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Abstract— Corruption remains a pervasive issue globally, and
understanding the underlying cognitive processes involved in
bribery decision-making is crucial to develop training addressing
this problem. This proposed project will investigate the neural
mechanisms  associated with bribery tendencies using
Electroencephalography (EEG) data. By focusing on government
officers and laypersons as participants, the research will explore
how different individuals respond to bribery stimuli under
varying conditions such as risk levels, moral framing, and social
pressure. The EEG signals are to be analyzed using a Hybrid
CNN-LSTM architecture, combining Convolutional Neural
Networks (CNN) for spatial feature extraction and Long Short-
Term Memory (LSTM) networks for capturing temporal
dynamics. This is an interdisciplinary project with the goal of
building a Machine Learning (ML) model that can classify
bribery-related decision-making. When complete, this project has
the potential to inform interventions aimed at reducing unethical
behavior and to be integrated into recruitment processes in certain
professions.
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I. INTRODUCTION

Corruption is a persistent global challenge, affecting
governments and institutions across all regions. In Malaysia,
discussions of corruption have dominated public discourse for
years. A recent example that sparked significant outrage was
the partial pardon of former Prime Minister Najib Razak in
February 2024 [1]. Najib Razak, pictured in Fig. 1. arriving at
a court house in Kuala Lumpur where he was found guilty of

committing seven counts of corruption, was convicted in one of
the world’s largest financial fraud cases just four years earlier.
Despite the magnitude of the crimes, his sentence was reduced
by half, from 12 to 6 years, prompting Malaysian citizens to
express their dismay on social media platforms like X (formerly
Twitter), where the pardon became a trending topic. His case
exemplifies kleptocracy, a form of corruption where a political
leader exploits their influence for personal gain.

Cases like these are not isolated and tend to shape
attitudes towards corrupt behavior. Research suggests that
exposure to high-profile corruption cases normalizes unethical
conduct among individuals in positions of authority [2]. Bribery
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Fig. 1. Former Malaysian Prime Minister Najib Razak, arriving at the court
house in Kuala Lumpur, Malaysia, Tuesday, July 28, 2020 [3].
is a form of corrupt behavior in which individuals in positions
of power provide favorable outcomes in exchange for a favor,
monetary or otherwise, often to the detriment of the public [4].

Despite widespread attention to corruption, and more
specifically bribery, as a social and legal issue, there remains a
critical gap in understanding the neural mechanisms that
underlie bribery-related decisions ldentifying the brain signals
that differentiate honest from corrupt decision-making can
support the development of scientific tools for early detection,
training, or intervention.

This project is work in progress which aims to
investigate the neural mechanisms that occur during bribery-
related decision-making, focusing on government officers and
laypersons as study participants using Electroencephalography
(EEG) and Machine Learning (ML). These neural mechanisms
we aim to identify can manifest in specific frequency bands,
cortical activation patterns, and temporal markers [5]. They can
reflect underlying cognitive conflict and moral disengagement
and hold the promise of differentiating between honest and
corrupt decision making. It has already been established that
distinct brain activation patterns can be linked to specific moral
judgments as Heraishi et. al [6] demonstrated that left temporal
region activation is stronger during morally bad judgments than
during morally good judgments.

EEG was chosen as the neural modality in this work
and it is a non-invasive and cost-effective neuroimaging
technique that captures electric activity in the brain through
electrodes placed on the scalp [7]. EEG is well-suited to
studying decision-making, emotional regulation, and other



cognitive processes that may require participants to perform
tasks during testing, due to its high temporal resolution and the
freedom of movement it affords.

Traditionally, EEG analysis has been conducted through
statistical methods such as ANOVA, t-tests and linear
discriminant analysis [8], but with the recent advancements in
computer processing capabilities and the advent of ML models
that can efficiently analyze large and rich volumes of EEG
signals, there has been a shift in research towards artificial
intelligence approaches in EEG analysis. Some popular
applications of ML in this field are seizure detection [9], [10]
deception detection [11], [12] and emotion recognition [13],
[14]. The potential of applying ML models on EEG signals to
classify decision-making processes has been successfully
explored [15], showing promise in using this approach to
differentiate bribery decision-making in our project.

This is a proposed interdisciplinary study involving
criminology, neuroscience, and computer science departments
aiming to understand the neural mechanisms behind bribery-
related decision-making and to shed light on the cognitive
processes underlying corrupt behavior. This research also holds
promise to inform practical applications in the Malaysian
context. This technology can potentially be adapted into
recruitment screening tools for high-integrity roles, especially
within the public sector and the insights can be used to design
targeted training programs aimed at strengthening ethical
decision-making. As a locally grounded initiative, this project
reflects Malaysia’s commitment to addressing corruption
through interdisciplinary  innovation, drawing from
neuroscience, data science, and behavioral research.

