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One of the objectives of the FAA’s safety improvement plan is to continuously collect safety data to identify potential
risks. Over the last decade, the application of machine learning (ML) and Artificial Intelligence (AI) models in
prediction, classification, and identification has been widely used across both aviation and non-aviation domains. Few
studies have explored the use of ML techniques in aviation for predicting safety. Therefore, the purpose of the current
study is twofold: (2) to build and compare the classification performance of three supervised machine learning models:
Random Forest (RF), Support Vector Machine (SVM), and Extreme Gradient Boost (XG Boost), and (b) to apply the
Synthetic Minority Oversampling Technique (SMOTE) class imbalance technique to all three models and compare
the performance. The total sample size for the current study was N = 17,275, of which 15,870 (91.86%) were classified
as accidents and 1,405 (9.14%) were classified as incidents. The NTSB database includes many features, such as event
ID, registration number, Federal Aviation Regulation (FAR), flight plan, damage type, event type, crew demographics,
and aircraft characteristics. The dependent or outcome variable for the current study was event type (accident or
incident). The findings of this study demonstrate that supervised ML models can be effectively used to predict or
classify aviation events such as incidents or accidents. Specifically, the Random Forest, SVM, and XG Boost models
can be applied to operational data to classify aviation accidents and incidents. The findings of this study offer multiple
practical implications for enhancing safety through proactive and predictive data-analytical decision-making, aligning
with ICAO’s (2018) SMM. A robust SMS is always data-driven, and integrating ML to proactively identify hazards
can strengthen its foundation.
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Introduction

According to the International Civil Aviation Organization’s (ICAO, 2018) Safety
Management Manual (SMM)), the purpose of safety analysis and safety reporting is to present the
organization with the current safety state so that decision-makers can make decisions based on
the data presented (ICAO, 2018, p. 6-7). The safety management systems (SMS) framework
consists of four pillars: safety policy, safety risk management (SRM), safety assurance, and
safety promotion (ICAO, 2018). SRM is considered a fuel for SMS, in which safety-critical
hazards are identified, risks are assessed for each hazard, and risk-mitigation strategies are
implemented. Hazard identification is a critical component of SRM and depends on proactive
data collection and analysis. Data collection and analysis in SMS involve generating meaningful
insights from large datasets, including accident/incident reports, flight data logs, maintenance
logs, and employee reports (Howell, 2025). The main objective of safety data monitoring and
analysis is to help safety decision-makers or top-level management of an organization with the
current state of safety. According to ICAO (2018), this can be achieved through a data-driven
decision-making (D3M) approach. However, some key challenges safety managers face when
implementing the D3M approach include data inconsistency, volume and complexity, limited
resources, and a lack of expertise. Machine learning (ML) and Artificial Intelligence (Al) tools
are gaining popularity in aviation to help safety managers and personnel make data-driven
safety-critical decisions (Demir et al., 2024). ML-based models can be trained on historical
safety data to classify risks, predict events, and identify potential hazards (Tafur et al., 2025),
making them essential tools for aviation safety. ML modeling opens up possibilities to more
proactively address safety.

According to 14 Code of Federal Regulations (CFR) Part 5, all Part 121 U.S. Operators,
Part 135 charter operators, Part 91.147 air tour operators, Part 21 aircraft manufacturers, and Part
139 airports are required to have an SMS program to proactively manage safety and risks
(National Archive and Records Administration [NARA], 2026). Figure 1 illustrates a conceptual
framework for integrating an ML pipeline into the four pillars of the SMS framework (Sharma,
2026). As illustrated in Figure 1, the initial stage of the ML pipeline begins with identifying
safety problems and the corresponding data collection measures. These ML steps align with the
safety policy pillar, as this is where an organization’s safety goals, objectives, and culture are
built. In the later stages of the ML pipeline, such as data cleaning and integration, feature
selection and engineering, model training, testing, and evaluation, these activities can be aligned
with the SRM and Safety Assurance pillars of SMS. The final stages of the ML pipeline, such as
model monitoring, deployment to the operational environment, and building safety dashboards,
can align with the Safety Assurance of the SMS framework. In the current study, the scope is
limited to the sections highlighted in Figure 1, which are associated with Safety Risk
Management and Safety Assurance pillars of the SMS.
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Figure 1

