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COMPREHENSIVE ANALYSIS OF AVIATION MAINTENANCE TEXT REPORTS 
USING NATURAL LANGUAGE PROCESSING METHODS

Purpose. This study aims to develop and validate a comprehensive approach for analyzing unstructured textual 
descriptions of defects extracted from actual aviation maintenance data. The goal is to improve both the efficiency and 
depth of fault analysis by addressing two key tasks: automatic classification of defects into standard categories and 
identification of latent thematic subgroups within these categories.

Methodology. The research is based on a dataset containing maintenance records from nine commercial aircraft 
over a seven-year period. A multi-stage preprocessing pipeline was developed, including an algorithm for domain-
specific abbreviation identification and expert-driven decoding. To solve the multiclass classification task across 
30 Chapter–Section (CS) categories, four approaches were compared: CountVectorizer with LinearSVC, TF-IDF 
and Word2Vec with logistic regression, and fine-tuning of the transformer-based DistilBERT model. For an in-depth 
analysis of the largest defect category, topic modeling based on Latent Dirichlet Allocation (LDA) was applied, with 
a quantitative procedure for selecting the optimal number of topics.

Findings. The best performance in classification was achieved by the TF-IDF with logistic regression approach, 
reaching f1-macro = 0.762 and Cohen’s Kappa = 0.809, statistically comparable to CountVectorizer with LinearSVC. 
Classical methods significantly outperformed neural network models, underscoring their robustness for analyzing 
short technical texts. Topic modeling successfully decomposed the largest defect category into five interpretable and 
semantically coherent subgroups.

Originality. The novelty of this work lies in developing and testing a formalised method for analysing unstructured 
aviation maintenance data, implemented as a single integrated process. The study also provides a detailed compara-
tive evaluation of classical and modern NLP models on domain-specific aviation maintenance data.

Practical value. The work is practical in nature and contains results which are ready for implementation. A proto-
type of an automated classifier has been created which is capable of processing the main flow of daily defect reports, 
reducing the time required for manual processing. An in-depth failure analysis tool has also been developed, which 
provides a transition from general fault codes to the analysis of specific sub-problems. This contributes to optimizing 
maintenance programs, enhancing diagnostic procedures, and ultimately improving flight safety.

Keywords: natural language processing, maintenance, aircraft, classification, topic modeling

Introduction. An aircraft, as an extremely complex, 
high-tech system, is susceptible to malfunctions caused 
by a variety of factors including human error, material 
defects, manufacturing errors, and extreme operating 
conditions [1]. Therefore, ensuring flight safety is fun-
damental to the development of civil aviation. Despite 
decades of work in this area, it is still impossible to elim-
inate existing risks completely. However, in recent years, 
significant progress has been made in improving the 
safety and economic efficiency of aircraft operations 
owing to the introduction of advances in computing, in-
formation and communication technologies, and ma-
chine learning [2, 3].

Many modern approaches in the aviation industry 
have focused on the implementation of diagnostic mon-
itoring, failure prediction, and equipment condition as-
sessment based on the intelligent analysis of structured 
data obtained from a large number of aircraft sensors 
and systems [4], including in real time [5].

Commercial aircraft maintenance also actively le-
verages these innovations by implementing predictive 
methods [6, 7]. However, despite this progress, most 
existing maintenance systems focus primarily on nu-
merical data and missing valuable information con-
tained in unstructured text reports.

Every day, aircraft maintenance and operation gen-
erate a significant volume of text data containing de-
tailed descriptions of malfunctions, their symptoms, 
and repair actions. These records, created by experi-
enced technical personnel and flight crews, represent a 
vast source of information that is often unnoticed by au-
tomated diagnostic systems oriented toward structured 
data [8]. Ignoring this information can lead to an in-
complete understanding of the nature of failures in the 
ever-growing volume of data, thereby limiting the effec-
tiveness of existing approaches to maintenance and reli-
ability management.

It can be argued that the use of automatic analysis of 
text descriptions of defects will help avoid the subjectiv-
ity and potential biases inherent in manual categoriza-
tion [9]. The intelligent analysis of maintenance records 
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can facilitate the early detection of safety issues and the 
extraction of hidden problems that may not be obvious 
using traditional approaches [10].

Although natural language processing (NLP) meth-
ods have demonstrated impressive results in various 
tasks, their direct application to aviation maintenance 
records presents unique challenges. This is because cur-
rent advances in NLP primarily stem from the analysis 
of text datasets outside technical disciplines [11]. 
Although strategies such as domain adaptation and 
transfer learning offer the potential to extend the appli-
cation of NLP to a variety of information streams, their 
success depends on the availability of topic-matched, 
well-resourced, and annotated data.

These conditions are not always applicable to the 
specialized domain of aviation maintenance because of 
their unique characteristics [8]. Text descriptions of de-
fects and repairs are mostly unstructured and short, and 
contain a wealth of specialized vocabulary, abbrevia-
tions, codes, and professional jargon not found in gen-
eral language models. This specificity requires a special 
approach that extends beyond standard NLP tools.

The use of large language models (LLM) for analyz-
ing aircraft maintenance records also has significant 
limitations. Key issues include: insufficient interpretabil-
ity of LLM output, which is critical for aviation with its 
requirement for traceability of decisions [12]; the ten-
dency of LLM to “hallucinations” (generating unreliable 
information) [13]; and difficulties in ensuring the repro-
ducibility and stability of results [14]. Additional chal-
lenges include privacy risks when using cloud-based ap-
plication programming interfaces (APIs), the need for 
significant computational resources for effective LLMs, 
and the limited context window of existing models.

Thus, given the increasing complexity of aircraft 
technology and the volume of maintenance data gener-
ated, as well as the limitations of existing NLP approach-
es for aviation texts, there is an urgent need to develop 
practically applicable and interpretable analysis method-
ologies. There is a clear need for comprehensive solu-
tions that not only automate the classification of defects 
into standard categories (e.g., aircraft systems) but also 
provide a deeper understanding of common patterns and 
specific subthemes of malfunctions within categories.

