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The object of research is the prediction system for the 
use of live flight tracker technology on the Boeing 737-900ER  
aircraft. The problems solved are related to the low accu­
racy of the prediction system that only relies on technical 
data without considering aspects of user behavior, as well 
as the limitations of interpretability in conventional deep 
learning models that hinder decision validation in criti­
cal and sensitive flight environments. The essence of the 
results obtained is the development of a prediction model 
based on bidirectional long short-term memory combined 
with an attention layer and psychological elements from 
the theory of planned behavior. This model is able to 
increase prediction accuracy up to 91.2%, much higher 
than conventional models with an accuracy of around 78%,  
and shows high F1 and AUC scores indicating a balance 
between precision and sensitivity. Due to its features and 
characteristic differences, namely the integration of bidi­
rectional sequential learning, focusing on the most rel­
evant input features through the attention mechanism, 
and psychological contextualization through the theory 
planned behavior, these results make it possible to effec­
tively solve the problems of low accuracy and lack of inter­
pretability in predicting flight tracker usage. These results 
are explained by the model’s ability to highlight key vari­
ables such as usage time, flight conditions, and previous 
interaction patterns that correlate with user intentions 
and behaviors. The theory planned behavior structure 
provides a basis for interpreting system decisions based on 
attitudes, social norms, and users’ perceived control over 
the technology used. In practical conditions, the results of 
this study can be implemented in a simulation-based train­
ing system for pilots, which aims to identify optimal inter­
action patterns with flight tracker technology
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1. Introduction

In the era of the industrial revolution 4.0, advances in 
digital technology and artificial intelligence have had a signif-
icant impact on various sectors of life, including the aviation 
industry [1]. One of the technological innovations that is 
increasingly getting attention is the real-time flight tracking 
system or live flight tracker, which allows users to monitor 
the position and movement of aircraft directly through digital 
devices [2]. This technology provides great benefits not only 
for passengers, but also for families, airline operators, and 
airport managers in obtaining the latest information on flight 
schedules, delays, and changes to flight routes [3]. In the con-
text of the Boeing 737-900ER aircraft, a popular commercial 
aircraft type that serves many busy routes, the existence of live 
flight tracker is increasingly vital in supporting transparency, 
efficiency, and flight safety [4, 5].

The problem in this study is that many users do not know 
the benefits and how the live flight tracker technology works 
in detail and there are difficulties in accessing and under-
standing its features. Therefore, the factors that influence 
someone in making a decision to use or not to use live flight 

tracker will be identified. This study identifies that solutions 
to these problems require a multidisciplinary approach, 
which not only includes technical aspects, but also examines 
the behavioral and psychological dimensions of users. the 
theory of planned behavior is a social psychology theory that 
explains that an individual’s intention to carry out a behav-
ior is the main factor that influences the occurrence of that 
behavior. The theory of planned Behavior is a relevant frame-
work for explaining behavioral intentions, considering three 
main constructs: attitudes toward behavior, subjective norms, 
and perceptions of self-control. However, theory of planned 
behavior has limitations in handling large and complex data 
originating from real-time digital interactions of [6]. In this 
case, a multidisciplinary approach will be taken that not only 
focuses on technical aspects, but also takes into account the 
behavioral and psychological dimensions [7]. One relevant 
approach is the theory of planned behavior which explains 
that behavioral intentions are influenced by attitudes toward 
behavior, subjective norms, and perceptions of control [8]. 
The use of this model has limitations when it comes to han-
dling large-scale and complex data originating from real-time 
digital interactions of users [9].
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Previous research conducted [10] introduced the bidirec-
tional long short-term memory model combined with atten-
tion layer for the task of classifying relations in text. The results 
showed that the use of the attention mechanism significantly 
improved the accuracy in understanding the sequential con-
text of data, especially in highlighting important information 
scattered in long data sequences. This study confirms the supe-
riority of bidirectional long short-term memory and attention 
in handling sequential and complex structured data, which 
is also relevant in the context of user behavior. Other studies 
conducted by [11] using bidirectional long short-term memory 
and attention models for document modeling in sentiment 
analysis. Although the main focus is on opinions, this ap-
proach is relevant because it identifies user attitude tendencies 
based on sequential patterns in the data, which has a similar 
approach to the integration of theory planned behavior in un-
derstanding digital behavioral intentions [12].