Conceptual Framework of SMS and ML Pipeline

Note. This figure was adopted from Vivek Sharma’s LinkedIn post (Sharma, 2026).
Purpose Statement

According to the Federal Aviation Administration (FAA, n.d.), one of the objectives of
the FAA’s safety improvement plan is to continuously collect safety data to identify potential
risks. Over the last decade, the application of machine learning (ML) and Artificial Intelligence
(AI) models in prediction, classification, and identification has been widely used across both
aviation and non-aviation domains (Boukerche & Wang, 2020; Black et al., 2023; Nanyoga et
al., 2023; Samek et al., 2017; Yang et al., 2022). However, few studies have explored the use of
ML techniques in aviation to predict safety (Omrani et al., 2023; Nanyonga et al., 2025; Ramirez
et al., 2024). Therefore, the purpose of the current study is twofold: (a) to build and compare the
classification performance of three supervised machine learning models: Random Forest (RF),
Support Vector Machine (SVM), and Extreme Gradient Boost (XG Boost) to classify aviation
events: incidents and accidents, and (b) to apply the Synthetic Minority Oversampling Technique
(SMOTE) class imbalance technique to all three models and compare the performance before
and after SMOTE application.

Research Questions
RQ 1: How do the proposed models, RF, SVM, and XG Boost, compare to each other in terms of
overall accuracy, precision, recall, and F1 scores for classifying aviation events: incidents and

accidents?

RQ 2: How do the proposed RF, SVM, and XG Boost models perform after applying the
SMOTE technique to classify aviation incidents and accidents?
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The selection of the proposed ML models in the current study: RF, SVM, and XG Boost,
was based on a literature review and theoretical grounding. Various aviation studies have
successfully adopted the above-mentioned techniques (Metha et al., 2021; Nanyonga et al., 2025;
Omrani et al., 2023). For instance, Nanyonga et al. (2025) conducted a study to classify aviation
accidents and incidents using SVM and RF-based ML techniques on the Australian
Transportation Safety Board (ATSB) database. Omrani et al. (2023) investigated aviation
accidents from the Transportation Safety Board (TSB), NTSB, and ATSB databases to classify
injury levels and deployed several ML techniques, including SVM. Similarly, Mehta et al.
(2021) built RF, Gradient Boosting, and SVM models to classify aircraft damage. Building on
the above literature, the goal of the current study is to classify aviation events and conduct a
comprehensive comparative analysis of three robust supervised ML techniques: RF, SVM, and
XG Boosting. Although logistic regression is a widely considered machine learning model for
binary classification problems, the current study used advanced ML algorithms for their unique
advantages in predictive modeling. For instance, SVM is a robust technique that specializes in
finding optimal class-separating hyper-plane when using multiple features (Omar et al., 2024).
RF is an ensemble technique of decision trees used to make accurate predictions and is often
considered to reduce overfitting concerns and improve generalization (Breiman, 2001). XGBoost
is an ensemble learning technique that can capture complex nonlinear relationships and improve
predictive accuracy (Friedman, 2001).

Study’s Significance

A conceptual framework for integrating the ML pipeline into the SMS framework is
shown in Figure 1. The objectives of the current study were to train and evaluate supervised ML
models to classify aviation events based on historical data. One of the key findings of the
proposed study is the development of ML models that can serve as automated hazard-
identification tools in the SRM stage. In particular, aviation stakeholders implementing a full
SMS Framework, including but not limited to airlines, AMTs, airport operators, and UAS
operators, can deploy the proposed ML models in their SMS framework and assist safety
analysts by classifying historical safety reports into critical operational hazards. Although the
current study uses historical National Transportation Safety Board (NTSB, n.d.) data, the NTSB
data capture safety characteristics or safety performance indicators comparable to those used by
aviation stakeholders in their safety programs, such as Aviation Safety Action Reports (ASAP),
Aviation Safety Information and Analysis Sharing (ASIAS), and National Aeronautical and
Space Administration’s (NASA’s) Aviation Safety Reporting System (ASRS), thereby
increasing the generalizability of the current findings. The reader should also be required to note
that the practical implications of the current study’s findings are to be considered as proof-of-
concept and to guide aviation stakeholders in integrating ML practices into the SMS framework.