Such comprehensive analytical strategies open up 
the prospect of significantly improving maintenance 
processes and consequently increasing flight safety.

In addition to improving reliability and safety, it is 
important to consider the economic value of reducing 
the maintenance time. In aviation, maintenance delays 
lead to significant losses; therefore, speeding up diag-
nostics is critical [15]. Developing corrective actions re-
quires a rapid response, and diagnostic errors can delay 
the repair. In such circumstances, technical language 
analysis methods help automate routine tasks and 
quickly provide necessary information.

Based on the above, this study proposes and tests a 
comprehensive analysis of textual reports on aviation 
defects using natural language processing methods to 
overcome existing difficulties in the industry.

The current state of the issue. The stated relevance of 
the task of analyzing text data in the aviation domain is 
reflected in a number of scientific publications and prac-
tical developments. Traditionally, researchers have fo-

cused on the automatic analysis of information con-
tained in the Aviation Safety Reporting System (ASRS) 
[16]. For example, in [17], the Singular Value Decom-
pozition (SVD) algorithm was used together with NLP 
to analyze incidents involving dangerous goods. In the 
study [18], structural topic modeling (STM) methods 
were applied to the reports of the ASRS and the Na-
tional Transportation Safety Board (NTSB) [19], allow-
ing for the identification of non-obvious patterns in top-
ics. Deep-learning methods in NLP are also actively 
used in processing aviation safety reports. The authors 
of [20] used a Bidirectional Encoder Representations 
from Transformers (BERT) model to extract relevant 
information from tests. In addition, deep neural net-
works with a Long Short-Term Memory (LSTM) struc-
ture can be used to identify causal factors of aviation 
incidents, as shown in [21].

Overall, [22] provides a detailed analysis of existing 
publications on the application of machine learning 
(ML) and NLP to aviation safety text analysis. Conse-
quently, the authors unequivocally recommend integrat-
ing NLP into the aviation industry’s safety management 
system. They also emphasize the importance of the in-
terpretability of NLP analysis results and the need to de-
velop guidelines for preparing and annotating text data.

Text pre-processing and annotation tasks were con-
sidered in [23]. The authors of this paper propose an 
effective two-stage training approach using Transform-
ers and Sequential Denoising AutoEncoder (TSDAE), 
and Sentence BERT models for working with aviation-
domain text datasets. The Digital Automatic Terminal 
Information Service (DATIS), which is weakly related 
to specific maintenance records, was selected as the 
primary source of training data in this study. Further-
more, the methods proposed in this study remain 
poorly interpreted.

The problem of preparing text data for NLP was 
thoroughly studied in [8]. The authors proposed a 
framework for processing technical language from the 
aviation domain for prediction and condition manage-
ment (PHM) tasks. The study used the MaintNet data-
set [24] with 6,169 records on aviation maintenance. It 
should be noted that this publication does not provide 
the quality metrics of the models synthesized by the au-
thors for the task of predicting maintenance actions 
based on NLP, which significantly complicates the un-
derstanding of the significance of the achieved results. 
In addition, numerical metrics for the proposed method 
for the automatic classification of defects by ATA 100 
codes (ATA iSpec 2200), described in the study [25] are 
not presented. The authors noted that the anonymized 
database used [24] could belong to a small or training 
aircraft, which is why the topology of the detected de-
fects was significantly narrowed.

In [26], a model for classifying six types of aircraft 
failure based on text descriptions of defects was pro-
posed. The classifier developed by the authors demon-
strated high accuracy (f1-score = 0.968) on a dataset of 
1,679 records of Chinese and English texts. The authors 
of [27] also limited themselves to 10 types of malfunc-
tions and proposed a model for classifying defects based 
on aircraft maintenance records in Chinese.

In [28], researchers used a comprehensive dataset 
compiled from various sources to obtain risk ratings and 
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identify similar predictive indicators for aircraft defects 
using NLP. In this study, the authors used ATA 100 
(ATA iSpec 2200) code to demonstrate the advantages 
of the proposed NLP methods.

Thus, the analysis of the current state of the art 
shows that despite the stated need and certain successes 
in applying NLP to aviation texts, a number of unre-
solved issues and research gaps remain. In particular, 
most studies on defect classification rely on a small 
number of failure categories, which do not fully reflect 
the diversity of malfunctions in real commercial aircraft. 
Quantitative assessments of the quality of defect classifi-
cation based on maintenance text data are often lacking, 
which complicates the comparison of approaches and 
assessment of their practical applicability. Several re-
searchers have not used English language texts in their 
studies, limiting the applicability of the obtained results.

There is a lack of research using in-depth thematic 
analysis to identify subtle failure patterns within stan-
dard categories of real-world aircraft. Existing ap-
proaches based on complex deep learning models often 
suffer from a lack of interpretability, which is a critical 
drawback in the aviation industry.

Given these gaps, this study aims to partially address 
them.

The purpose. The purpose of this study is to develop 
and test a comprehensive method for the intelligent 
analysis of text descriptions of defects in aviation main-
tenance, to improve the efficiency of fault classification, 
and to obtain an informative and detailed understanding 
of their nature using interpretable methods of machine 
learning and NLP.

To achieve this purpose, the following objectives are 
solved:

1.	 A process for preprocessing and normalizing a 
corpus of real-world text records on aircraft mainte-
nance is being developed, including the decryption of 
industry-specific abbreviations and acronyms, as well 
as other text cleaning procedures to prepare the data 
for analysis.

2.	 An ML model is being synthesized for the auto-
matic multi-class classification of defects into ATA 
Chapter-Section 100 (ATA iSpec 2200) categories based 
on their text descriptions.