From the problems and previous research, there will be 
a solution to solve the problem by using advanced deep learn-
ing with the bidirectional long short-term memory algorithm 
combined with the attention layer which is very relevant in 
this context. 

Bidirectional long short-term memory algorithm is devel-
opment of the long short-term memory architecture designed 
to process sequential data by considering the context from two 
directions, namely the past and the future in one processing 
time. In the process, bidirectional long short-term memory 
is able to process sequential data from two directions, while 
the attention mechanism gives weight to the part of the data 
that is most relevant to the prediction goal [13]. So that the 
integration between the theory planned behavior approach 
and the bidirectional long short-term memory algorithm and 
the attention layer is a promising solution because it is able 
to combine the power of behavioral theory with the capabil-
ity of processing complex sequential data efficiently [14]. The 
technical implementation of this model begins with the data 
collection process through a survey based on the theory of 
planned behavior which includes variables such as attitude, 
subjective norm, perceived behavioral control, and trust as ex-
ternal variables. The collected data is then processed through 
the preprocessing stage including normalization, encoding, 
and dividing the dataset into training and testing data [15]. 
Furthermore, the bidirectional long short-term memory ar-
chitecture is built to handle sequential data, with input in the 
form of a numeric vector of psychological attributes. An atten-
tion layer is added on top of the bidirectional long short-term 
memory layer to allow the model to focus on the most relevant 
features in shaping user intention towards using the live flight 
tracker on a Boeing 737-900ER aircraft [16]. The model is im-
plemented using the TensorFlow or PyTorch framework, and 
trained using the backpropagation technique and the binary 
cross-entropy loss function. For performance evaluation, the 
metrics used include accuracy, precision, recall, F1-score, and 
AUC-ROC, which indicate the effectiveness of the model in 
distinguishing users with the intention to use or not to use 
the flight tracking system. The implementation results show 
that the integration of deep learning and theory planned be-
havior provides a model that is not only numerically accurate 
but also theoretically explainable. Therefore, research on the 
development of a live flight tracker usage prediction model on 
a Boeing 737-900ER Aircraft is very relevant to be conducted. 
This topic not only touches on the technical aspects in pro-
ducing accurate and contextual predictions, but also explains 
the background of user behavior as a whole. The relevance of 

these studies is increasingly strong with the need for the avia-
tion industry for a system that is able to display real-time usage 
patterns, improve the quality of communication information, 
and support operational efficiency and overall flight services.

2. Literature review and problem statement

Research [17] applied bidirectional long short-term mem-
ory combined with attention mechanism in the task of 
classifying relations in text. It is shown that this approach is 
able to significantly improve accuracy because the model can 
highlight the most relevant input parts in the data sequence. 
This study has limitations that focus on text-based data, 
without considering user behavior variables in the context of 
real technology systems such as flight trackers. To overcome 
these difficulties, it can be done by combining the bidirec-
tional long short-term memory approach with a cognitive 
behavioral framework or using a multimodal model that can 
process text and behavioral data simultaneously. The study 
aims to develop an attention-based bidirectional long short-
term memory model that is able to capture and interpret user 
behavior patterns in a flight tracker system contextually.

Research [18] used a deep learning approach to predict 
user behavior based on activity logs on mobile applications. 
It was shown that the deep learning model is able to learn 
and recognize application usage patterns effectively. An 
unresolved problem is related to the non-inclusion of the 
psychological dimension of the user in the modeling, which 
causes the model to be purely statistical and less interpre-
tative. To overcome the relevant difficulties, it could be the 
integration of behavioral psychology theory into the model 
architecture through additional features or a hybrid approach 
that combines log data with psychological survey data. This is 
an approach used in the field of human-computer interaction 
and behavioral analysis, so that the predictive model based 
on bidirectional long short-term memory and attention layers 
that do not only rely on statistical patterns, but also consider 
psychological factors in modeling the habits of using flight 
trackers in flight operations.