Literature Review

Use of ML in Aviation Safety

Prior research in other fields and aviation is reviewed to highlight the need for ML in
aviation safety. The application of ML techniques in healthcare has witnessed rapid
advancements, completely changing the landscape of medical treatment and diagnosis (Ramirez
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et al., 2024). Recently, the use of ML-based prediction models to classify driver behaviors,
identify high-risk road segments, and forecast road infrastructure failures has gained popularity
(Boukerche & Wang, 2020; Yang et al., 2022). The aviation industry has begun adopting data-
driven approaches, such as ML, to enhance safety. The application of ML models to
autonomously identify aviation operational hazards and assess potential risks has been reported
in several studies (Huang et al., 2020; Kuleshov et al., 2023; Borjalilu, 2024). According to
Demir et al. (2024), the use of ML models can significantly help aviation organizations explore
large quantities of flight operational data. Khalid et al. (2023) reported the effectiveness of ML
models in analyzing trends and patterns from historical safety data to help top-level management
make informed flight operational safety decisions.

Several studies have examined the application of ML techniques to enhance aviation
safety (Karaburun et al., 2024; Nanyonga et al., 2025; New & Wallace, 2025; Omrani et al.,
2024; Rahman et al., 2025). Karaburun et al. (2025) explored how the takeoff performance of a
B737-300-type aircraft was predicted using different ML approaches, including SVM,
regression, RF regression, and XGB. Omrani et al. (2024) examined aviation accident data
through various ML approaches, including Artificial Neural Network (ANN), Decision Tree
(DT), and SVM, to identify potential contributing factors of accidents. Mehta et al. (2001)
investigated several ML models, including SVM, RF, and logistic regression, to predict the
severity of airplane crashes. Silagyi and Liu (2023) applied SVMs to predict aircraft damage and
personal injury severity using National Transportation Safety Board (NTSB) accident data from
2014 to 2019.

In a recent study, Cankaya et al. (2023) used supervised ML methods, including
multinomial logistic regression, SVMs, and deep learning, to predict aircraft damage from the
FAA’s Aviation Safety Information Analysis and Sharing (ASIAS) accident and incident data
from 2020-2024. Nanyonga et al. (2025) conducted a study to monitor the classification
performance of four different ML approaches, including SVM, logistic regression, RF, and deep
neural networks, on the Australian Transportation Safety Board’s (ATSB's) accident data by
incorporating a Variational Autoencoder (VAE), a class imbalance technique. These studies
demonstrate ML's ability to classify and predict when trained on aviation safety data.

Safety is paramount in aviation, and safety management is a priority for all aviation
stakeholders, including airline operators, airport operators, maintenance service providers, airline
pilots, and air traffic controllers (ATCs). Airlines and aviation organizations collect operational
data through various safety programs, including Flight Operational Quality Assurance (FOQA),
Line Operations Safety Audit (LOSA), Aviation Safety Action Program (ASAP), and aviation
accident databases, to identify hazards and mitigate potential risks. Although a few studies have
focused on using supervised ML techniques to identify aviation-related safety by leveraging the
FAA’s ASIAS, ATSB, and incident logs from FDM programs (Cankaya et al., 2023; Karaburun
et al., 2024; Nanyonga et al., 2025), there is a dearth of research that focuses on building
supervised learning models using NTSB to classify event types based on different features.
Additionally, most previous studies did not account for class imbalance, a widely observed
problem in real-time operational or safety datasets, where accidents occur far less frequently than
incidents.
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Methods

The current study began by identifying key features (predictors) and the criterion
variable, performing data preprocessing and handling missing data, executing model training and
evaluation, and finally applying the Synthetic Minority Oversampling Technique (SMOTE) to
address class imbalance across all models.

