J T AE Journal of Technology in Aerospace Engineering

E- ISSN: 2676-4253

Vol. 10, No. 3, pp. 32-42, 2026
https://doi.org/1022034/jtae.10.3.3

Journal Homepage: https://www.jtae.ari.ac.ir

Original Research Paper

Text Mining of Final Aviation Accident Reports: A Case
Study of the Civil Aviation Organization of Iran

Parham Hassan'"""' and Hamid Reza Zarghami?

1- Faculty of Mathematics, Statistics and Computer Science, University of Tehran, Tehran, Iran
2- Faculty of Graduate Studies, Shahid Sattari University of Aerospace Science and Technology, Tehran, Iran

ARTICLE INFO

ABSTRACT

Article History:

Received 03 October 2025
Revised 07 December 2025
Accepted 09 December 2025
Available Online 28 January 2026

Keywords:

Text mining

Air accidents
Machine learning
Topic modeling
Flight safety

In this study, text mining methods and machine learning algorithms were
employed to analyze the final reports of Iranian air accidents during the
period 2007 to 2025. The dataset consisted of 139 reports from the civil
aviation organization database, which were analyzed after textual
preprocessing, including the removal of redundant characters, word
normalization, stop-word elimination, and stemming. In the first stage,
word frequency analysis and topic modeling using the STM algorithm
were applied to identify the main themes of the texts. The results
indicated that the dominant topics included engine performance,
approach and landing processes, aviation training, and helicopter
accidents. Subsequently, accident severity was classified into four main
categories using KNN, SVM, naive bayes (NB), decision tree (DT), and
random forest (RF) algorithms. Model evaluation showed that the
random forest (RF) algorithm achieved the highest performance with an
accuracy of 63 percent. These findings suggest that the integration of
text mining techniques with machine learning algorithms can serve as
an effective tool for uncovering hidden patterns in aviation accident
reports and supporting safety-related decision-making. Accordingly, it
is recommended that future research focus on developing more
comprehensive and standardized accident report databases in order to
provide a stronger foundation for conducting more complex and precise
analyses. Also, using more advanced methods such as deep learning
algorithms can further improve classification accuracy.
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database.
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Fig. 1. Word cloud extracted from aviation accident reports
(Persian texts).
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Fig. 2. Word cloud extracted from aviation accident reports
(English texts)
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Table 3. Topic modeling results with STM algorithm along with

topic summary and frequency percentage of topics extracted
from aviation accident reports.
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Table 2. Topics extracted using the STM model and their key
terms based on highest probability and frex criterias.

. Highest
# Main title probability FREX
. ) SIS 5 ool
Ty Jelos S s 2lgn s allas .
1 ‘ ! il s slogglyn
ol 783 gl |
e
9| 3,50, @olgs 2, Sl 2,50k, i sSla
FaoSaln o)l &35, 6y oSl oy so ol ,e8 i
gy 3 Slas . .
9 Jlan
| s | e aimon, | S e
SO Accid, Pilot, Crew : :
< Oper
. S 5 y9ho
Sy ey RTINSV IS .w)” )9
4 999 ¢y 2 5398 &il9xr TR
$b s 2942
g,
. . . I R
5| < A s 5 5590 slogglgn e
Llsa £l ol5ee b
6 shigel Gilay | sygse ,leMbl loglor |, kel sloglon
Sl g S90S )eelS Hehg el 589
Slles 10855 s slasgl
T selonlon 1k lalsn o d ;.yb
7 S e g S, 58
Silon frerouca
L s
©9len hjgel | SIS plee emiily s i
8 i e T solignlgS (g0
alojls o shiel B o
WJ

Doleo 750 el anylb (520 3l SleMbl zlsawl p due oy Hbl 4 asgr L
Al e Jgiz 5 bl el



lrs Lojhes g G play

2 @y 005 (sanaod )3 (edle 650k slae 3)Shos aulio —F Joi

w95l FL 5 LIS (10,5 A0 licabsl 03) 8 Jobs b)) (sl jlune (ol
Table 4. Comparison of machine learning models’ performance
in classifying accident severity based on evaluation metrics
including Accuracy (95% confidence interval), Kappa, and
Macro F1.

Model Accuray (Cl 95%) Kappa | F1_Macro

KNN 0.581 (0.441, 0.715) 0.195 0.302

SVM 0.545 (0.405,0.680) 0.111 0.246
NB 0.490 (0.353, 0.629) -0.002 0.198
DT 0.418 (0.286, 0.558) 0.045 0.265
RF 0.690 (0.551, 0.808) 0.448 0.467
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Table 5. Comparison of machine learning models’ performance
in classifying each air accident severity class based on Precision
and F1 metrics.

Class Model | Precision F1

KNN 0.571 0.727

SVM 0.549 0.708

Accident NB 0.500 0.650
DT 0.531 0.566
RF 0.682 0.811

KNN 0.600 0.315

SVM 0.500 0.125

Incident NB 0 0.00
DT 0.363 0.320
RF 0.555 0.434

KNN 1.000 0.166

SVM 0.500 0.153

Serious incident NB 0.333 0.142
DT 0.166 0.173
RF 1.000 0.625
KNN 0 0
SVM 0 0
Airprox-serious incident NB 0 0
DT 0 0
RF 0 0
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Table 6. Confusion matrix for Random Forest model (500 trees)
in predicting the severity of air accidents.
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