3.	 An approach is being developed to identify and 
interpret hidden subgroups (themes) of faults within 
the most represented Chapter-Section (CS) category 
in the dataset.

Achieving this goal will enable the efficient process-
ing of unstructured text data on maintenance, a “blind 
spot” for many existing systems. The practical effect will 
be accelerated diagnostics, reduced operating costs, and 
improved flight safety through a deeper, data-driven un-
derstanding of failure causes.

Materials and methods of the study. Dataset. This 
study utilized a dataset containing information on de-
tected defects and maintenance actions for nine com-
mercial aircrafts of the same model used on domestic 
routes between 2014 and 2020. The dataset contains 
13,204 records, each of which includes the following at-
tributes: “Date Reported” – the date of the record; 
“A/C Reg” – the aircraft registration number; “De-
fect” – a text description of the defect; “Action” – a text 
description of the action taken.

Additionally, the attributes include the system and 
subsystem codes according to the ATA 100 (ATA iSpec 
2200) standard: “Chapter” – a two-digit number XX 
encoding the main system or area of ​​the aircraft; “Sec-
tion” – a two-digit number YY detailing the subsystem.

Fig. 1 shows a heat map illustrating the number of 
reported defects per year for each aircraft in the dataset. 
The actual aircraft registration numbers were replaced 
with conditional identifiers (A, B, C, etc.) to ensure con-
fidentiality.

For ease of further analysis, the “Chapter” and 
“Section” features were combined into a single categor-
ical feature, “Part”, in XX–YY format. Using this fea-
ture, 456 unique defect categories were identified in the 
analyzed dataset. A fragment of this dataset is listed in 
Table 1.

As can be seen in Table 1, the “Section” feature con-
tains section numbers corresponding to the manufac-
turer’s documentation for the analyzed aircraft model, 
including specific codes detailing the standard ATA 100 
(ATA iSpec 2200) structure.

The distribution of records across defect categories 
in the dataset was uneven. Fig. 2 shows the number of 
records for the 30 most frequently occurring defect cat-
egories, which accounted for a significant portion (ap-
proximately 62 %) of the total data.

As Table 1 illustrates, text descriptions of “Defect” 
defects have a specific format: they are short messages 
rich in industry-specific abbreviations, acronyms, and 
codes, typical of technical language in the aviation in-
dustry. For automated analysis, preprocessing of the 
available text data is required.

Preprocessing. The text data preprocessing process 
implemented in this study is presented in the block dia-
gram in Fig. 3. Preprocessing was performed using spe-
cialized libraries in Python, version 3.10.

As shown in Fig. 3, at the initial processing stage, 
text descriptions of defects from the “Raw Text Data” 
dataset are analyzed for domain-specific abbreviations 
and acronyms for subsequent decoding. For this pur-
pose, a special Python script was written (the “Abbrevi-
ations Detection” block in Fig. 3). The operating algo-
rithm is as follows:

1. Tokenization of the text into words (tokens) using 
the regular expression “[A-Z0-9#-./]+”, which allows 
the correct extraction of lexemes containing numbers 
and special characters.

Fig. 1. Distribution of the number of defects by year for 
each aircraft
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2.	 A token is discarded if it does not contain letters 
or is included in an existing set of stop words based on 
the standard NLTK list [29].

3.	 A token is identified as a potential abbreviation if it:
-	contains numbers or the symbols “.”, “/”, “#” 

(e.g., ENG1, MSG#2, A/C), but is not purely numeric;

-	contains periods inside or at the end of a word 
(e.g., ENG., A.C.).

4.	 If a token consists solely of letters and passes the 
previous checks, it is compared to the standard English 
dictionary (NLTK words [29]). A token is also identified 
as a potential abbreviation if it is not listed in the dic-
tionary and its length is within a specified limit of two to 
five characters. This length limit allows for a focus on 
the most likely abbreviations and acronyms, filtering out 
possible typographical errors in long words or specific 
technical terms.

All unique tokens identified as potential abbrevia-
tions were compiled into a single candidate list, com-
prising 3,549 unique lexemes.

The resulting list was then submitted to an expert 
from the aviation industry for further analysis to decode 
abbreviations and acronyms (the “Expert” block in 
Fig. 3).

Frequency analysis revealed that the distribution of 
candidate abbreviations was extremely uneven; 93.5 % 
of them appeared in the dataset no more than 15 times. 
Taking Zipf’s law into account and focusing on the most 
significant terms, 6.5 % of the most frequently occurring 
candidates were selected for manual processing by an 

Table 1
A fragment of the used dataset

Date 
Reported

A/C 
Reg Part Chapter Section Defect Action

2014-01-01 B 33‒10 33 10 LH DOME LIGHT IS INOP DOME LIGHT IS REPLACED
2014-01-01 B 36‒11 36 11 BLEED 2 FAIL MSG FIM-36-10-00-810-805-A PERFORMED, 

NAPRSOV REPLACED IAW AMM 
36-11-09. (ENG#2). ADD IS CLEARED.
ADD CLEARED

2014-01-01 D 25‒33 25 33 AFTER TAKE OFF BOILER 
AND COFFEEMAKER DIDN’T 
WORK IN AFT GALLEY 
(“WATER FAIL” FLASHED

BOILER AND COFFEEMAKER HAS 
BEEN ADJUSTED

2014-01-02 C 33‒10 33 10 RH DOME LIGHT IS INOP RH DOME LIGHT IS REPLACED IAW 
AMM 33-11-01-000- 801A. OPS TEST IS 
OK. ADD CLEARED

2014-01-02 F 52‒10 52 10 THE DOOR 1L IS DIRTY CABIN INTERIOR CLEANING 
PERFORMED

Fig. 2. The number of records for the 30 most common defect categories

Fig. 3. Structural diagram of the text data preprocessing 
stage
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expert. The expert decided on the necessity and correct-
ness of expanding each term, and excluded obvious or 
established terms from the dictionary that did not re-
quire replacement.

