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outcomes. This study develops predictive models for flight delay
duration at Juanda International Airport, Surabaya, using Long Short-
Term Memory (LSTM) and Bidirectional LSTM (BiLSTM)
networks integrated with a Shapley Additive Explanations (SHAP)
interpretability method. The research utilized 242,638 flight
observations spanning January 2023 to October 2025, incorporating
flight operational and meteorological variables. The dataset was
partitioned into training (62.35%), validation (9.01%), and testing
(28.64%) subsets. After Min-Max normalization and preprocessing,
models were designed with varying hyperparameters through grid
search optimization. Performance evaluation employed Mean
Absolute Error (MAE) and Root Mean Squared Error (RMSE).
Results demonstrated that LSTM with three hidden layers and eight
neurons achieved superior performance, with an MAE of 16.888
minutes and an RMSE of 22.401 minutes on test data. BiILSTM
yielded an MAE of 24.399 minutes and an RMSE of 34.596 minutes,
establishing LSTM as the optimal model. SHAP interpretation
revealed that operational factors—including flight type, airline, and
airport routes—represent the dominant predictors of delays, followed
by meteorological factors such as wind speed and temporal factors
including scheduling time. Although R? values remained relatively
low, this research provides valuable interpretability insights into
delay determinants, enabling data-driven decision-making for airport
management and airlines to enhance punctuality and operational
efficiency

INTRODUCTION

. Transportation is the movement of people and goods from one place to another using
various types of vehicles. In the modern era, transportation has become a primary necessity,
and one of the fastest modes for moving people is air transportation. Air transportation
facilitates connectivity between regions, even reaching areas that are difficult to access by other
modes. The development of air transportation in Indonesia has increased significantly;
however, this growth is also accompanied by the persistent challenge of flight delays in the
industry (Aini et al., 2023; International Air Transport Association, 2021).

Flight delays impact not only passengers through travel inconvenience and disruption but
also airlines through reduced operational efficiency and significant financial losses (Zamkova
et al. 2022; Ain 2024). Airlines are required to compensate passengers depending on the
duration of delays, including meal provision, accommodation, and alternative flights. In
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addition, delays also affect airport slot management authorities in allocating runway and gate
capacity efficiently (Britto et al. 2012; Wu 2016; Anupkumar 2023). Accurate delay prediction
can help airlines reduce operational costs and enable airport authorities to optimize flight slot
allocation, thereby improving overall airport utilization (Goodfellow et al., 2016; Jatavallabha
etal., 2024; Li et al., 2023).

To address flight delay problems, an analytical approach is required to produce more
accurate predictions of potential delays. Machine learning approaches, particularly deep
learning, have proven effective in capturing temporal dependencies in time-series data. Long
Short-Term Memory (LSTM) and Bidirectional LSTM (BiLSTM) are neural network
architectures specifically designed to overcome the vanishing gradient problem in long
sequential datasets (Ballakur & Arya, 2020; Choi, 2018; Cui et al., 2020; Depuru et al., 2024).
However, a major limitation of deep learning models is their “black box™ nature, which makes
it difficult to interpret the contribution of each variable to predicted outcomes.

This study has four main objectives: (1) to develop and analyze LSTM and BiLSTM
models and apply the SHAP method for interpretability; (2) to implement the LSTM model for
predicting flight delay duration and evaluate its performance using MAE, RMSE, and R?
metrics; (3) to implement the BILSTM model for predicting flight delay duration and evaluate
its performance; and (4) to identify the main variables contributing to flight delays through
global and local interpretability analysis using SHAP. This research is expected to contribute
to the advancement of deep learning-based prediction methods and improve model
transparency through interpretability.Predicting Flight Delays Using LSTM and BiLSTM
Models With SHAP Interpretation (Chai & Draxler, 2014).

LSTM (Long Short-Term Memory) is an extension of Recurrent Neural Networks
(RNNSs) designed to address the vanishing gradient problem in long time-series data (Chen et
al., 2020). LSTM introduces a cell state mechanism that functions as long-term memory and
three primary gates: the forget gate (controlling information removal), the input gate
(regulating new information storage), and the output gate (controlling the output information).
This architecture enables LSTM to retain important information over long sequences and learn
complex temporal dependencies between observations.