Sample and Feature Selection

The population for the current study included all aviation accidents and incidents
reported in the NTSB (n.d.) database. The accessible population and sample for the current study
included all accidents and incidents reported in the NTSB database between January 2015 and
July 2025. The total sample size for the current study was N = 17,275, of which 15,870 (91.86%)
were classified as accidents and 1,405 (9.14%) were classified as incidents. The NTSB database
includes many features, such as event ID, registration number, Federal Aviation Regulation
(FAR), flight plan, damage type, event type, crew demographics, and aircraft characteristics. The
dependent or outcome variable for the current study was event type (accident or incident). The
NTSB dataset comprises more than 40 features that can be used as predictors; however, it is
necessary to focus only on a subset of variables (features) likely to have a significant impact on
aircraft operations. In aviation, accidents or incidents are never caused by a single factor but
result from multiple interactions among humans, aircraft systems, environmental conditions, and
organizational structures (Reason, 1990; Wiegmann & Shappell, 2003). Therefore, 15 key
features were selected for the feature selection process, as shown in Table 1. The selected
features were broadly classified into three categories: aircraft, flight crew-related, and
environment-related. The selection of features for the current study was also consistent with
previous studies that examined ML models to classify aviation events (Cankaya et al., 2023;
Omrani et al., 2023; Silyagi & Liu, 2023).

Data Preprocessing

All missing data were identified in Python and handled based on the percentage of
missingness. Features with more than 40% missing data were excluded from the model. Missing
data for continuous features were imputed with median values, and missing data for categorical
features were imputed as unknown values. All categorical variables were coded using One-Hot
Encoding, which converts them into binary indicators (1 and 0).

Table 1
Handling Missing Data
Features Selected | Missing Data Count % Missing Strategy
afm_hrs last insp Number of Hours since 13051 75.54 Excluded
last inspection
flight plan activated Type of Flight Plan filed 6907 39.98 Unknown
cert max_gr wt Certified Max Gross 5615 32.50 Median
Weight
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flight hours Total number of flight 5349 30.96 Median
hours
type last insp Last Inspection Type 4928 28.52 Median
crew_age Age of Flight Crew in 4679 27.08 Unknown
Years
eng_type Engine Type 4612 26.69 Unknown
second pilot If there is a second pilot 4304 2491 Unknown
flt plan filed Type of Flight Plan filed 4068 23.54 Unknown
far part FAA Regulation Part 497 2.87 Unknown
acft category Aircraft Category 186 1.07 Unknown
Occurrence Code Type of Occurrence 14 0.08 Unknown
wind vel kts Wind Velocity in Knots 0 0.00 -
gust kts Gust Velocity in Knots 0 0.00 -
wx_cond basic Basic Weather Condition 0 0.00 -

Model Development Hyperparameters and Evaluation Metrics

Three supervised learning models were developed and implemented to evaluate the
classification performance of the event types: Random Forest (RF), Support Vector Machine
(SVM), and Extreme Gradient Boosting (XG Boosting). All three models were configured based
on the key hyperparameters listed in Table 2. These hyperparameters increase the model's
balance by reducing biases, enhancing model robustness, and avoiding overfitting. In the current
study, all selected hyperparameters were drawn from prior literature (Nanyoga et al., 2025;
Silyagi & Liu, 2023). The use of extensive hyperparameter tuning was avoided to ensure a

consistent comparison across all models before and after SMOTE.

Table 2
Handling Missing Data
Model SMOTE Key Hyperparameters
Applied?
RF Yes n_estimators=200; max_depth=2; criterion = ‘gini’
random_state=7; max_features = ‘sqrt’;
class_weight not used SMOTE applied
SVM Yes kernel="linear'; C=1.0; gamma="scale’'
probability=False, random_state=7; decision function shape = ‘ovo’
XGB Yes eval metric="logloss', scale pos weight=1,

random_state=7, use_label encoder=False, max_depth=3

As reported in Table 3, the model's performance was evaluated using Accuracy, F1-score,
Precision, and Recall. Accuracy is a fundamental indicator of model performance (Powers,

2020).
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Table 3
Evaluation Metrics
Metric Definition Formula Interpretation
Accuracy It is defined as all correctly (TP + TN) Gives an idea of overall
predicted instances out of the (TP + TN + FP + FN) performance of the model.
total
F1- It is defined as the weighted (=7 Useful when you use a single
Score average score of precision and * p+7) metric to measure
recall performance with multiple
imbalances categories.
Precision It is defined as the proportion TP When the model predicts a
®) of true positive (TP) (TP + FP) certain category, how often is
predictions out of all positive it correct?
predicted values (TP + FP)
Recall (r) It is defined as the proportion TP Out of all actual instances of a
of true positive (TP) (TP + FN) specific category, how many
predictions out of all actual did the model correctly detect?