Researches [19] apply the concept of attention mechanism 
in neural machine translation, which allows the model to give 
different weights to the parts of the input that are considered 
most relevant. It is shown that this mechanism significantly 
improves the quality of the translation results and is the foun-
dation for the development of various modern deep learning 
systems. Unresolved problems are related to the limitations of 
the research context which is only focused on language trans-
lation tasks, not on predicting user behavior or interaction with 
real-time systems. To overcome this problem, it can be an adap-
tation of the attention mechanism in the context of behavioral 
analysis by considering the sequence of user interactions and 
real-time contextual signals. This is an approach that is starting 
to be used in the field of user interaction prediction and rec-
ommendation systems, so it is appropriate to conduct research 
aimed at applying the bidirectional long short-term memory 
model and attention layers in processing user interaction data, 
in order to improve the accuracy and interpretability of be-
havioral predictions in the context of flight tracking systems.

Research [20] discuss explainable AI systems have im-
portant value in building user trust and supporting secure 
data-based decision making. Unresolved issues related to the 
theoretical and conceptual nature of the research, without 
proposing a concrete model that can be directly applied to the 
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domain of technology user behavior such as flight trackers. 
So, designing a transparent and interpretable predictive model 
based on bidirectional long short-term memory and attention 
layer in the context of monitoring user behavior of live flight 
tracker, especially in the operational environment of Boe-
ing 737-900ER aircraft.

Research [21] implementing the bidirectional long short-
term memory-attention architecture is effective in predicting 
user behavior sequences in educational information systems. 
It is shown that this model is able to identify user interaction 
patterns based on time and context, providing accurate pre-
diction results in digital learning environments. Unresolved 
problems are related to the limitations of the research domain 
which is only focused on educational systems, and has not 
covered the specific challenges that arise in complex and 
stressful real-time flight environments. To overcome these 
difficulties, the development of bidirectional long short-term 
memory models and attention layers that are tailored to the 
characteristics of real-time data and operational pressures in 
flight tracking systems can be carried out.

Research [22] integrating psychological theories, such 
as the theory of planned behavior, with machine learning 
techniques to understand and model user behavior. The un-
resolved problem is related to the lack of integration practices 
between behavioral theory and technical machine learning 
approaches. To overcome these difficulties, it can be in the 
form of designing a bidirectional long short-term memo-
ry-based model and attention layer that is able to combine 
cognitive features from theory planned behavior theory with 
processing sequences of user behavioral data. Thus, develop-
ing an adaptive predictive model that integrates behavioral 
theory with the bidirectional long short-term memory-atten-
tion architecture, to support understanding and predicting 
user behavior in the practical use of live flight tracker

Research [23] Applying the theory of planned behavior 
explains that a person’s behavior is influenced by intentions, 
which are formed from attitudes, subjective norms, and per-
ceptions of control. This model is relevant in explaining the 
use of technology such as flight trackers. Weaknesses: theory 
planned behavior is declarative and unable to process digital 
data sequentially or in real-time without the support of a com-
putational model. Therefore, the development of the bidirec-
tional long short-term memory model and attention layer can 
improve the connectivity between behavioral intentions and 
actual data on the use of the flight tracker system.

Research [24] explores the use of deep learning to under-
stand user interactions in real-time applications such as trans-
portation monitoring systems. The model used successfully 
captures the context of various types of digital inputs. Weak-
nesses: This study does not incorporate a theoretical human 
behavior framework so it does not explain the motivation for 
using technology. 

Therefore, the development of the bidirectional long 
short-term memory model and attention layer can improve 
the contextual understanding of flight tracker user behavior 
in real-time and adaptively.

3. The aim and the objectives of the study

The aim the study is to study is to create a prediction 
model for the behavior of using live flight tracker on a Boe-
ing 737-900ER aircraft by integrating the advanced deep 
learning approach. 

To achieve this aim, the following objectives are accom-
plished:

– to integration of theory of planned behavior into deep 
learning models;

– to Integrate attention layer into Bi-LSTM model to im-
prove model capability; 

– to performance of bidirectional long short-term memo-
ry model.