BiLSTM (Bidirectional Long Short-Term Memory) is an extension of LSTM that
processes sequential data in two directions simultaneously: forward (from past to future) and
backward (from future to past). This bidirectional structure allows the model to capture
contextual information from both directions, improving its ability to model complex temporal
patterns. In the literature, BILSTM has demonstrated strong performance across various
prediction tasks, although its higher complexity may increase the risk of overfitting,
particularly in smaller datasets.

The SHAP (Shapley Additive Explanations) method is used to explain the contribution
of each feature to model predictions in a fair and consistent manner. SHAP is based on
cooperative game theory, specifically Shapley values, where each feature is treated as a
“player” contributing to the final prediction. This approach decomposes predictions into
additive contributions from each feature, thereby enhancing the interpretability of otherwise
opaque deep learning models

METHOD
Data Sources and Research Variables

This study used secondary data consisting of flight operational and weather data from
Juanda International Airport, Surabaya, covering the period from January 1, 2023, to October
31, 2025 (Hanke & Wichern, 2014). The dataset comprised 242,638 flight observations with
14 predictor variables and one target variable (delay duration in minutes) (Han et al., 2011).
The predictors included operational factors such as flight type, airline, origin and destination
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airports, and scheduled departure time, as well as meteorological variables including
temperature, precipitation, wind speed, and air pressure. The target variable represented the
difference between actual arrival or departure time and the scheduled time, expressed in
minutes..
Preprocessing and Data Preparation

The preprocessing stage included several steps: (1) merging operational and weather data
based on observation timestamps; (2) encoding categorical variables using one-hot encoding;
(3) removing missing values using the dropna method; (4) applying Min-Max normalization
with a range of -1 to 1; and (5) splitting the dataset chronologically into training (January 1,
2023—September 30, 2024; 151,302 observations), validation (October 1, 2024—December 31,
2024; 21,853 observations), and testing sets (January 1, 2025—October 31, 2025; 69,483
observations).
Model Design and Hyperparameters

The LSTM and BiLSTM models were trained using grid search to identify optimal
architectures. The hyperparameters included the number of hidden layers (1-3), neurons (8,
16, 32), batch size (64), learning rate (0.001), optimizer (Adam), dropout rate (0), and a
maximum of 200 epochs. Early stopping with a patience of 10 epochs was applied based on
validation loss to prevent overfitting and improve training efficiency.
RESULTS AND DISCUSSION
Descriptive Data Analysis

Descriptive statistical analysis shows that the proportion of flights that experience delays
at Juanda Airport is relatively balanced. Of the 242,638 total flights, 113,616 (46.8%) were on
time and 129,022 (53.2%) flights were delayed. The delay duration distribution is zero-inflated
and tends to be right-skewed, indicating a large number of low delay values with some much
higher extremes. These data characteristics are important in the selection of data preprocessing
and transformation strategies.Descriptive statistical analysis shows that the proportion of
flights that experience delays at Juanda Airport is relatively balanced. Of the 242,638 total
flights, 113,616 (46.8%) were on time and 129,022 (53.2%) flights were delayed. The delay
duration distribution is zero-inflated and tends to be right-skewed, indicating a large number
of low delay values with some much higher extremes. These data characteristics are important
in the selection of data preprocessing and transformation strategies.

Table 1. Descriptive Statistics of Flight Delays

Flight Type Flight StatusStatus NN Average (minutes) Average Std Dev Std
Type (minutes) Dev
ArrivalArrival DelayDelay 6127061270 32,4132,41 20,1620,16
Arrival Arrival On TimeOn 6013660136 3,153,15 7,627,62
Time
DepartureDeparture DelayDelay 6775267752 28,6528,65 20,0120,01
DepartureDeparture On TimeOn 5348053480 26,1626,16 19,8019,80
Time
LSTM Modeling Results

The best LSTM models are obtained with a hidden 3-layer architecture and 8 neurons per
layer. The training process showed that train losses decreased consistently, but validation losses
increased after the 3rd epoch, indicating a proper early stop. In the testing data, the LSTM
model produced an MAE of 16,888 minutes and an RMSE of 22,401 minutes. The best LSTM
models are obtained with a hidden 3-layer architecture and 8 neurons per layer. The training
process showed that train losses decreased consistently, but validation losses increased after
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the 3rd epoch, indicating a proper early stop. In the testing data, the LSTM model produced an
MAE of 16,888 minutes and an RMSE of 22,401 minutes.
BiLSTM Modeling Results