Based on the expanded data, a dictionary was creat-
ed (the “Abbreviations dictionary” block in Fig. 3), 
which was used to replace abbreviations in the text in the 
“Abbreviations expansion” block.

A fragment of the resulting dictionary, indicating the 
number of the most frequent detections across the entire 
dataset, is shown in Table 2.

As shown in Table 2, some terms, such as EICAS, 
APU, P/N, or SEATS, are generally accepted and/or 
self-contained in the aviation context. Therefore, the 
experts did not replace them with longer equivalents to 
avoid technical language redundancy. Furthermore, the 
analysis revealed spelling and punctuation variations for 
the same concepts (e.g., “INOP” and “INOP”). In 
such cases, the expert’s task is to determine a single ca-
nonical form for the subsequent unification of these to-
kens during preprocessing.

It should be emphasized that the experts’ work was not 
entirely subjective. During the analysis, the expert relied 
on standardized industry sources, including glossaries de-
fined by the ATA iSpec 2200 standard and aircraft manu-
facturer technical documentation. This ensures a high 
degree of objectivity and accuracy in the decoded terms.

As shown in Fig. 3, after replacing the abbreviations 
in the text, a lowercasing procedure was performed.

Because the text data for the technical documenta-
tion contain numerous serial numbers, instruction and 
part codes, seat codes, and other information, all nu-
merical data were removed during the preprocessing 
stage to address the assigned tasks. To achieve this, 
punctuation marks are first removed from the technical 
documentation texts (the “Punctuation Removal” block 
in Fig. 3), with the exception of “/” and “-”, which may 
be part of the compound terms. Then, in the “Regex 
Filtering” block in Fig. 3, a multistage text filtering pro-
cess is performed using regular expressions. Tokens 
matching code patterns (e.g., “73-31-00”), seat identi-
fiers (e.g., “12C”), and single letters, numbers, and ex-
cess spaces are removed.

The next step involves tokenizing the test defect de-
scriptions (the “Text tokenization” block in Fig. 3) fol-

lowed by stop word removal using tools from the NLTK 
3.9.1 Python library [30]. To improve the relevance and 
identify more domain-specific terms, the standard stop 
word list was expanded. Frequently occurring but unin-
formative words for classification and topic modeling 
tasks were added, including “hand”, “inoperative”, 
“aft”, “forward”, “left”, “right”, “rev”, “accordance”, 
“ref”, “condition”, “bad”, “fail”, “message”, “doesnt”, 
“side”, and “broken”.

The final preprocessing step involves lemmatization 
(the “Text lemmatization” block in Fig. 3), also using 
NLTK 3.9.1 library. This procedure reduces various 
word forms to their basic dictionary form (lemma), 
which allows for the unification of text data, reduction 
of the dimensionality of the feature space, and improve-
ment of the robustness of ML models.

Building a model for classifying defects by category. 
The task of automatically classifying defects using stan-
dard CS codes can be used for data validation, assisting 
in the correct completion of defect logs and identifying 
potential inconsistencies. To build the classification 
model, we focused on the 30 most commonly represent-
ed defect categories (Fig. 2). This subsample, covering 
62 % of all records, represents a compromise between 
the breadth of coverage and methodological rigour. This 
approach, on the one hand, provides a sufficient data 
volume for each class for reliable training and model 
evaluation, and on the other hand, allows for focusing 
the analysis on categories that have the greatest opera-
tional significance in daily maintenance practices. Rare 
categories were excluded from this classification task be-
cause their analysis requires the use of other approaches, 
such as anomaly detection methods.

In the course of experimental studies conducted us-
ing the scikit-learn 1.7.0 Python library [31], an effective 
multi-class classification method was developed based 
on feature extraction from preprocessed text data using 
the Term Frequency-Inverse Document Frequency 
(TF-IDF) algorithm [32] followed by the application of 
a logistic regression model (LogReg). Because the One-
vs-Rest strategy was used for multiclass classification, a 
separate binary model was trained for each class k out of 
K classes.

The LogReg classifier was optimized by selecting the 
following hyperparameters: class_weight = ”balanced” – 
automatic weighting of classes inversely proportional to 
their frequencies; C = 2.4 – regularization parameter; 
solver = “liblinear” – optimization algorithm with 
l2‑regularization.

The TF-IDF value for a term (word) t in document d 
is calculated using the formula

	
  +

= +   +  
,

1( , , ) log 1 ,
1 ( , )

D
t d

n
tfidf t d D f

df t D
	 (1)

where ft,d is the number of occurrences of the word t in 
the document (text description of the defect) d; nD is the 
total number of documents in the corpus D; df(t, D) is 
the number of documents in the corpus D, in which the 
term occurs t.

The following settings were also selected for the 
TF‑IDF algorithm: sublinear_tf = False – uses linear 
scaling of word frequency TF (t, d) = ft,d (1); ngram_
range  = (1, 2) – unigrams and bigrams are extracted; 

Table 2
A fragment of the dictionary of abbreviations 

and their frequency in the corpus
Abbreviation Expansion Frequency

FWD forward 1,087
INOP inoperative 1,021
RH right hand 908
MSG message 906
EICAS – 869
INOP. inoperative 862
LH left hand 847
ENG engine 484
SEATS – 461
APU – 370
P/N – 324
IAW in accordance with 313



162	 ISSN 2071-2227, E-ISSN 2223-2362, Naukovyi Visnyk Natsionalnoho Hirnychoho Universytetu, 2025, № 6

min_df = 1 – words are not ignored, even if they appear 
in only one document; max_df = 0.95 – words that ap-
pear in more than 95 % of documents are removed.

To evaluate the performance of the developed classi-
fier, a set of standard quality metrics recommended for 
problems with potential class imbalance [33] was used. 
The f1-score with macro-averaging (f1-macro) was cho-
sen as the main metric for comparing the models, since 
it represents the harmonic mean between precision and 
recall and is averaged over all classes without weighting, 
making it sensitive to performance on small classes.