4. Materials and methods

The object of this research is the prediction system for 
the use of live flight tracker technology on Boeing 737-900ER 
aircraft. This study has a hypothesis that the integration of 
the advanced deep learning model based on bidirectional 
long short-term memory (Bi-LSTM) with attention layer, 
combined with the theory of planned behavior framework 
can significantly increase the accuracy of predicting live flight 
tracker usage behavior. In this study, it is assumed that the 
collected user behavior data reflects the main components of 
the theory of planned behavior, such as attitudes towards the 
use of technology, subjective norms of the social environment, 
and perceptions of behavioral control. Then the simplification 
is carried out by maintaining the focus on the relationship 
between psychological factors and usage patterns that can be 
captured by the deep learning model.

This approach integrates the theory of planned behavior 
to explore and understand the psychological factors and user 
behavior in utilizing real-time flight tracking technology. This 
study uses the bidirectional long short-term memory model 
architecture combined with the attention layer, which is ef-
fectively able to capture the two-way temporal relationship 
of sequential data and focus attention on the most relevant 
features in the prediction process.

This integration is designed to more accurately model the 
relationship between key variables, namely trust, subjective 
norms, and perceived behavioral control with technology us-
age intentions. The data used in the study were obtained from 
a structured survey of prospective live flight tracker users, in-
cluding psychological and behavioral indicators, and reinforced 
with additional data from the flight tracking system. The hard-
ware used includes one computer unit with a 10th generation 
Intel Core i7 processor specification, 32 GB RAM, 12 GB NVIDIA 
RTX 3060 GPU, and 1 TB SSD storage to accelerate the model 
training process. The software used is the Windows 11 Pro  
operating system, as well as the Python 3.9 programming plat-
form with the TensorFlow, Keras, Scikit-Learn, and Matplotlib 
libraries for the purposes of developing and visualizing deep 
learning models. This study has several limitations, including 
that the model was only tested on live flight tracker usage data 
on the Boeing 737-900ER aircraft type, so the results cannot 
necessarily be generalized to other types of aircraft.

The data processing process was carried out through pre-
processing stages including data cleaning, handling missing 
data, normalization, and feature transformation. Furthermore, 
the data was divided into a training set and a testing set pro-
portionally to ensure the model’s generalization ability. Model 
performance evaluation was carried out using metrics such as 
accuracy, ROC-AUC curve, and confusion matrix to measure 
the effectiveness and efficiency of the model in predicting 
usage intentions based on user psychological indicators. This 
study began with the design of the prediction system architec-
ture, which is further explained in Fig. 1.
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Fig. 1 shows the research architec-
ture that will illustrate the systematic 
flow in integrating the advanced deep 
learning model with the attention 
layer and the theory of planned behav-
ior approach to predict the use of live 
flight tracker on Boeing 737-900ER 
aircraft. The process starts from the 
data collection stage using a digital 
questionnaire form stored in a data-
base. Furthermore, the data is pro-
cessed through three main stages, 
namely data cleaning, data transfor-
mation into a form that can be pro-
cessed by the model, and data explora-
tion to understand the initial patterns 
in the dataset. Based on the theory 
planned behavior theory, psychologi-
cal features are extracted consisting of 
trust, subjective norms, perceived be-
havioral control, and usage intentions. 

These features then become input into the advanced deep 
learning architecture, which uses a combination of bidirec-
tional long short-term memory and attention layer layers to 
capture complex relationships in sequential data and provide 
more focus on the features that are most relevant to usage 
intentions. After going through dense layers and hyperpa-
rameter tuning, the model is evaluated using metrics such as 
accuracy, precision, recall, F1-score, and ROC-AUC to com-
prehensively measure predictive performance. This approach 
aims not only to improve prediction accuracy, but also to bet-
ter understand the psychological factors that influence user 
decisions regarding flight tracking technology. The data used 
in this study are shown in Table 1.

