for capturing procedural and safety-related details. The 
overlap in key terms across models indicates shared topic structures, but the distinct focus of each 
model highlights their varying effectiveness in capturing different aspects of aviation incidents. 

Table 2. The top 10 words chosen by each model, along with the corresponding theme. 

LDA Model BERTopic 

Model 

PLSA Model NMF Model Theme Topic 

no. 

fumes, detected, 

failed, cabin, 

cruise, crew, 

descent, 

engineering, 

inspection, 

source 

bird, landing, 

struck, 

butcherbird, 

parrot, turkey, 

aircraft, 

bundey, 

during, pygmy 

aircraft, struck, 

landing, take, 

bird, approach, 

runway, 

multiple, taxi, 

magpie, 

entered, 

without 

bird, struck, 

aircraft, 

approach, 

climb, kite, 

initial, 

takeoff, 

landing, run 

Bird 

Strikes & 

Landing 

Issues 

1 
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aircraft, crew, 

separation, 

runway, ATC, 

approach, 

resulting, 

observed, 

Cessna, loss 

bird, 

approach, 

struck, pale, 

fantail, durig, 

frigatebird, 

stilt, aircraft, 

blackbird 

damage, 

aircraft, 

resulting, 

minor, landing, 

pilot, 

sustained, 

collided, 

terrain, 

substantial, 

operations, 

control 

approach, 

missed, 

windshear, 

conducted, 

encountered, 

crew, 

aircraft, final, 

flap, ft 

Approach 

& Airspace 

Separation 

2 

take, rejected, 

crew, swallow, 

rough, martin, 

fairy, 

WINDSHEAR, 

lapwing, masked 

entered, taxi, 

without, 

clearance, 

runway, duty, 

runways, strip, 

transmission, 

comply 

approach, 

crew, aircraft, 

missed, 

conducted, 

encountered, 

flap, 

windshear, 

final, runway, 

PA28, 

turbulence 

strike, 

evidence, 

occurred, 

determined, 

birdstrike, 

flight, post, 

detected, 

inspection, 

pre 

Clearance 

& Taxiway 

Incidents 

3 

engine, 

inspection, flight, 

detected, climb, 

post, fuel, 

routine, revealed, 

determined 

initial, cocos, 

ngukurr, 

durign, 

durring, climb, 

bird, 

maryborough, 

denpasar, 

parrot 

received, 

landing, crew, 

gear, alert, 

approach, 

GPWS, E, 

indication, 

unsafe, climb, 

failed 

landing, 

struck, 

aircraft, 

multiple, 

magpie, roll, 

gear, bat, 

galah, 

swallow 

Engine & 

Mechanical 

Failures 

4 

pilot, aircraft, 

flight, helicopter, 

terrain, control, 

damage, 

sustained, 

increase, collided 

windscreen, 

cracked, 

shattered, 

window, pane, 

windshield, 

outer, arcing, 

layer, heating 

pilot, ft, 

aircraft, flight, 

Passing, 

helicopter, 

runway, 

observed, VH, 

circuit, 

registered, 

normal 

retrieved, 

officer, 

safety, 

carcass, 

runway, 

routine, 

inspection, 

fox, flying, 

magpie 

Pilot 

Operations 

& Mid-Air 

Collisions 

5 

RPA, operations, 

aircraft, aerial, 

ATC, normal, 

resulting, 

takeoff, dave, 

fortescue, bird, 

forrest, nadi, 

swan, turkey, 

crew, 

inspection, 

engineering, 

detected, 

engine, 

failed, cruise, 

crew, 

returned, 

RPA & 

ATC 

Operations 

6 
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collided, door, 

communications 

lilydale, 

winged 

revealed, 

returned, 

replaced, 

fumes, 

Engineers, 

engine, aircraft, 

climb 

engineering, 

revealed, 

climb, 

inspection, 

gear 

approach, 

aircraft, crew, 

encountered, 

alert, missed, 

received, 

conducted, 

GPWS, clearance 

pre, birdstrike, 

evidence, 

strike, could, 

occurred, 

determined, 

deteremined, 

flight, 

bridstrike 

inspection, 

safety, officer, 

flight, runway, 

retrieved, post, 

carcass, 

routine, 

detected, 

determined, 

could 

resulting, 

damage, 

minor, 

encountered, 

aircraft, 

turbulence, 

pilot, 

substantial, 

sustained, 

collided 

Approach 

& Safety 

Warnings 

7 

aircraft, struck, 

landing, bird, 

damage, minor, 

resulting, 

approach, 

runway, multiple 

final, stint, 

bird, 

edinburgh, 

necked, raven, 

approach, 

struck, feet, 

red 

fuel, flight, 

issue, aircraft, 

destroyed, 

investigation, 

pre, crew, 

balloon, due, 

pitot, Jandakot 

fumes, cabin, 