Additionally, the following metrics were calculated:
1.	 Accuracy – total proportion of correctly classified 

objects.
2.	 Balanced accuracy – the arithmetic mean of (re-

call) across all classes, which allows for correct evalua-
tion of models on unbalanced data.

3.	 Precision-macro and recall-macro – unweighted 
average precision and recall for all classes.

4.	 F1-weighted – weighted by the number of objects 
in each class, the average f1-score, reflecting the overall 
performance of the classifier.

5.	 Сohen’s Kappa (k) – a multiclass version of a 
metric that measures the degree of agreement between 
model predictions and true labels, correcting for ran-
dom guessing

	 k = ( po - pe)/(1 - pe),	 (2)

where 
=

= ∑ ,
1

1
K

o k k
k

p MN  is proportion of observed 

agreement (observed agreement) or accuracy (K is the 
number of classes; N is the total number of all objects; 

MK×K is an error matrix); 
=

= ∑2
1

1
K

e k k
k

p c g
N  is an expect-

ed random agreement (expected agreemen), if the model 
guessed by chance (takes into account the distributions 
of classes in predictions and in true labels). From here 

on 
=

= ∑ ,
1

K

k k j
j

c M  is the total number of objects predicted 

to be of class k, а 
=

= ∑ ,
1

K

k i k
i

g M  is the total number of 

objects that actually belong to class k.
6.	 The Matthews Correlation Coefficient (MCC) – 

correlation metric of classification quality. For a multi-
class case, the MCC is calculated based on the entire 
confusion matrix [32]. In this paper, we use the gene

ralized MCC formula for K classes, implemented in the 
scikit-learn 1.7.0 library [31]

	 = =
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Table 3 presents the performance metrics for multi-
class defect classification using standard CS codes, ob-
tained for the proposed TF-IDF & LogReg methods 
using five-fold stratified cross-validation.

Furthermore, Table 3 provides a comparison of the 
results for the Bag-of-Words algorithm (CountVector-
izer in the scikit-learn library) [34], which demonstrated 
the best performance when paired with a linear support 
vector machine classifier (CountVectorizer & LinearS-
VC). Table 3 also presents the performance metrics for a 
method based on word vector representations obtained 
using the Word2Vec model [35] and subsequent classifi-
cation using logistic regression (Word2Vec & LogReg).

Additionally, a solution (Fine-tuning BERT in Ta-
ble 3) using retraining of a deep artificial neural network 
with a transformer architecture from the transformer li-
brary [36] was investigated. For this purpose, the pre-
trained DistilBERT (distilbert-base-uncased) model 
was chosen, which is an efficient and widely used ver-
sion of the BERT model [37].

As shown in Table 3, the proposed TF-IDF & Lo-
gReg method demonstrated the best average values ​​for 
most key metrics, outperforming more complex ap-
proaches, including retraining the transformer model. 
However, a paired t-test revealed no statistically signifi-
cant superiority of the TF-IDF & LogReg model over 
the CountVectorizer and LinearSVC model ( p > 0.05). 
Therefore, it can be concluded that both models dem-
onstrate comparable high performance for this task.

Despite the lack of statistically significant differences, 
the TF-IDF and LogReg combination was selected as 
the primary model for further in-depth analysis in this 
study. This choice was based on two key advantages criti-
cal for applied problems in the aviation industry: the high 
interpretability and probabilistic nature of the model.

Fig. 4 shows a heatmap for the developed TF-IDF 
and LogReg classification method, reflecting the preci-
sion, recall, and f1-score metrics for the 30 selected 
classes. As support (norm), Fig. 6 shows the value of the 

Table 3
Comparison of classifiers using five-fold stratified cross-validation

Metrics TF-IDF & LogReg CountVectorizer & LinearSVC Word2Vec & LogReg Fine-tuning BERT

mean std mean std mean std mean std
Accuracy 0.8255 0.0015 0.8251 0.0026 0.7977 0.0063 0.8258 0.0044
Balanced 
accuracy

0.7652 0.0044 0.7617 0.0070 0.7365 0.0063 0.7075 0.0098

Precision macro 0.7674 0.0080 0.7648 0.0079 0.7244 0.0090 0.7079 0.0241
Recall macro 0.7652 0.0044 0.7617 0.0070 0.7365 0.0063 0.7075 0.0098
F1-macro 0.7619 0.0062 0.7589 0.0077 0.7261 0.0068 0.6912 0.0090
F1-weighted 0.8219 0.0023 0.8211 0.0030 0.7953 0.0061 0.7997 0.0042
k(2) 0.8091 0.0016 0.8086 0.0031 0.7793 0.0068 0.8085 0.0048
MCC(3) 0.8093 0.0016 0.8088 0.0031 0.7795 0.0068 0.8094 0.0048
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targeted preventive measures and the optimization of 
maintenance programs.

This study proposes an approach for conducting a 
more in-depth analysis of defects grouped within a sin-
gle CS using a topic modeling method based on latent 
Dirichlet allocation (LDA).

LDA is a probabilistic generative model based on the 
Bayesian approach [38]. LDA considers each docu-
ment d from a corpus D as a mixture of latent topics, and 
each topic k from a total set of K topics as a probability 
distribution over words from vocabulary V.

The topic modeling task is reduced to calculating the 
posterior distribution p(Z, Θ, ΦT, α, β), where T is the 
observed words, and Z, Θ, Φ are latent variables (word 
topics, topic distributions in documents, and word dis-
tributions in topics, respectively). Because the exact cal-
culation of this distribution is an intractable problem, an 
iterative variational Bayesian inference algorithm im-
plemented in the scikit-learn 1.7.0 library [31] was used 
to approximate it.