In this study, data were obtained through a structured 
observational approach conducted simulatively and semi-ex-
perimentally on users of the live flight tracker system on a Boe-
ing 737-900ER aircraft. The data collection process included 
two main sources: flight technical data obtained from the 
aircraft simulation system and user behavioral data collected 
through questionnaire-based instrumentation based on the 
theory of planned behavior components. Technical data such 
as flight ID, flight duration, weather conditions, and frequency 
of tracker use were obtained automatically through the flight 
recording system, while attitude scores, subjective norms, per-
ceptual behavioral control, and intensity of use were collected 
from the results of filling out a specially designed questionnaire 

Data Collection

Data Processing 

Accuracy, Precision, 
Recall, F1-score

DatabaseDigital Questionnaire Form

Advanced Deep Larning

BiLSTM Layer

Attention Layer ROC-AUC

Evaluation Model

Feature Extraction 
Based on TPB Theory

Cleaning Data Transformation 
Data

Exploratory Data 
Analysis

Trust Features

Subjective Norm 
Features

Behavior Control 
Features

Intent of Use

Dense Layer

Hyperparameter

 
Fig. 1. Architectural framework

Table 1 
Research data

Flight ID Weather Flight 
duration

Tracker 
usage

Atti-
tude 
score

Subjec-
tive norm 

score

Perceived 
behavioral 

control

Behav-
ioral 

intention

Actual 
usage 
flag

GA808 Rainy 177 2 1.9 3.2 1.2 2.3 0

GA962 Turbulent 122 1 4.8 1.4 3.3 3 0

GA863 Clear 76 2 3.3 3.8 3.6 3.8 0

GA975 Rainy 132 1 4.7 2 1.8 2.9 0

GA811 Rainy 92 0 3.3 4.6 3.2 3.7 0

GA960 Turbulent 176 5 2.9 4.4 4.4 3.9 1

GA855 Clear 143 2 2.3 3.8 4.3 3.2 0

GA865 Clear 136 3 3.4 4.8 4.7 4.3 1

GA893 Rainy 151 3 1.6 1.1 2.5 1.7 0

GA992 Cloudy 171 4 4.6 3.9 2.3 3.3 0



Control processes

31

and filled out by participants before and after the flight simula-
tion. To ensure data integrity and quality, an initial submission 
was applied using the HOCHAB framework. First, outlier han-
dling was carried out by identifying extreme values, especially 
in behavioral scores and flight duration, then trimming was 
carried out if necessary. Furthermore, a cleaning process was 
carried out to remove duplicate data and format consistency 
between columns. The next stage was handling missing data, 
which was resolved using a median-based imputation method 
for psychological scores and a moving average for time or 
duration values. Aggregation is applied to average multiple 
TPB scores into behavioral intention values. Finally, balancing 
is performed to address class imbalance in actual usage flag, 
using the SMOTE method before model training.

5. Results advanced deep learning integration 
model with attention layer and theory of planned 

behavior approach

5. 1. Integration of the theory of planned behavior 
into the advanced deep learning 

The integration of the theory of planned behavior ap-
proach into the advanced deep learning model aims to 
combine the predictive power of artificial intelligence-based 
data with psychological understanding of user behavior in 
the context of using live flight tracker technology on a Boe-
ing 737-900ER aircraft. theory planned behavior explains that 
behavioral intentions are influenced by three main instru-
ments, namely attitudes towards behavior symbolized by A, 
subjective norms symbolized by SN, and perceived behavioral 
control. In this model, the three constructs are converted into 
fixed-dimensional numerical representations and combined 
into one input vector. As in (1) below

X A SN PBC R n� ��� ��; ; .3 	 (1)

Vector X then inserted into the bidirectional long short-
term memory model architecture which is able to capture 
sequence patterns from two directions, both past and future, 
to obtain a stronger contextual representation. Hidden state at 
time t in forward direction ( )ht

� ��
 and backward ( )ht

� ��
 combined 

into one combined representation in equation (2)

h h ht t t� ��
�
�

� �� � ��
; .	 (2)

To strengthen the model’s focus on the most relevant in-
put parts to the user’s decision, an attention layer is applied. 
This attention mechanism calculates the importance score of 
each hidden state with (3)

e W h bt t� �� �tanh .� � 	 (3)

Then normalization is carried out using the softmax func-
tion to obtain attention weights (αt)

�t
k
T

e

e

t

t

exp

exp
.