positive values (TP + FN)

Precision ensures the reliability of a model by reducing false positives (Sokolova &
Lapalme, 2009). Recall is a critical metric for identifying the positive class when dealing with an
imbalanced dataset, whereas the F1-score is a weighted average of precision and recall and
mitigates bias toward a specific metric (He & Garcia, 2009). In addition to the evaluation
metrics, the current study used a confusion matrix to assess classification errors. A confusion
matrix is a two-dimensional contingency table used to differentiate between “actual” and
“predicted” values, and it has been widely used as a performance evaluator in health and aviation
studies (Nanyonga et al., 2025; Yang & Berdine, 2024). As reported in Table 4, the errors were
analyzed from two different perspectives: False Positives and False Negatives. Along with the
errors, the true positive and true negative values were also reported.

Table 4
Confusion Matrix
Actual Values Predicted Values
Predicted Positive Predicted Negative
Actual Positive True Positive (TP) False Negative (FN)
Actual Negative False Positive (FP) True Negative (TN)

Area Under Curve Receiver Operating Curve

In addition to the confusion matrix, a receiver operating characteristic (ROC) curve was
used to evaluate the overall performance of the three models: RF, SVM, and XGBoost. An ROC
curve was initially developed during World War II to differentiate between signals and noise
(Nahm, 2022). ROC curves have been applied in psychology, medicine, and machine learning
(Nahm, 2022; Sui et al., 2021; Tanner & Swets, 1954). In machine learning, the ROC plots True
Positive Rates against False Positive Rates. The Area Under the Curve (AUC) is a key metric
derived from the ROC curve that summarizes the model's overall performance in differentiating
between positive and negative values. An AUC score of 1.0 indicates that the model is a perfect
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classifier, and a score of.50 indicates that the model is a poor classifier; any prediction is
equivalent to random guessing (Chang & Newman, 2024).

Handling Class Imbalance

When conducting research on aviation safety data, one key obstacle is class imbalance.
This is critical, especially when predicting critical but rare events, such as accidents or incidents.
Machine learning performance metrics, such as overall accuracy and receiver operating curve
(ROC), tend to perform poorly when the data are imbalanced (Chawla et al., 2002). One of the
most widely used techniques for handling class imbalance is the synthetic minority oversampling
technique (SMOTE) (Chawla et al., 2002; Delgado & Nufiez-Gonzalez, 2022; Riantika et al.,
2024). According to Chawla et al. (2002), in SMOTE, minority classes are oversampled by
creating new minority class examples rather than by oversampling with a replacement. The
SMOTE technique relies on creating new data points for the minority class by selecting samples
from the minority class and their nearest neighbors. As noted earlier, the criterion variable of this
study was highly imbalanced, with 15,870 (91.86%) instances classified as accidents and 1,405
(9.14%) as incidents. This imbalance could potentially inflate or deflate the performance metrics
of the three ML models: RF, SVM, and XGB.

Therefore, the current study employed the SMOTE technique and compared the
performance of all models before and after its application. A graphical illustration of SMOTE is
shown in Figure 2. In the example below, X5 (orange dot), which is a minority class, is randomly
selected, and the nearest neighbors are identified as X1, X2, X3, X4, X6, and X7 (cyan circles).
One of these neighbors is randomly selected; in this instance, it is X6. The vector distance
between X1 and X6 was computed, and a scalar gap was applied to it. A new synthetic sample
(green dots) was generated using the following formula:

rl = X5 + (Diferrence beyween X1 and r1) * (X6 — X5)

Figure 2
lllustration of SMOTE Analysis

X2

X4

X1
X6

Newly
Synthesized

Minorty Class
Data

X7
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A detailed description of the machine learning pipeline is shown in Figure 3. The ML
pipeline adopted in the current study began with data collection and preprocessing, which
included handling missing data, encoding categorical variables through a one-hot encoding
strategy, and feature scaling. In the next stage, the dataset was divided into two sets: training and
testing sets. To address the class imbalance issue, SMOTE was applied only to the training
dataset after splitting the data into training and testing datasets. This process ensured that the test
data remained unchanged and prevented the model from inflating the results due to the newly
created synthetic samples (He & Garcia, 2009).