detected, 

source, 

descent, 

cockpit, 

engineering, 

did, reveal, 

inspection 

Landing & 

Fuel 

System 

Issues 

8 

crew, received, 

landing, gear, 

approach, 

engineering, 

returned, 

replaced, 

Engineers, 

aircraft 

climbing, turn, 

bank, angle, 

gpws, alert, 

anlge, 

received, 

recieved, crew 

engine, crew, 

pilot, RPA, 

aircraft, 

observed, 

radio, failed, 

TCAS, cruise, 

RA, received 

gpws, 

received, 

alert, bank, 

angle, crew, 

climb, 

warning, 

climbing, 

turn 

GPWS & 

Flight 

Alerts 

9 

4.3.2. Model Strengths and Limitations 

Table 3 highlights the trade-offs between interpretability, computational efficiency, and 
scalability for each topic modeling technique. LDA is recognized for producing interpretable topics 
with distinct word clusters, making it useful for structured text, but it requires manual tuning and 
struggles with overlapping topics. BERTopic, which leverages word embeddings, excels in capturing 
contextual meaning and fine-grained topics, yet its high computational cost and reliance on 
transformers make it less efficient for resource-constrained applications. PLSA, known for its ability 
to uncover latent structures, is well-suited for small datasets but suffers from overfitting and lacks a 
probabilistic foundation, making it less stable. NMF produces coherent topics with less randomness, 
making it a strong choice for short documents, yet it requires data normalization and is sensitive to 
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noise, limiting its flexibility. The table illustrates that each model has unique strengths, making the 
selection process highly dependent on the specific dataset and analytical goals.  

Table 3. Shows the strengths and weaknesses of each model. 

Model Strengths Limitations 

LDA  - Provides interpretable topics.  

- Generates distinct word clusters for 

each topic.  

- Works well for short and long texts. 

- Requires manual tuning of the number 

of topics.  

- Struggles with overlapping topics.  

- Topics can be less coherent for 

complex datasets. 

BERTopics - Uses word embeddings, making it 

context-aware.  

- Provides dynamic topic reduction.  

- Can handle large datasets efficiently.  

- Visualizations (e.g., topic evolution, 

similarity graphs). 

- Computationally expensive due to 

transformers.  

- Requires fine-tuning of 

hyperparameters.  

- Less interpretable than LDA. 

PLSA - Good for small datasets.  

- Finds latent structures in data.  

- Works well with document similarity 

tasks. 

- Suffers from overfitting.  

- Does not generalize well to new data.  

- Lacks a probabilistic prior, leading to 

instability. 

NMF - Produces coherent topics.  

- Works well for short documents.  

- More deterministic (less randomness). 

- Requires normalized data.  

- Less flexible for diverse document 

structures.  

- Can be sensitive to noise in data 

4.3.3. Model Evaluation 

Table 4 evaluates each model on six key aspects: interpretability, granularity, scalability, topic 
coherence, computational cost, and flexibility. LDA offers high interpretability but requires manual 
tuning for optimal performance, whereas BERTopic provides the best granularity and topic 
separation due to its dynamic reduction capabilities. PLSA, while moderately interpretable, is less 
scalable and computationally expensive, making it less practical for large datasets. NMF, on the other 
hand, achieves a balance between interpretability and coherence, though it requires preprocessed 
and normalized input data to perform optimally. BERTopic emerges as the most flexible and scalable 
model, but at the cost of higher computational demand, whereas LDA and NMF offer a practical 
middle ground for general topic modeling needs. The choice of model ultimately depends on whether 
the focus is on interpretability, computational efficiency, or handling complex, large-scale datasets.  

Table 4. Evaluates each model on six key aspects: interpretability, granularity, scalability, topic coherence, 
computational cost, and flexibility. 