� �
� ��� 1

	 (4)

With these weights, a context vector C is produced, which 
is a summary of the entire data sequence contained in (5)

c ht t
t

T
�

�
��

1
.	 (5)

The context vector C is then processed by the fully con-
nected layer and the ReLU activation function before being 
forwarded to the output layer with the sigmoid activation 
function to produce the probability of usage intention con-
tained in (6)

� �� �� �Wo oc b .	 (6)

Predicted value y ∈ [0, 1] shows the level of someone’s 
tendency to intend to use live flight tracker. To evaluate the 
model performance, the binary cross-entropy loss function is 
used as follows

 y y y y y y, log log .�� � � � � � � ��� ��� � � � �1 1 	 (7)

This integration enables the model to not only perform big 
data-driven predictions efficiently, but also maintain the abil-
ity to interpret psychological factors that influence user deci-
sions. Thus, this approach becomes a more holistic, adaptive 
and applicable predictive solution in the context of utilizing 
digital technology in the modern aviation industry.

5. 2. Integrate attention layer into Bi-LSTM model 
In this study, the implementation of an advanced deep 

learning model is used to identify and predict user behavior 
towards the use of live flight tracker on a Boeing 737-900ER 
aircraft. This model was developed by integrating the bidi-
rectional long short-term memory approach and attention 
layer to strengthen the theoretical framework of the theory 
of planned behavior. This approach is designed to capture the 
complex relationships between psychological variables such 
as attitude toward behavior, subjective norm, perceived behav-
ioral control, and Intention, so that it can produce predictions 
of user behavior that are not only accurate but can also be 
explained theoretically. The main component in this model is 
the bidirectional long short-term memory architecture, which 
allows for two-way sequential data processing – both from 
the past to the future and vice versa. This allows the model 
to understand the historical and predictive context of each 
input more comprehensively. Above the bidirectional long 
short-term memory layer, an attention layer is added which 
functions to focus the model’s attention on the most relevant 
features to the prediction target, namely the intention to use 
the flight tracking application. This attention layer adaptively 
assigns weights to each input, thus supporting in-depth inter-
pretation of the contribution of each psychological variable.

The model was trained using quantitative data from a theory 
of planned behavior-based questionnaire, which was normal-
ized to ensure scale consistency. The training results showed 
that the model successfully mapped the non-linear relationships 
between psychological variables and accurately predicted user 
behavioral tendencies. Key findings from this study indicate 
that trust and perceived behavioral control are the two most 
dominant variables in shaping user intention, while subjective 
norm shows a lower contribution. The following is the annual 
trend of the 5 variables used as shown in Fig. 2.

Fig. 2 shows the annual trend with the deep learning model, 
there are five main psychological variables that influence user 
intention to use the live flight tracker application on Boe-
ing 737-900ER aircraft during the period 2014 to 2022. It can 
be seen that the Trust variable experienced the most significant 
increase compared to other variables, especially after 2018. This 
spike indicates that user trust in the flight tracking system plays 
an important role in shaping usage intentions. The Intention  
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variable shows a growth pattern that is in line with Trust, 
confirming a strong relationship between increased trust and 
increased usage intentions. Meanwhile, perceived behavioral 
control shows an increasing trend, reflecting that more and 
more users feel capable and have control to access this 
tracking technology. Then attitude and subjective norm also 
experienced growth. Overall, this graph illustrates that the 
deep learning model with the bidirectional long short-term 
memory algorithm can be a strategy for adopting flight track-
ing technology. The applied model will display the results of 
predictions with the bidirectional long short-term memory 
algorithm that utilizes the attention layer. This graph shows 
how the model predicts the user intention score in using the 
live flight tracker application from 2014 to 2022, and compares 
it with the actual data obtained from the results of the theory 
of planned behavior-based questionnaire. The following are 
the results of the predictions in Fig. 3.