Figure 3

Machine Learning Pipeline

Results

In this study, three different supervised ML models, RF, SVM, and XGB, were built and
compared to differentiate between accidents and incidents based on different features. The
Synthetic Minority Oversampling Technique (SMOTE) was employed to mitigate class
imbalance. Next, all model performance parameters were compared before and after SMOTE
was applied.
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Random Forest (RF) Model Performance Before and After SMOTE

The results for the RF model before and after applying SMOTE are presented in Table 5.
The model before the SMOTE application had an overall accuracy score of 0.93. However, the
recall value for incidents was only 0.27. After applying SMOTE, the recall value for incidents
significantly improved to 0.84, whereas the overall accuracy decreased slightly to 0.90. As
shown in Figure 4, after applying SMOTE, the true-positive counts for incidents significantly
increased, indicating improved incident classification. However, there was a slight increase in
the number of false negatives associated with accidents. Additionally, as shown in Figure 5, the
receiver operating curve (ROC) achieved a value of 0.93, indicating robust discrimination
between accidents and incidents.

Table 5

RF Model Performance Before and After SMOTE

Model Class Precision Recall F1 —Score Accuracy
Before SMOTE  Incident 0.68 0.27 0.38 0.93
Accident 0.94 0.99 0.96
After Incident 0.43 0.84 0.57 0.90
SMOTE Accident 0.98 0.90 0.94
Figure 4
Confusion Matrix for RF Before and After SMOTE
Incident(0) 75 206 Incident(0) 236 45
E 2
3 5
(] (]
= =
Accident(1) 35 Accident(1) - 315
Incidént(O) Accident(1) Incidént(O) Accident(1)
Predicted Label Predicted Label
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Figure 5
ROC Curve for RF Model After SMOTE
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Support Vector Machine (SVM) Model Performance Before and After SMOTE

Similar results were obtained for SVM compared to those for RF. The SVM model
performance parameters before and after SMOTE are listed in Table 6. Before applying SMOTE,
the overall accuracy score was 0.93, with recall values of 0.26 and 0.88 for incidents and
accidents, respectively. After applying SMOTE, the recall for incidents significantly improved to
0.87, while the overall accuracy slightly decreased to 0.88.

Table 6
SVM Model Performance Before and After SMOTE
Model Class Precision Recall F1 —Score Accuracy
Before SMOTE  Incident 0.69 0.26 0.37 0.93
Accident 0.94 0.99 0.96
After Incident 0.39 0.87 0.54 0.88
SMOTE Accident 0.99 0.88 0.93

As shown in Figure 6, a similar trend was observed in the confusion matrices of the SVM
when compared with RF. After applying SMOTE, the true-positive counts for incidents
increased from 82 to 245, indicating improved incident classification. However, there was a
slight increase in false positives associated with accidents. Additionally, as shown in Figure 7,
the receiver operating characteristic (ROC) achieved a value of 0.92, indicating robust
discrimination between accidents and incidents in the dataset.

http://ojs.library.okstate.edu/osu/index.php/cari 189



Sharma et al.: Data-Driven Decision-Making in Aviation Safety Management Systems: A Supervised Machine
Learning Approach

Figure 6

Confusion Matrix for SVM Before and After SMOTE
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ROC Curve for SVM Model After SMOTE
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Extreme Gradient Boost (XG Boost) Model Performance Before and After SMOTE

As reported in Table 7, the performance metrics of the XGBoost models also improved
after applying SMOTE, similar to those of the RF and SVM models. The recall values for the

incidents improved from 0.29 to 0.88, while the overall accuracy decreased slightly from 0.93 to
0.90.
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Table 7
XG Boost Model Performance Before and After SMOTE
Model Class Precision Recall F1 —Score Accuracy
Before SMOTE  Incident 0.68 0.29 0.41 0.93
Accident 0.94 0.99 0.96
After Incident 0.43 0.88 0.57 0.90
SMOTE Accident 0.99 0.90 0.94

As shown in Figure 8, a similar trend was observed in the confusion matrices of the XG
Boost compared to those of the RF and SVM models. After applying SMOTE, the true-positive
counts for incidents increased from 82 to 238, indicating improved classification performance.
However, there was a slight increase in false positives associated with accidents. Additionally, as
shown in Figure 9, the receiver operating curve (ROC) achieved a value of 0.94, indicating
robust discrimination between accidents and incidents.