Il. LITERATURE REVIEW

Table 1 presents an overview of some applications of ML
on EEG data. All of these studies gathered their data through
social experiments that predominantly used visual stimuli.

Deception detection is an application of neural decoding
that has gained significant attention as an alternative to
traditional lie detection methods. Chen et al. [16] introduced a
novel EEG dataset to examine the neural markers of deceptive
behavior in a competitive two-player card game. Their study
integrated event-related potential (ERP) analysis, microstate
analysis, and deep learning-based decoding, providing a

benchmark for computational approaches in cognitive
neuroscience. A 1D 10-layer convolutional neural network
(1D-CNN) was employed to classify the EEG signals. The
dataset underwent extensive artifact removal using Artifact
Subspace Reconstruction (ASR) and Independent Component
Analysis (ICA) to enhance signal quality.

Aslan et al. [17] introduced the LieWaves dataset, a novel
EEG-based dataset for lie detection, and employed deep
learning techniques, including Convolutional Neural Networks
(CNN), Long Short-Term Memory (LSTM), and a hybrid
CNN-LSTM model, to classify deception-related neural
patterns. LSTM with Discrete Wavelet Transform (DWT)
feature extraction achieved the best classification accuracy of
99.88%. In a previous study [18], the same researchers
experimented with a hybrid deep learning model on the publicly
available Bag-Of-Lies dataset [22] DWT performed the feature
extraction and decomposed the signal into subsignals,
specifically D1, D2, D3, D4 and A4 subsignals, that were
classified by the LSTM+NCP (Neural Circuit Policies) model.

Decision-making is also another higher cognitive process
examined through EEG signals and ML undertaken by
researchers. Aldayel et al. [19] built a choice prediction system
using EEG signals from the SEED dataset [23]. Their research
contributed to the field of neuromarketing, which is the
application of neuroscience to identify consumer preferences
and develop marketing strategies. Different ML and Deep
Learning (DL) classifiers were built to predict individual
choices. A proposed LSTM model achieved the best accuracy
rate of 96%. In another neuromarketing study [20],
bidirectional LSTM had the best performance in predicting
consumer choices.

Suhail et al. [21] investigated neural signatures of learning
and working memory tasks by combining EEG local activation
with functional connectivity patterns. While local activations
are measured through event-related potentials (ERPS) or EEG
power spectral analysis and indicate which brain regions are
active during a task, functional connectivity describes the
coordination between different regions and how they interact
with each other [24]. The fusion of these EEG features together
classified by an ML SVM model performed the best at the
Resting vs Focused Reading task with an average accuracy of
97.85%. The model held promising potential for automatic

Table 1. Studies Applying ML Classification on EEG Data

Application Experiment Preprocessing Features Extraction ML Model

Deception Discrete Wavelet 1D-CNN

Detection[16] Two player card game ICA, ASR Transform (DWT)

Deception Detection . N DWT and fast Fourier CNN, CNN-LSTM,

[17] Visual stimuli ICA, ASR, ATAR transform (FFT) LSTM.

Deception . - DWT and Min-Max Scaler  Hybrid LSTM+NCP.
. Visual stimuli -

Detection[18]

Decision Making [19] 15 Chinese film clips

Decision Making [20]  Visual stimuli -

Resting, Reading, and
Mental Arithmetic
Operations.

Learning and Working
Memory [21]

Manual artifact removal,
Bandpass filtering

Manual artifact removal,
Bandpass filtering

PSD and DE frequency-
based analysis
PSD Spectral analysis

DWT, Min-Max
Normalization

CNN, LSTM, CNN-
LSTM.
Bidirectional-LSTM.

Support Vector
Machine (SVM),
Artificial Neural
Networks (ANN).
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detection of mental states when performing various cognitive
tasks.



While prior studies have applied machine learning
techniques to EEG data, these works primarily focused on
tasks involving simple binary responses to visual stimuli or
consumer preferences. Unlike these existing studies, our
research is the first to examine bribery-related decision-
making through a realistically framed and morally complex
EEG-based task, using a custom-designed 2AFC bribery
game. We also differentiate our approach by combining
ERP and functional connectivity features, tailored to
capture both spatial and temporal EEG dynamics.

