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Abstract. This study analyzes the sentiment of final cockpit conversations before aviation accidents 

using the BERT (Bidirectional Encoder Representation from Transformers) method. The conver-

sation transcripts were obtained from the Cockpit Voice Recorder (CVR) and categorized into four 

sentiments: Neutral, Positive, Negative Stress-Panic, and Negative Frustration. The data were la-

beled and processed to train the BERT model and evaluated using confusion matrix and classifica-

tion report. The results indicate that negative stress-panic was the most dominant sentiment in the 

final conversations before the accident, with high accuracy (precision 0.96, F1-score 0.98), fol-

lowed by a lower frustration sentiment score. An eval-loss value of 0.28 suggests the model is stable 

and not overfitting. This study provides valuable insight into the emotional state of pilots in critical 

situations and highlights the potential for developing cockpit stress detection systems to enhance 

aviation safety. 
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1 Introduction 

In aviation safety, human factors play a crucial role, often outweighing other variables like the type of 

occurrence, flight phase, and the outcome of the aircraft[1]. Over the years, many aviation accidents 

have been linked to ineffective communication within the cabin[2]. Effective communication is not only 

transfer of information but also vital for maintaining situational, awareness and enabling the crew to 

work together efficiently to solve problems[3]. When communication breaks down, it can lead to a loss 

of situational awareness, disrupt teamwork, and result in poor decisions that may cause serious incidents 

or even fatal accidents. Communication errors between aircraft pilots and air traffic controllers are par-

ticularly critical and they are among the most common factors that contribute to serious aviation acci-

dents[4]. Additionally, poor communication between pilots and other crew members often serves as a 

primary cause of serious incidents, especially when stress, fatigue, and other human factors are at 

play[5]. The Cockpit Voice Recorder (CVR) is an essential tool for investigating aviation accidents by 

capturing communication and other auditory events in the cockpit[6]. The CVR records radio transmis-

sions and sounds, including pilots' voices and engine noises, providing invaluable data for accident 

investigations [7, 8]. Researchers have developed various methods for analyzing physiological data to 

identify stress and classify emotional states [9] which are often classified into five emotional states: 

neutral, anger, surprise, happiness, and sadness[10]. One such method is sentiment analysis, a technique 

within natural language processing that determines whether the sentiment in a text is positive, negative, 

or neutral[11]. The BERT language model, which uses a transformer-based architecture [12] is widely 

used for sentiment analysis and is known for its superior performance[13][14]. Several studies on BERT 

have been carried out with the following state-of-the-art showing the superiority BERT in various do-

main like used the aeroBERT-Classifier requirements, achieving high accuracy even with a small da-

taset[15]. Similarly, the Double-Stack BERT model has been employed to provide optimized book 

search recommendations. Another example is the BERT-RCNN model, which has been applied to en-

hance classification tasks, showing that BERT-based algorithms and models consistently achieve supe-

rior accuracy [16]. Sentiment analysis can also be leveraged to detect and reduce communication errors, 

as well as clarify verbal messages exchanged among cabin crew members. These examples highlight 

the extensive potential of NLP applications in the aviation industry, offering a promising foundation for 

future research in aviation-related technologies [17][18].   
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2 Research Methods 

2.1 Dataset  

This study employs a quantitative approach, utilizing machine-learning-based modeling to analyze pilot 

conversations in the cockpit before accidents. The primary focus is to assess how emotions and stress 

reflected in these conversations can be identified and analyzed. BERT is employed due to its ability to 

capture detailed contextual information and understand the subtleties of language, enhancing its overall 

effectiveness[19]. The design consists of several main stages, namely: 1) Data collection, 2) Data Pre-

processing, 3) Modelling, 4) Model Evaluation, and 5) Interpretation of the results[20]. The process 

involves collecting data and scholarly works and compiling information relevant to the research object. 

The data used in this research are a conversation transcript from Cockpit Voice Recordings (CVR) taken 

from a flight accident report. The selected transcripts were conversation that occurred in the minutes 

before the crash because these moments were considered critical in understanding the pilot’s emotional 

condition. Data was gathered from National Transportation Safety Board (NTSB) in the United States 

and Kaggle.com. NTSB  generates post hoc investigation reports that’s include raw text narrative de-

tailing their investigations[21]. Additionally, relevant data was identified using web scrapping tools. 

The dataset consist of 1.275 sentences. 

 
Fig 1. Research Flow  

For dataset Preprocessing this step involves:  

a. Cleaning: This process identifying and eliminating errors in the data warehouse. Typically, 

involves removing noise or irrelevant elements [22]. 

b. Case Folding:  The preprocessing includes converting text to lowercase, removing unnec-

essary characters, HTML tags, punctuation and stop words [23].  

c. Stemming : Stemming is the process of reducing derived words to the base form[24]. As 

the examples, “Gosh” from “God” or such as “Thanks” from “Thankyou”.  
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Also the data labeling process entails assigning sentiment categories to the raw data generated using 

ChatGPT. Using ChatGPT as an label are an effective and efficient alternative to relying on human 

expert[25]. The sentiment categories used include neutral (0), positive (1), negative panic-stressed (2), 

and negative frustration (3).  