Aspect LDA (Latent 

Dirichlet 

Allocation) 

BERTopic 

(Bidirectional 

Encoder 

Representations 

for Topics) 

PLSA 

(Probabilistic 

Latent Semantic 

Analysis) 

NMF (Non-

negative 

Matrix 

Factorization) 
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Interpretability Topics are 

easy to 

interpret 

Less 

interpretable, 

depends on 

embeddings 

Moderate, lacks 

probabilistic 

priors 

Interpretable, 

but depends 

on 

preprocessing 

Granularity May mix 

topics if not 

well-tuned 

Fine-grained 

topic separation 

Decent 

granularity, but 

can mix topics 

Creates 

distinct topics, 

good 

separation 

Scalability Scales well, 

but is slow on 

large data 

Scales well, but 

computationally 

expensive 

Struggles with 

large datasets 

Scales well but 

is sensitive to 

noise 

Topic 

Coherence 

Good but 

requires 

tuning 

Better coherence 

due to 

embeddings 

Can generate 

less coherent 

topics 

Produces clear 

topics with 

distinct words 

Computational 

Cost 

Moderate, 

but increases 

with more 

topics 

High due to 

transformer 

embeddings 

Computationally 

expensive, not 

scalable 

Moderate, 

needs matrix 

factorization 

Flexibility Requires 

parameter 

tuning for 

coherence 

Highly flexible, 

allows dynamic 

topic modeling 

Less flexible, 

predefined 

number of topics 

Requires non-

negative 

constraints 

Best Use Case General topic 

modeling, 

balanced 

performance 

Complex text, 

fine-grained 

topics, 

embeddings-

based 

Small datasets, 

early-stage 

analysis 

Text data with 

clear structure, 

document 

clustering 

5. Discussion 

The results presented in Figure 4 and Table 2 provide a detailed comparison of four prominent 
topic modeling techniques., LDA, BERTopic, PLSA, and NMF, applied to the ATSB dataset. This 
dataset, consisting of short, structured texts derived from aviation safety reports, presents a unique 
challenge in topic modeling, as it demands methods that can effectively capture meaningful patterns 
from succinct and well-structured narratives. As such, it is necessary to evaluate each model's 
performance in terms of coherence, interpretability, computational efficiency, and scalability is 
necessary to determine the most suitable approach. 

In terms of coherence, which measures the ability of a model to generate interpretable and 
meaningful topics, NMF appeared as the most effective model, achieving the highest coherence score 
of 0.7987. This suggests that NMF is particularly known to produce well-defined and distinct topics, 
which align with the structured nature of the ATSB reports. In contrast, LDA yielded a significantly 
lower coherence score of 0.4394. This result can be attributed to LDA's reliance on probabilistic 
distributions to model topics, which, although effective in general topic modeling tasks, struggles 
with the more deterministic word associations typical of aviation safety texts. Notably, BERTopic, 
utilizing transformer-based embeddings, achieved an even lower coherence score (0.264), indicating 
difficulties in generating coherent topics for this specific dataset. While transformer-based models 
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excel at capturing contextual relationships in text, they appear less effective when applied to the 
structured, less contextually fluid nature of the aviation safety narratives. PLSA, with a coherence 
score of 0.7634, demonstrated its ability to uncover latent structures within the dataset, but it did so 
less effectively than NMF. This suggests that while PLSA is useful for smaller datasets, its 
performance may not match the coherence levels achieved by NMF, particularly in more structured 
domains like aviation safety reports. This performance discrepancy aligns with findings in the 
literature that highlight the inherent strengths and limitations of these models in different contexts. 
For example, a study noted that LDA tends to struggle in domains requiring more fine-grained topic 
differentiation (5). Similarly, another study emphasized that while transformer-based models such 
as BERTopic excel at capturing complex, contextual relationships, they can struggle with generating 
coherent topics when the dataset is highly structured (42).  

In terms of generalization, LDA and BERTopic outperformed both PLSA and NMF. The 
perplexity scores, which reflect a model's ability to generalize to unseen data, show that LDA and 
BERTopic achieved perplexity scores of -6.471 and -4.638, respectively. These scores suggest that both 
models are better equipped to generalize compared to PLSA (-4.6237), which demonstrates a slightly 
lower ability to predict new data. NMF, however, exhibited a positive perplexity score of 2.0739, 
indicating a propensity for overfitting. This overfitting is likely due to NMF's deterministic nature 
and its sensitivity to noise in the data, as it is heavily dependent on the initial data representation (26, 
43). 

These findings are consistent with the observations made (44) noted that LDA’s probabilistic 
framework tends to offer better generalization across diverse datasets, while deterministic methods 
like NMF are more prone to overfitting in the absence of sufficient regularization (45). Thus, while 
NMF may excel in coherence, its performance in generalization to new, unseen data appears less 
reliable (43). 

When considering the strengths and limitations of each model, LDA offers the advantage of 
producing interpretable topics with distinct word clusters, making it a popular choice for general 
topic modeling (46). However, its reliance on manual tuning for the number of topics and its struggles 
with overlapping topics make it less effective in contexts requiring fine-grained differentiation, as 
demonstrated by its performance on the ATSB dataset. Additionally, the probabilistic nature of LDA 
can hinder its ability to generate coherent topics from structured datasets like those found in aviation 
safety reports. 