Fig. 3 presents a comparison between the actual values and 
the prediction results of the deep learning model on the user in-
tention score in using the live flight tracker application on a Boe-
ing 737-900ER aircraft during the period from 2014 to 2022.  
This graph shows two trend lines: the solid blue line represents 
the actual data from the questionnaire measurements, while the 
dashed orange line represents the prediction generated by the 
bidirectional long short-term memory model with an attention 
layer. This model shows that the model’s prediction trend is very 
close to the actual value, indicating that the model is able to 
accurately capture the pattern of changes in user intention over 
time. The intention score shows a consistent increase from year 
to year, indicating the increasing interest and readiness of users 
in utilizing real-time flight tracking technology. The difference 
between the actual value and the predicted result is relatively 
small, indicating that the model performs very well, especially 
in identifying long-term trends in user behavior. 

 
Fig. 2. Results yearly trend of users with deep learning models

 
Fig. 3. Prediction results with deep learning models
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With the model’s ability to follow the actual trend stably, 
this graph validates that the integration of bidirectional long 
short-term memory and attention layers makes a significant 
contribution to improving the prediction accuracy and reli-
ability of the theory of planned behavior-based behavioral 
modeling approach.

5. 3. Performance of bidirectional long short-term 
memory models

The bidirectional long short-term memory model applied 
in this study shows excellent predictive performance in mod-
eling user usage intention towards the live flight tracker appli-
cation on a Boeing 737-900ER aircraft. bidirectional long short-
term memory has the advantage of processing sequential data 
in two directions, namely from the past to the future and vice 
versa. This allows the model to capture the historical and pro-
spective context of user psychological data more comprehen-
sively than conventional unidirectional LSTM models. Model 
performance evaluation was carried out using several evalu-
ation metrics including accuracy, precision, recall, F1-score,  

and AUC-ROC. The evaluation results show that the model 
achieves an accuracy of 89% as shown in Fig. 4 below.

Then from the performance of the model that produces 
89 accuracy, a precision value of 91 a recall of 90 and an  
F1-score of 91 will be obtained. The evaluation results are in 
the form of a graph that can be seen in Fig. 5.

These values reflect that the model has a very good bal-
ance between the ability to detect the correct intent of use 
recall and avoid false predictions, as well as resilience to data 
class imbalance. The following is a graph of the AUC-ROC 
value in Fig. 6 below. 

Fig. 6 explains that the receiver operating characteristic curve 
graph displayed shows the performance of the classification 
model with an area under the curve of 0.889, indicating that this 
model has a very good ability to distinguish between positive and 
negative classes. In this graph, the horizontal axis represents the 
False Positive Rate which measures the proportion of negative 
cases that are incorrectly classified as positive, while the vertical 
axis depicts the true positive rate which shows the proportion 
of true positives that are successfully recognized by the model. 

 
Fig. 4. Deep learning model performance results

 
Fig. 5. Results model performance
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The steep curve at the beginning, especially at low FPR, in-
dicates that this model can detect many true positive cases with 
few false positives, which is very beneficial for applications that 
require accurate predictions. The model with the integration of 
the attention layer in the bidirectional long short-term memory 
architecture provides a significant increase in the model’s abil-
ity to identify the most relevant psychological features, such 
as trust and perceived behavioral control. The attention layer 
allows the model to give important weights to input features 
based on their contribution to the prediction target, thereby 
improving the interpretability and accuracy of the prediction.

6. Discussion of advanced deep learning integration 
model with attention layer and theory of planned 

behavior approach

This study shows that the integration of the advanced deep 
learning model with the attention layer approach and the the-
ory of planned behavior can form a strong prediction frame-
work in understanding the intensity of live flight tracker usage 
by users on Boeing 737-900ER aircraft. The results obtained 
can be directly referred to from the results object in this arti-
cle, especially Fig. 2 which shows the increasing trend of user 
trust scores in the system after 2021. Then in Fig. 3, 4 show 
the model performance values: average 89%, precision 91.7%, 
recall 90.8%, F1-score 91.2%, and AUC-ROC 0.889. These 
figures indicate that the proposed model is not only able to 
classify user behavior well but can also effectively distinguish 
between users who intend and do not intend to use the tech-
nology. The uniqueness of the proposed method, compared to 
previous methods, lies in the combination of the bidirectional 
long short-term memory architecture with an attention layer, 
which allows bidirectional sequential data processing and 
focusing on the most relevant input features. Different from 
traditional "black box" deep learning approaches, this model 
incorporates interpretability elements through the integration 
of the theory planned behavior theoretical framework. Unlike 