 
Table 1. Raw Dataset Samples 

Airline Last Words Label 

Alitalia  is leaving now five thousand three six zero Neutral 

Saudi Arabian 

Airlines 
looking good Positive 

Trans World 

Airlines 
see that fire in the end 

Negative Stress-

Panic 

Continental Flights flaps fifteen Negative Frustration 

 

After preparing the raw dataset, a set of keywords-based categories was applied to facilitate sentiment 

classification. The following keywords lists were defined for each sentiment categories. These key-

words were carefully selected to reflect the emotional tone of the pilot communications and assigned to 

the following categories: Neutral, Positive, Negative Stress-Panic and Negatives Frustrations. By using 

these predefined lists, each sentence in the transcript was labeled based on the presence of specific 

keywords associated with these sentiments.  

 
Table 2. Keywords Labelling Categories 

Keywords  Label Categories  

“okay”, “say again”, “confirm”, “copy”, “clear”, “check”, 

“message”, “miles”, 
Neutral (0) 

“happy”, “good”, “great”, “well”, “excellent”, “glad”, “satisfied”, 

“nice” 
Positive (1) 

“panic”, “afraid”, “block”,“minimum”, “terrified”, “nervous”, 

“what”, “put”, “definitely”, “roger”, “fire”. 

Negative Stress-Panic 

(2) 

“gear”,“flap”,“signal”, “please”, “engine”, “god”, “jam”, “lost”, 

“down”, “over” 

Negative Frustration 

(3) 

 

To classify the emotional tone of pilot conversations, a rule-based filtering approach was imple-

mented to prioritize frustration-related sentiments, thereby avoiding overlap when multiple keywords 

from different categories were present in a single sentence. The following logic was applied. This deci-

sion structure ensures that sentences containing frustration-related keywords are classified as "negative 

frustration" before checking for other categories. If no frustration keywords are present, the algorithm 

proceeds to identify stress-panic, positive, or neutral sentiments. This approach minimizes classification 

errors that could arise from overlapping keyword matches in a single sentence. 

2.2 BERT Methods 

Bert is new language representation model that offers a distinct approach compared to previous models. 

BERT is trained using bidirectional representations from unlabeled dataset or texts, conditioning both 

the left and right context simultaneously across all layers[26]. BERT algorithms works by analysing a 

word by learning its context based on the surrounding words. This algorithm processes the context 

holistically by identifying patterns that appear both before and after the targeted words [27]. Process 

begins with text tokenization, which breakdown the text into smaller units such as words, sub words 

and characters. Next, the embedding stage is performed to convert the tokens into word vectors. This 

process utilizes embedding that have been pre-trained by the model. Subsequently, the BERT encoder, 
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consisting of multiple transformers layers, processes the tokens to generate contextual representations. 

Each layer performs multi-head self-attention operations and fully connected feedforwards networks 

[28]. There are three types of token : [CLS], which functions as an indicate the start of the sentences, 

[SEP] which serves as a separator between sentences, and [PAD] used for padding or inserting empty 

tokens to ensure the sentence length is consistent [29]. BERT is preferred due to its higher accuracy 

compared to other approaches[30]. 

    2.3 BERT Modelling 

         

          

           

         

             

             

  

The model was initialized with a pre-trained BERT base (uncased) architecture, adapted for sequence 

classification by specifying the number of output labels. Data trains was configured with appropriate 

hyperparameters, including the numbers of training epoch, batch sizes, warm-up steps and weight decay 

to optimize model performance also checkpoints were saved periodically to monitor training progress. 

The model was trained over three epochs, learning rate default (5e-5), utilizing a batch size of 8 for 

training and 16 for evaluation. A logging system was set up to record performance metrics and save 

intermediate model checkpoints. 

 Steps   Training Loss  Steps   Training Loss 

 10 1.181100  240 0.533500 

 20 1.178100  250 0.466300 

 30 1.102300  260 0.312700 

 40 1.010300  270 0.290800 

 50 0.980900  280 0.381600 

 60 0.858600  290 0.242800 

 70 0.800600  300 0.243600 

 80 0.897600  310 0.467600 

 90 0.887200  320 0.284700 

 100 0.728000  330 0.382200 

   340 0.111000 

          

              

              

      

The model’s performance was monitored using the training loss metric across multiple iterations. The 

training loss was recorded at every 10th step (fig.2). The initial loss at step 10 was 1.1811, and overtime 

the loss decreased steadily, reach at 0, 72 at step 100 until 340. This reduction in loss indicates that the 

model gradually learned from training data. 