BERTopic, which leverages transformer-based word embeddings, presents a more dynamic 
approach to topic modeling. It captures contextual nuances effectively, making it highly suitable for 
analyzing evolving topics or extracting fine-grained insights from large datasets (8). However, its 
high computational cost, sensitivity to hyperparameter tuning, and lower coherence score on 
structured datasets like the ATSB corpus limit its practical utility for large-scale, real-time 
applications. 

PLSA, being particularly effective for smaller datasets, was able to uncover latent structures 
within the ATSB data. However, its lack of a probabilistic priority and its susceptibility to overfitting, 
particularly in complex datasets, restrict its generalization capabilities (47). In contrast, NMF 
produced coherent topics with distinct word associations, making it effective for the structured ATSB 
reports. However, its positive perplexity score suggests limitations in its ability to generalize to 
unseen data, pointing to a potential issue with overfitting (48). 

In evaluating the suitability of these models for the ATSB dataset, NMF emerges as the most 
effective technique for generating coherent and interpretable topics, making it well-suited for 
structured aviation safety narratives. The clear, interpretable topics produced by NMF are highly 
relevant for document clustering tasks, where clarity and coherence are paramount. BERTopic, while 
offering dynamic capabilities for analyzing evolving topics, did not yield the highest coherence scores 
in this context. LDA, despite its strengths in general topic modeling, struggled with coherence, 
requiring extensive parameter tuning for optimal performance on the ATSB dataset. PLSA, although 
valuable for uncovering latent structures, was less effective in terms of scalability and generalization. 
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To ensure the practical relevance of our findings, aviation experts reviewed the extracted topics 
and confirmed that the results aligned with real-world safety concerns and operational challenges. 
Their insights reinforced the validity of the analysis, highlighting the potential of topic modeling 
techniques to reveal meaningful insights into aviation safety research. As such, this comparative 
analysis contributes to the growing body of literature on topic modeling, reaffirming that the choice 
of technique should be context-driven and tailored to the specific characteristics of the dataset at 
hand. Future work could explore hybrid approaches that combine the strengths of deep learning-
based embeddings and traditional matrix factorization methods to enhance both topic coherence and 
interpretability, further advancing the utility of topic modeling in aviation safety and beyond. 

6. Conclusions 

This study provided a comparative analysis of four topic modeling techniques applied to the 
ATSB dataset, demonstrating that each model has distinct strengths and limitations in the context of 
aviation safety report analysis. The results indicate that NMF outperforms the other models in terms 
of coherence and interpretability, making it the most suitable for extracting meaningful topics from 
the structured narratives of the ATSB dataset. The clarity and distinctiveness of the topics generated 
by NMF are highly valuable for tasks such as document clustering, where coherence is crucial. In 
contrast, while LDA and BERTopic excel in generalization and perplexity, their lower coherence 
scores indicate challenges in producing interpretable topics from short-text datasets like the ATSB 
reports. 

PLSA, while useful in uncovering latent structures, was less effective in terms of scalability and 
generalization, making it less reliable for larger datasets. BERTopic’s transformer-based approach, 
though dynamic and context-sensitive, faced challenges in capturing the structured nature of the 
dataset and came at a high computational cost. Despite its flexibility, the performance of BERTopic 
in structured domains like aviation safety was limited in comparison to NMF. 

Ultimately, NMF’s superior coherence and interpretability make it the most suitable choice for 
the ATSB dataset, particularly for generating distinct and relevant topics for aviation safety analysis. 
However, future work should explore hybrid approaches that combine the advantages of different 
models to enhance topic coherence and interpretability. Additionally, real-time applications of topic 
modeling in aviation safety monitoring could be investigated to support proactive risk management 
in the aviation industry. By leveraging advanced natural language processing techniques, further 
research can improve the automation of safety analysis, ultimately contributing to enhanced aviation 
safety outcomes. 

This study contributes to the growing body of literature on topic modeling, reinforcing the 
importance of selecting the most appropriate technique based on the dataset’s characteristics and the 
research goals. By demonstrating the potential of topic modeling to reveal meaningful insights into 
aviation safety, this work paves the way for further research and practical applications in aviation 
safety analysis, with implications for both policy development and operational improvements. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

Abbreviation Definition 
ATSB Australian Transport Safety Bureau 
ASN Aviation Safety Network 
BERTopic Bidirectional Encoder Representations from Transformers Topic Modeling 
LDA Latent Dirichlet Allocation 
ML Machine Learning 
NMF Non-Negative Matrix Factorization 
NLP Natural Language Processing 
pLSA Probabilistic Latent Semantic Analysis 
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