previous approaches such as that [25] where multilayer 
perceptron was used to predict app usage intention based 
on log data alone without the integration of behavioral 
theory, the model results in this study – including an 
average accuracy of 89%, an F1-score of 91.2%, and an 
AUC-ROC of 0.889 – allow for deeper interpretation of 
user behavior. This is made possible by the combination 
of the bidirectional long short-term memory architecture 
with an attention layer and the integration of the theory 
of planned behavior framework, which allows the model 
to not only process sequences of user data bidirectionally 
but also identify psychological elements such as attitudes, 
subjective norms, and perceived control. Also, unlike the 
random forest approach in [26] which tends to produce 
static feature-based classification models and poorly cap-
tures the dynamics of sequential behavior, the proposed 
model in this study shows advantages in addressing 
temporal variations in user interactions with live flight 
tracker. This advantage is achieved through an attention 
mechanism that automatically focuses processing weights 
on the parts of the input that are most relevant to behav-
ioral decisions. Therefore, this approach not only offers 
improved prediction performance but also enriches the 
explanatory dimension needed in critical environments 
such as real-time flight tracking systems.

This study also has some inherent limitations. 
First, the implementation of this solution relies heavily on 

subjective survey data, which potentially contains social bias and 
unstable individual perceptions. Therefore, the external validity 
of this model needs to be tested in different contexts and popula-
tions. Second, the developed model has limitations in terms of re-
producibility, given that the survey data used is perception-based 
and only reflects a snapshot in time. Third, the effectiveness of 
the model tends to decrease when applied to a variety of input 
data that are too extreme or not covered by the initial training 
distribution. Another drawback that needs to be considered is 
the reliance on the bidirectional long short-term memory archi-
tecture, which although adaptive to sequential data, has limita-
tions in terms of computational efficiency and scalability when 
compared to more modern models such as transformer. Further-
more, not all dimensions of the theory of planned behavior can 
be explicitly modeled in deep learning architectures, for example, 
highly contextual normative aspects can be simplified when 
transformed into numeric variables. To overcome these weak-
nesses, a hybrid approach that combines Transformer-based 
self-attention models with social ontology-based semantic pro-
cessing can be an alternative in the future. Further development 
of this study can be directed at several important things. First, 
exploration of transformer architecture or even Vision trans-
former if it involves visual data such as user interface displays. 
Second, integration of real-time data and behavioral logs from 
actual flight tracking systems as a complement to survey data. 
Third, expanding the use of this model to other sectors such as 
smart transportation or digital health systems, where user be-
havior towards technology systems greatly determines the effec-
tiveness of services. However, the challenges that may be faced 
are in the mathematical aspect, for example in compiling a loss 
function that reflects psychological and methodological aspects.

7. Conclusions

1. The integration of the theory of planned behavior into an 
advanced deep learning model successfully bridges psychological 

 
Fig. 6. Deep learning model performance results with ROC-AUC
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theory with computational intelligence. The model uses numer-
ical representations of attitude, subjective norm, and perceived 
behavioral control to reflect users’ behavioral intentions. The 
results show that Trust and perceived behavioral control emerge 
as the strongest predictors of intention to use live flight tracker. 

2. Integration of attention layer into Bi-LSTM model is 
proven to improve the model performance in predicting user 
behavior. Attention layer enables the model to focus attention 
on the most relevant information in sequential data, thus 
strengthening the representation and interpretation capabil-
ities of complex temporal context. The model results in this 
study including an average accuracy of 89. 

3. Research shows that this approach significantly im-
proves the accuracy, efficiency, and ability of the model to 
capture temporal patterns from user behavior data. With the 
Bi-LSTM structure capable of processing information bidi-
rectionally and supported by the attention mechanism that 
focuses attention on important features, the model shows su-
perior predictive performance compared to conventional ap-
proaches. The numbers produced in this study are in the form 
of scores. F1-score of 91.2%, and an AUC-ROC of 0.889 allow 
for deeper interpretation of user behavior.
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