 
   Fig 2. Evaluation Models 

             

           

            

            

      

After training the BERT-based model, an evaluation was conducted to assess its performance on the 

test dataset. The evaluation process yielded an evaluation loss of 0,2826 that indicate the model predic-

tions were reasonably accurate with minimal error. The evaluation took 89, 68 second to complete, 

processing an average of 2,843 samples per second and 0,178 steps per second. The evaluation was 

performed after completing 3 epoch. 

       e 3. Training Loss Value Over Steps Tabl



3 Results and Discussion 

The BERT model’s performance was evaluated using a classification report and a confusion matrix. 

The result highly notable difference across the four sentiment categories: neutral, positive, negative 

stress-panic, and negative frustration. The model achieved strong overall performance with a weighted 

precision, recall and F1-score of 0.96.  

 
  Table 4. Classification Report for BERT Model 

 Precision Recall F1-
Score 

Support 

0 1.00 0.83 0.91 29 

1 1.00 0.72 0.84 25 

2 0.96 0.99 0.98 194 

3 0.58 1.00 0.74 7 

accuracy   0.95 255 

macro avg 0.89 0.89 0.86 255 

weighted avg 0.96 0.95 0.95 255 

 
The matrix consist of four sentiment categories corresponding to predefined labels: class 0 – neutral, 
class 1 – positive, class 2 – negative stress panic, and class 3 negative frustration.  Each row represent 
the actual class while each column represents the predicted class. The diagonal values indicate correct 
predictions, while off-diagonal values indicate misclassifications between the different classes. Class 2 
(Stress-Panic) demonstrate the highest number of correctly classified samples (193), indicating robust 
model performance for this category. In contrast, class 0 (Neutral) and class 1 (Positive) exhibit notable 
misclassifications into other categories, suggesting potential challenges for the model in distinguishing 
these emotions from related states such as Stress-Panic and Frustration. Although Class 3 (Frustration) 
achieves perfect classification for all samples in its row, the small total sample size for this category 
highlight a possible class within the dataset.  

 
Table 5. Confusion Matrix for Sentiment Categories 

0 24 0 3 2 

0 0 18 5 2 

1 0 0 193 1 

2 0 0 0 7 

 

The Confusion Matrix shows that the model succeeded in classifying stress or panic sentiment (class 2) 
very well, as shown by the number of correct predictions of 193. The Classification Report provides 
detailed precision, recall, and F1-score for each class. Class 2 (stress or panic) has the highest perfor-
mance, with an F1-score of 0.98, while the frustration class (class 3) has the lowest performance with an 
F1-score of 0.7. The class 3 or Frustration has the lowest performance, because only 7 data. Which is 
significantly fewer compared to other categories, for example the negative category has 194 instances. 
The small amount of data can result in the model lacking sufficient information to learn relevant patterns, 
thus leading to lower performance for this category. Also from the recall class 3, is 1.00, meaning all 
instances of frustration present in the dataset are correctly identified. However, the precisions only 0.58 
indicates that many frustration predictions are incorrect, leading to a high error rate. This may occur 
because the model is more likely to classify data from other, more dominant categories as frustration due 
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to the data imbalance. Frustration often share emotional similarity with negative stress in class 2, or even 
positive emotions, there’s depending on the conversational context. This overlap, can confuse the models 
and making it difficult to distinguish between these categories. From the Confusion Matrix, it is evident 
that some frustration instances are misclassified into other categories. This indicates, that models strug-
gles to differentiate between frustration and other categories, likely due to overlapping linguistic features.  
Based on the evaluation results, the model succeeded in classifying pilot conversations in the cockpit into 
four sentiment categories. The sentiment of stress or panic was the most dominant in the last conversation 
in the cockpit before the accident, with a very accurate classification rate (precision 0.96, recall 0.99, F1-
score 0.98). These findings indicate that during critical conditions before the accident, the dominant emo-
tion in the pilot's conversation was feelings of stress or panic. 

4 Conclusion 

This research uses the BERT model to analyse sentiment in pilots' cockpit conversations before an acci-
dent. The results demonstrate that the BERT method is successfully used to classify emotions with high 
accuracy, as shown by a weighted average precision and recall of 0.96 and 0.95, respectively. The model 
effectively identifies stress or panic as the most dominant sentiments, which are crucial indicators of 
emotional states prior to accidents. However, for ambiguous or difficult-to-distinguish categories such as 
frustration, the performance can be further improved by implementing data augmentation (increasing the 
data for the frustration category), data rebalancing (using oversampling or under sampling to balance 
class distributions), and using additional features to assist in distinguishing frustration from other emo-
tions. This research makes a significant contribution to understanding pilots' emotional states before ac-
cidents, offering potential insights for improving aviation safety. Future work could involve using a larger 
and more diverse dataset to enhance the model's generalization capabilities, exploring other modelling 
techniques such as GPT or RoBERTa to assess performance improvements, and expanding the emotion 
categories for a more detailed sentiment analysis. 
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