The best BILSTM model is obtained with a hidden 2-layer architecture and 32 neurons
per layer. The BILSTM model produced an MAE of 24,399 minutes, an RMSE of 34,596
minutes, and an R? of 0.008 in the testing data. The performance of BILSTM is lower than that
of LSTM, suggesting that the additional complexity of bidirectional processing does not result
in improved prediction in these cases. This can be due to data characteristics that are not
complex enough or datasets that are not large enough to maximize the potential of more
complex BiLSTM models.The best BILSTM model is obtained with a hidden 2-layer
architecture and 32 neurons per layer. The BILSTM model produced an MAE of 24,399
minutes, an RMSE of 34,596 minutes in the testing data. The performance of BiILSTM is lower
than that of LSTM, suggesting that the additional complexity of bidirectional processing does
not result in improved prediction in these cases. This can be due to data characteristics that are
not complex enough or datasets that are not large enough to maximize the potential of more
complex BiLSTM models.

Table 2. Comparison of LSTM and BiLSTM Model Performance in Data Testing

ModelModel MAE RMSE Best
(minutes) MAE (minutes) RMSE EpochBest
(minutes) (minutes) Epoch

LSTM (3-8)LSTM 16,88816,888 22,40122,401 33
(3-8)

BiLSTM (2- 24,39924,399 34,59634,596 22

32)BiLSTM (2-
32)
SHAP Interpretation

Interpretability analysis using SHAP on the best LSTM model identifies the features that
have the most influence on the prediction. Globally, flight type was the dominant factor with
an average SHAP value of 0.1018, indicating that arrivals and departures have systematically
different delay characteristics. The second important feature is the wind speed (wind speed) of
0.0607, followed by the origin airport WARR of 0.0484. Airline variables also showed a
significant influence, with some airlines such as Lion Air, Batik Air, and Super Air Jet having
higher SHAP contributions than other airlines.Interpretability analysis using SHAP on the best
LSTM model identifies the features that have the most influence on the prediction. Globally,
flight type was the dominant factor with an average SHAP value of 0.1018, indicating that
arrivals and departures have systematically different delay characteristics. The second
important feature is the wind speed (wind speed) of 0.0607, followed by the origin airport
WARR of 0.0484. Airline variables also showed a significant influence, with some airlines
such as Lion Air, Batik Air, and Super Air Jet having higher SHAP contributions than other
airlines.
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Table 3. Top 5 Most Influential Features Based on SHAP Value

FeaturesFeatures Average Rating CategoriesCategories
SHAP s
Score
Average
SHAP
Score
flight typeflight type 0,10180,101 11 OperationalOperational
8
wind_speed normwind speed norm 0,06070,060 22  MeteorologicalMeteorologi
7 cal
origin_airport. WARRorigin_airport WARR  0,04840,048 33 OperationalOperational
4
acid_LNIacid LNI 0,04210,042 44 OperationalOperational

1

destination_airport WARRdestination airport W 0,03450,034 55 OperationalOperational
ARR 5

CONCLUSION

This study successfully developed and compared LSTM and BiLSTM models for
predicting flight delay duration at Juanda International Airport, Surabaya. The LSTM model
with three hidden layers and eight neurons achieved the best performance, with a mean absolute
error (MAE) of 16.888 minutes and a root mean squared error (RMSE) of 22.401 minutes on
the test dataset. The integration of SHAP provided meaningful interpretability by identifying
flight type, wind speed, and airport-related variables as the dominant factors influencing delays.

This research contributes to understanding the determinants of flight delays and provides
a practical framework for implementing predictive models in the aviation industry. Future
research is recommended to: (1) explore advanced data preprocessing techniques, including
denoising methods to improve data quality; (2) evaluate the model on more diverse datasets
across different airports and time periods; (3) address zero-inflated and right-skewed data
distributions more explicitly; (4) enhance hyperparameter optimization strategies to improve
predictive performance; and (5) incorporate additional features such as air traffic conditions
and more detailed operational variables.

The findings of this study may provide strategic input for Juanda International Airport
and airlines in improving flight punctuality, operational efficiency, and passenger satisfaction.
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