One of the most numerous defect categories with the 
“Part” feature, 25–21, containing 1971 records, was 
chosen as the object of topic modeling. This category 
corresponds to the CS “25‒20 EQUIPMENT/FUR-
NISHINGS-Passenger Compartment” according to 
ATA 100 (ATA iSpec 2200) code. The proposed analysis 
methodology is as follows: After preprocessing, all text 
descriptions of defects with a “Part” attribute equal to 
25‒21 were filtered from the overall dataset according to 
the diagram in Fig. 4.

Because LDA operates on word frequencies, Count-
Vectorizer from the scikit-learn library was used to 

number of objects in the class normalized to the interval 
[0, 1].

To evaluate the interpretability of the developed 
classifier model and identify the most significant fea-
tures for each defect category, the weighting coefficients 
of the trained logistic regression models were analyzed. 
The probability of belonging to a defect description i 
(represented by the TF-IDF feature vector xi) of class k 
is determined by a linear combination of the features

	
=

= + ∑,0 , ,
1

( ) ,
p

k k k j i j
j

a x w w x 	 (4)

where xi,j is the TF-IDF value of the j th token (word) in 
the i th document and wk,j is the corresponding weight 
coefficient of the trained model for class k.

The significance of the j th token (word) for determin-
ing membership in class k is directly proportional to the 
magnitude of its weight coefficient wk,j. High positive 
values of wk,j indicate that this token is a strong indicator 
of class k.

Table 4 lists the seven tokens with the highest posi-
tive weights for the four defect categories.

The analysis in Table 4 shows that the developed 
classifier makes decisions based on logical and interpre-
table features.

Search and interpretation of hidden subgroups of 
faults. The ATA 100 (ATA iSpec 2200) coding system 
used in aviation maintenance may not be detailed 
enough to understand the specifics of emerging faults 
and identify their root causes within a single CS group 
[27]. This limitation complicates the development of 

Fig. 4. Precision, recall, and f1-score metric values  by class for the proposed TF-IDF & LogReg classification method

Table 4
The most significant tokens for four defect categories, obtained from the weights 

of the trained logistic regression model
ATA 100 code

(ATA iSpec 
2200)

25-20 EQUIPMENT/
FURNISHINGS-Passenger 

Compartment
33-40 LIGHTS-Exterior 36-10 PNEUMATIC-

Distribution
52-10 DOORS-
Passenger/Crew

The “Part” 
feature in the 

dataset
25‒21 33‒40 36‒11 52‒10

Token Weight Token Weight Token Weight Token Weight
1 seat 8.2114 light 9.6961 bleed 15.6990 door 12.6649
2 seatback 5.0030 taxi 5.8214 psi 4.1701 pax door 4.8046
3 backrest 3.6838 navigation 5.3608 qrh 3.6731 cockpit door 4.1663
4 table 3.6816 wing 4.1136 naprsov 3.4183 cockpit 3.5356
5 pocket 3.1865 navigation light 4.0800 eicas 3.0961 pax 3.0052
6 recline 3.0330 taxi light 3.5350 fluctuation 2.8052 lock 2.9383
7 back 2.5706 nose 3.4822 valve 2.4427 noise 2.8998
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transform the text corpus into a document-term matrix. 
To reduce noise and filter out uninformative words, the 
vectorizer was configured with the following parameters: 
min_df = 2, max_df = 0.95.

The LatentDirichletAllocation implementation 
from the Scikit-learn library was used to build the topic 
model. The key hyperparameter of the LDA model, 
which determines the number of topics (n_components), 
was obtained through a quantitative analysis aimed at 
finding an optimal and stable solution. A series of com-
putational experiments was conducted to train LDA 
models with the number of topics k ranging from 2 to 15. 
To assess the robustness of the thematic structure, the 
coherence metric C_v was repeatedly calculated for 
each value of k while varying the number of most prob-
able words (top_words) from 2 to 10. The results of this 
experiment, averaged over all top_words values for each 
k with a 95 % confidence interval, are shown in Fig. 5.

The graph in Fig. 5 shows a peak in the average co-
herence at k = 5. In addition to the quantitative analysis, 
an expert assessment of the themes’ interpretability was 
performed. The model with k = 5 allowed us to identify 
semantically coherent and practically meaningful fault 
groups. Models with a larger number of themes (k > 8), 
although having narrower confidence intervals (Fig. 5), 
demonstrate excessive fragmentation of existing themes 
into less-meaningful subgroups.

The resulting themes were analyzed based on the 
lists of the most probable words for each theme, as 
shown in Fig. 6.

Results discussion. To address the central research 
objective of automatically classifying defects into 30 CS 
categories, four different approaches were tested and 
compared. The results of the five-fold stratified cross-
validation for all the models are presented in Table 3.

The analysis showed that the two methods demon-
strated the best performance. The method based on 
TF‑IDF and logistic regression (TF-IDF & LogReg) 
demonstrated an f1-macro value of 0.7619. The ap-
proach based on bag-of-words and a support vector ma-
chine (CountVectorizer & LinearSVC) demonstrated an 
f1-macro value of 0.7589.

This confirms the hypothesis that the presence or 
absence of keywords is a strong signal for classifying 
short technical texts.

Approaches using semantic vector representations 
demonstrated lower performances. The Word2Vec & 
LogReg model achieved an f1-macro of 0.7261, which 
may be due to the insufficient data in the highly special-
ized corpus for training high-quality embeddings. Most 
telling is the result of retraining the DistilBERT trans-
former model (a fine-tuning BERT method): contrary to 
expectations for a state-of-the-art architecture, it dem-
onstrated the lowest performance ( f1-macro =  0.6912). 
This significant result is likely due to the excessive com-
plexity of the contextual analysis for this task and the in-
sufficient data volume for effective model adaptation to 
the aviation domain. This observation highlights that for 
certain applied problems, classical but well-tuned and 
interpretable methods may be more effective.