Figure 8

Confusion Matrix for XG Boost Before and After SMOTE
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Figure 9
ROC Curve for XG Boost Model After SMOTE
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The results of the current study indicate that, before applying SMOTE, all models yielded
high overall accuracy but poor recall for the minority class (incidents). After implementing
SMOTE, recall for the minority class (incidents) increased consistently across all three models:
RF, SVM, and XG Boost. However, the overall accuracy was slightly decreased

Discussion

The primary purpose of the current study was to demonstrate whether supervised
machine learning models, including Random Forest (RF), Support Vector Machine (SVM), and
Extreme Gradient Boosting (XG Boost), can effectively classify aviation accidents and incidents
using a focused set of aircraft, crew-related, and environment-related features derived from
NTSB records. The findings of this study demonstrate that supervised ML models can effectively
classify aviation events, including incidents and accidents. All three models achieved strong
overall performance when evaluated using accuracy, precision, recall, and F1 score, indicating
that data-driven approaches are well-suited for supporting quantitative safety analysis in aviation.
The similarity in the high overall accuracy and performance across all models indicated that the
current dataset contained consistent patterns that could have been captured by all algorithms. For
instance, the relationship between environmental factors and the likelihood of an aviation event
could have been learned similarly across all models. The findings of the current study are
consistent with previous studies, indicating that supervised ML models, such as SVM and RF,
can be used to classify or predict aviation safety-related events (Nanyoga et al., 2025; Omrani et
al., 2023). The findings of the current study are also consistent with those of Silagyi and Liu
(20230), who reported the advantages of using SVM modeling to predict the severity of personal
injury in aviation accidents. This indicates an application of ML modeling in aviation that can be
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developed to further support proactive safety within SMS. Specifically, the Random Forest,
SVM, and XG Boost models can be applied to operational data to classify aviation events. The
current study's findings indicate that safety-related data collected from routine operations, when
combined with ML techniques, can provide fully or partially automated support for safety
classifications for airline operators, aircraft manufacturers, and aircraft maintenance technicians.

Moreover, all three models demonstrated good overall accuracy both before and after
applying SMOTE. However, RF and XGB achieved slightly higher accuracies after applying
SMOTE than SVM did. A plausible explanation is that tree-based models, such as RF and XGB,
better handle complex, overlapping patterns in the data when synthetic samples are generated
with SMOTE. However, SVM that relies on decision boundaries could be affected by these
changes. Before applying class-imbalance techniques, all models performed better in the
majority class (accidents). However, after applying SMOTE, the models’ ability to correctly
identify the minority incident class improved substantially, as evidenced by marked gains in
recall and F1 scores. Simultaneously, the overall accuracy decreased slightly, which is a common
trade-off when correcting for class imbalance, but remained high at or above 0.88 across all
models. A plausible explanation for these findings is that, after implementing SMOTE, the
representation of the minority class in the dataset (incidents) was increased by creating synthetic
samples. This helped the models learn more patterns associated with the minority class
(incidents), thereby improving their detection rates. However, when SMOTE was applied, the
dataset was rebalanced by creating synthetic samples of the minority class, which could have
expanded the decision regions associated with the minority class. Consequently, there could be
an increased tendency for the models to classify a few accidents as incidents, leading to
increased false-positive rates and reducing overall accuracy. Aligned with prior work, the
findings of the current study also demonstrate that supervised ML models, when combined with
class-imbalance techniques, can be effective for classifying aviation events. The results of the
current study are consistent with those of previous studies that prioritized the use of class
imbalance techniques to handle unequal groups (Dangut et al., 2022; Nanyoga et al., 2025)