Given the good interpretability and probabilistic na-
ture of logistic regression, the TF-IDF & LogReg meth-
ods were subjected to a more detailed analysis. This clas-
sifier model demonstrated high results according to the 
used metrics: balanced_accuracy = 0.7652, precision 
macro  =  0.7674, recall macro  =  0.7652, f1 weighted  = 
= 0.8219, Cohen’s kappa κ = 0.8091. The obtained met-
rics indicate that the model works effectively, even with 
class imbalance. The high performance of the model was 
also confirmed by the analysis of Cohen’s kappa (k) and 

Fig. 5. Dependence of the average coherence C_v on the number of topics

Fig. 6. The results of topic modeling in the form of lists of the most probable words for each topic
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MCC metrics. Both metrics evaluate the quality of the 
classification corrected for random guessing, making 
them especially valuable for problems with imbalanced 
classes. For the TF-IDF & LogReg classifiers, the MCC 
value was 0.8093. It is known that κ and MCC values in 
the range of 0.8–1.0 are traditionally interpreted as “very 
good,” meaning that the model’s performance signifi-
cantly exceeds that of a random classifier. This indicates 
that the model has extracted meaningful patterns from 
the text and has not overfitted the data. The close values ​​
obtained for Cohen’s kappa κ and MCC were not anom-
alies. As shown in a previous study [39], especially with 
some class imbalance, these two metrics often yield very 
similar model performance estimates.

The low standard deviation of the metrics 
(0.0015–0.008) for TF-IDF & LogReg indicates the 
high stability and robustness of the model.

A more detailed analysis of the TF-IDF & LogReg 
model’s performance for each class (Fig. 4) allows us to 
draw several important conclusions about the nature of 
the data and the capabilities of the proposed approach.

First, the analysis confirmed the absence of a direct 
linear relationship between the sample size and classifica-
tion quality. For example, the CS 71‒20 class 
(213  examples) demonstrated near-perfect performance 
(f1-score = 0.99), outperforming the largest class, CS 
25‒21 (1971 examples, f1-score = 0.90). This can be ex-
plained by lexical uniqueness: categories associated with 
specific technical systems (engine, pneumatics) use a spe-
cific vocabulary that allows the model to uniquely identify 
them. Simultaneously, the semantically heterogeneous 
category CS 25‒21, as shown by topic modeling, compli-
cates the classification task despite the large data volume.

Secondly, the analysis reveals a number of “prob-
lematic” classes (e.g., CS 25‒24, 25‒20, 25‒23) with 
low f1-scores (0.24‒0.50). Their low classification qual-
ity is likely due to a combination of factors: lexical over-
lap with larger classes (especially within Chapter 25), 
lack of unique terminology, and an insufficient number 
of training examples against a backdrop of high seman-
tic uncertainty.

Third, analyzing metrics by class allows us to evaluate 
the model performance in the context of practical appli-
cations, where not all errors are created equally. In avia-
tion maintenance, missing a real defect (False Negative) 
in a critical system can have more serious consequences 
than a false alarm (False Positive). In this regard, special 
attention should be paid to the recall metric, which re-
flects the completeness of the defect detection.

For most technically significant systems, the model 
demonstrated high recall: 71‒20 (Power Plant) – 0.99, 
36–11 (Pneumatic) ‒ 0.96, 33‒40 (Lights Exterior) ‒ 
0.98, which is a strong positive result from a safety per-
spective. However, for the other classes, there was a sig-
nificant imbalance between the precision and recall. For 
example, for class CS 52‒10 (Doors), a higher recall 
(0.76) with low precision (0.66) indicates that the model 
is good at detecting door defects but is prone to false 
alarms. Conversely, for CS 32‒41 (Landing Gear), a 
high precision (0.92) with a lower recall (0.78) indicates 
that the model’s predictions are very reliable, but it risks 
missing approximately 22 % of real-world defects in this 
system, which requires attention during practical imple-
mentation.

Notably, in the overall model comparison (Table 3), 
the best approaches (TF-IDF & LogReg and Count-
Vectorizer & LinearSVC) outperform the alternatives 
not only in terms of f1-macro but also in terms of recall 
macro, confirming their overall high fault detection ca-
pability.

These findings also demonstrate the importance of 
data volume in supervised learning tasks. Increasing the 
training set size by collecting data over a longer period or 
incorporating data from other computers is the most di-
rect and effective way to improve the classification reli-
ability for these “challenging” classes. A larger dataset 
will not only allow the model to better understand the 
specifics of existing minority categories but will also 
pave the way for including rarer defect types in the anal-
ysis that were excluded in this stage of the study.

Overall, the obtained results demonstrate that the 
proposed TF-IDF & LogReg classification method is 
highly effective for most technically specific and well-
represented defect categories.

Furthermore, an analysis of the most significant to-
kens for various classes (Table 4) confirmed that the Lo-
gReg model was trained on logical and easily interpreta-
ble features. For example, for CS 25‒21 (EQUIP-
MENT/FURNISHINGS ‒ Passenger Compartment), 
the words “seat,” “seatback,” “backrest,” and “table” 
have the highest weight, while for CS 36‒11 (PNEU-
MATIC ‒ Distribution), the words “bleed,” “psi,” 
“qrh,” and “naprsov” have the highest weight. This con-
firms the accuracy of the model and emphasizes its inter-
pretability, which is critical for the aviation industry.

To demonstrate the capabilities of the in-depth anal-
ysis, a topic modeling experiment using LDA was con-
ducted for the most numerous defect category, CS 
25‒21. The results (Figs. 5 and 6) convincingly demon-
strate that the model successfully decomposed this gen-
eral category into five clearly defined and easily interpre-
table thematic clusters.

Expert keyword analysis for each topic yielded the 
following interpretations:

1.	 Topic 1: “Pocket and belt defects” (words: seat, 
pocket, back, literature, cover, spring, belt).

2.	 Topic 2: “Seat mechanism malfunctions” (words: 
fix, seatback, position, upright, properly, recline, seat).

3.	 Topic 3: “Damage to folding tables” (words: ta-
ble, seat, crack, pax, food, open, tray).

4.	 Topic 4: “Damage to upholstery and seat covers” 
(words: seat, cover, backrest, bottom, torn, button, 
strap).

5.	 Topic 5: “Armrest Damage and Minor Defects” 
(words: seat, armrest, passenger, damage, armcap, 
small, pen).

This result has significant practical implications. In-
stead of a single general problem according to CS 25‒21, 
reliability engineers and maintenance planners receive a 
detailed picture, enabling targeted root cause analysis, 
optimization of specific spare parts inventory, and plan-
ning of work for different specialists (mechanics, interi-
or specialists). Thus, topic modeling serves as a powerful 
tool for a more detailed analysis than that possible with 
standard CS codes alone.

Conclusions. In this study, we developed and vali-
dated a comprehensive approach for analyzing unstruc-
tured text descriptions of defects from real-world air-
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craft maintenance data. This study aimed to address the 
challenges of automatically classifying defects and ob-
taining a detailed understanding of their nature using 
topic modeling.

The key result of this study is the creation and valida-
tion of a performant, interpretable classification model. 
A comparative analysis showed that the classical meth-
ods were the most effective for this task. In particular, 
the approach based on TF-IDF and logistic regression 
achieved high-quality metrics, demonstrating a perfor-
mance that is statistically comparable to the strong com-
petitors CountVectorizer and LinearSVC. Owing to its 
interpretability and probabilistic nature, a logistic re-
gression-based model was selected for an in-depth anal-
ysis. Both of these classical methods significantly out-
performed the approaches using semantic embeddings 
(Word2Vec) and transformer model retraining (Distil-
BERT). The success of the classifiers is largely due to 
the proposed preprocessing process, which includes ex-
pert deciphering of the domain abbreviations.

Furthermore, it was demonstrated that applying top-
ic modeling (LDA) to one of the major defect categories 
allows for its successful decomposition into five specific 
and easily interpretable subgroups. This confirms the 
ability to extract detailed knowledge inaccessible 
through analysis at the level of standard maintenance 
codes and demonstrates that this method can be extend-
ed to other categories of maintenance codes.

Despite its demonstrated effectiveness, the proposed 
approach has limitations related to the specificity of the 
dataset, sample size for minority classes, and labor-in-
tensive preprocessing stage. Further research should 
aim to validate the methodology on larger datasets, ex-
plore hierarchical approaches for complex classes, and 
develop semi-automated methods for creating domain 
dictionaries. Overall, this study contributes to the devel-
opment of a methodology for analyzing unstructured 
technical texts and demonstrates how the application of 
a balanced, interpretable approach allows for the effec-
tive extraction of valuable knowledge from aviation 
maintenance data, contributing to improved flight safety 
and optimization of operational processes.
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Мета. Дослідження спрямоване на розроблення 
й апробацію комплексного методу аналізу неструк-
турованих текстових описів дефектів, отриманих із 
реальних даних авіаційного технічного обслугову-
вання (ТО). Метою є підвищення ефективності та 
глибини аналізу несправностей шляхом розв’я
зання двох ключових завдань: автоматичної класи-
фікації дефектів за стандартними категоріями й ви-

явлення прихованих тематичних підгруп у межах 
цих категорій.

Методика. У роботі використано набір даних за-
писів про ТО дев’яти комерційних повітряних су-
ден за семирічний період. Розроблено багатоетап-
ний процес попередньої обробки, що включає ал-
горитм ідентифікації й експертного розшифруван-
ня галузевих скорочень. Для розв’язання задачі ба-
гатокласової класифікації за 30 категоріями 
Chapter-Section проведена систематична оцінка та 
порівняння різних моделей машинного навчання. 
У роботі наведені результати для чотирьох репре-
зентативних підходів: CountVectorizer із LinearSVC, 
TF-IDF і Word2Vec із логістичною регресією, а та-
кож донавчання трансформерної моделі 
DistilBERT. Для поглибленого аналізу найчислен-
нішої категорії дефектів застосоване тематичне мо-
делювання на основі латентного розподілу Діріхле 
з кількісним добором оптимальної кількості тем.

Результати. Найкращі показники класифікації 
продемонстрував підхід на основі TF-IDF і логістич-
ної регресії, досягнувши F1-macro = 0,762 і коефіці-
єнта Каппа Коена = 0,809, що статистично порівня-
но з CountVectorizer і LinearSVC. Класичні підходи 
перевершили нейромережеві моделі, що свідчить 
про їхню стійкість до аналізу коротких технічних 
текстів. Тематичне моделювання успішно декомпо-
зувало домінантну категорію дефектів на п’ять легко 
інтерпретованих і семантично цілісних підгруп.

Наукова новизна. Полягає в розробленні та 
апробації формалізованого методу аналізу неструк-
турованих даних авіаційного ТО, реалізованого як 
єдиний інтегрований процес. У роботі також пред-
ставлено детальний порівняльний аналіз продук-
тивності класичних і сучасних NLP-моделей на 
спеціалізованих даних авіаційного технічного об-
слуговування.

Практична значимість. Робота має прикладний 
характер і містить результати, готові до впрова-
дження. Створено прототип автоматизованого кла-
сифікатора, здатного обробляти основний потік 
щоденних звітів про дефекти, що зменшує час їх 
ручного опрацювання. Також розроблено інстру-
мент поглибленого аналізу відмов, що забезпечує 
перехід від загальних кодів несправностей до аналі-
зу конкретних підпроблем. Це сприяє оптимізації 
програм ТО, удосконаленню процедур діагностики 
й, зрештою, підвищенню безпеки польотів.
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