In addition, receiver operating characteristic (ROC) curve analyses indicated area under
the curve values above 0.90 for the RF, SVM, and XG Boost models following SMOTE, which
reflects strong discrimination between accidents and incidents across decision thresholds and
underscores the potential value of these models in informing SMS processes. This finding is
further supported by a significant improvement in recall for the minority class (incidents). From
an aviation safety standpoint, an increase in recall is critical, as it projects a reduced likelihood of
not identifying incident events that could potentially be emerging hazards. For example, greater
recall values would enable airlines to identify a high proportion of unstable approaches or
altitude deviation incidents. This information can help safety managers or analysts develop
proactive measures before runway excursions or controlled flight into terrain (CFIT) events
occur. The application of SMOTE resulted in higher recall values; however, as reported in
Tables 5, 6, and 7, there was a slight reduction in the overall accuracy of all three ML models.
Therefore, the reader is reminded that this should not be treated as a reduction in the ML models'
operational efficiency. In high-risk domains, such as aviation, false negatives may yield greater
safety consequences than false positives. These findings align with the objective of proactive
hazard identification under the safety risk management pillar of the SMS (ICAO, 2018). The
current findings also imply that organizations implementing ML models within their SMS
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framework to classify aviation-related hazards can be successful by prioritizing models with high
recall, though this may result in high false positives. Although false-positive events increase the
workload of safety analysts, reviewing flagged cases remains critical for identifying hazards
early.

These results indicate that the findings of this study offer multiple practical implications
for enhancing safety through proactive and predictive data-analytical decision-making, aligning
with ICAO’s (2018) SMM. A robust SMS is always data-driven, and integrating ML to
proactively identify hazards can strengthen its foundation. Safety risk management (SRM) is one
of the critical pillars of the SMS framework, and ML models can be augmented to the SRM
pillar to proactively identify hazards and prioritize them for a detailed review. Moreover,
combining ML techniques as decision-making tools with human resources in the SMS
framework will enhance the robustness of safety assurance and support continuous safety
improvement in aviation organizations.

Conclusion

The findings of this study demonstrate that supervised ML models can effectively classify
aviation events, such as accidents and incidents. All ensemble learning tree-based models,
including RF and XGB, and decision boundary-based models, including SVM, achieved strong
overall performance. The application of SMOTE improved performance for the minority class
and increased true positive rates. These findings emphasize the importance of data-driven
practices and the advantages of integrating ML-based approaches for classifying hazards in
aviation safety.

Limitations

The current study has several limitations that should be considered when interpreting the
results. First, the analysis relied exclusively on historical NTSB (n.d.) accident and incident data,
which are subject to reporting practices, coding conventions, and potential underreporting that
may introduce bias and limit the generalizability of the findings to other jurisdictions, time
periods, or data sources. Second, although 15 key predictors were selected to balance operational
relevance with data quality, additional potentially meaningful variables were excluded because
of high levels of missing data or preprocessing constraints, which may have limited the models’
ability to fully capture the complexity of real-world accident and incident causation. Third, the
use of SMOTE to address class imbalance inherently anchors the models to the structure of the
existing dataset, improving the detection of typical incident patterns but potentially reducing
sensitivity to rare, emerging, or qualitatively different event types that are not well represented in
historical data. Finally, model training and evaluation were conducted in a research environment
rather than an operational setting; therefore, the study did not assess how safety practitioners
would interpret and use model outputs in practice or how false positives and false negatives
might influence decision-making and resource allocation.

Future Research

In the context of future research, there is a clear opportunity to extend this work by
integrating multiple complementary data sources, such as Flight Operational Quality Assurance,
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Line Operations Safety Audit, Aviation Safety Action Program, and Aviation Safety Information
Analysis and Sharing system with NTSB records to create richer multi-source datasets that span
both the precursors and outcomes of safety events. Such integrated datasets would enable
researchers to examine whether the model performance, stability, and transferability improve
across different operational environments, operator types, and flight phases. Future studies
should also conduct structured comparisons of SMOTE with alternative imbalance-handling
strategies, including cost-sensitive learning, ensemble approaches that emphasize the minority
class, and anomaly detection techniques explicitly designed for rare events, while incorporating
explainable artificial intelligence methods to clarify which features most strongly drive
classification decisions. This ML modeling approach could also be applied within an
organization (e.g., airline, flight school, or airport) with a sufficiently large internal dataset of
operations and safety events. Finally, prospective or near-real-time implementations of these
models within SMS, coupled with evaluations of user trust, alert response, and changes in
observed safety outcomes, would provide essential evidence of the practical utility of supervised
machine learning as a tool for proactive, data-driven SRM in the aviation industry.
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