I11. PROPOSED METHODOLOGY

A. Experiment Design

The experimental design and data collection will be
conducted in collaboration with researchers in criminology
and neuroscience from the School of Health Sciences,
USM to ensure domain-specific relevance and
methodological rigor. The collaborators will be involved in
designing realistic bribery scenarios and overseeing EEG
data acquisition protocols. The entire proposed ML
pipeline is displayed in Fig. 2.
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Fig. 2. Bribery Tendency Classification Pipeline Using EEG Data.

1) Participants

The sample size will be 184 participants, with 92
government officials and 92 laypersons as two distinct
group. While they will be grouped together when building
the ML model, this provides the opportunity to examine the
differences of reactions to bribery stimuli between the two
groups. The participants will be consenting Malaysian
adults free of neurological disorders.

2) Task Structure: Bribery Decision Game

Participants will engage in a computerized decision-
making task designed as a two-alternative forced-choice
(2AFC) paradigm, adapted to capture neural and
behavioural responses to bribery scenarios. This 2AFC
setup aligns with the structure used by Parnamets et al. [25],
ensuring controlled comparisons and consistency across
participants.
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In each trial, participants take the role of a
government official and are presented with hypothetical
bribe offers, which include details such as the amount, risk
level, and moral justification. They must respond to the
prompt: "Accept or Refuse?". To introduce moral
complexity and cognitive conflict, the task manipulates
contextual framing across three dimensions: risk-reward
trade-offs, moral framing (e.g., aiding a struggling family
vs. personal gain), and social pressure (e.g., bribery as
organizational norm) as displayed in Fig 1.

Each trial lasts approximately 30-45 seconds,
with participants completing 100 trials across multiple
sessions. Research by Pardo-Vazquez et al. [26] also
showed that EEG signals linked to performance monitoring
are easier to detect and interpret when participants must
choose between two clear options. In this bribery task, the
forced choice between "Accept” or "Refuse" allows us to
track how the brain responds to different moral, social, and
risk-based factors during each decision.

You are a customs officer responsible for
inspecting imported goods at a busy
international port.

Offer:

- Amount: RM4,000.

« Risk Level: No surveillance cameras,
but random inspections occur.

- Justification: The importer says,
“These goods are slightly over the legal
weight limit, but rejecting them will
ruin my business and leave many
workers unemployed.”

ACCEPT -

Fig. 3. Example of a Bribery Task.

3) Data Prepocessing

Bandpass filtering (0.5-45 Hz) will be applied to
isolate relevant frequency bands and Independent
Component Analysis (ICA) will perform artifact removal.
Artifact removal is vital so the signals are preprocessed
from noise and are not corrupted by the motor movements
of the participants. Afterwards, the data will be segmented
into time-locked epochs, each associated with a task event.
Finally, the data will be normalized using Min-Max
scaling.

4) Feature Extraction

Two types of EEG features will be extracted for input
into the model: event-related potentials (ERPs) features and
functional connectivity features. Wei et al. [27] asserted
that functional connectivity patterns elicited by deception
tasks differ from those associated with honest behavior, and
that research should go beyond identifying brain regions
activated during lying, which can be identified by ERPs and
also examine the interactions between different brain areas
or their functional connectivity. Adaptive Discrete Wavelet
Transform (DWT) [28] with a trainable wavelet basis
function will be applied and will use attention



mechanismsto  dynamically  select  discriminative
frequency sub-bands (delta, theta, alpha, beta).

5) Model Architecture

A Hybrid CNN-LSTM architecture that combines
CNN for spatial feature extraction (identifying brain
regions activated during decision-making) and LSTM for
capturing temporal dynamics in EEG signals, which are
crucial for understanding cognitive processes over time,
can efficiently handle both ERP and functional
connectivity features. This approach has been successful in
similar deception detection studies [17] and provides a
flexible solution for classifying decision-making behaviors
related to bribery.

IV. LIMITATIONS

e The neural mechanisms identified in this study
will be derived from controlled experimental
conditions and may not fully capture the
complexity of real-world bribery scenarios. While
the task design incorporates realistic elements
such as varying risk levels, moral framing, and
social pressure, it cannot replicate the emotional
urgency or external influences that often
accompany actual bribery solicitations. In
everyday contexts, factors such as fear, peer
influence, or institutional norms can deeply shape
ethical decision-making.

o  While the interdisciplinary collaboration with
criminology and neuroscience experts has
enhanced the realism and validity of the
experimental design, the artificial setting of a
lab-based task still limits environmental validity.
Bribery is a highly contextual and socially
sensitive behaviour, and responses in a
monitored environment may differ from those in
real-world situations.

o Ethical approval has been obtained for this study,
and great care is taken to ensure the dignity,
autonomy, and confidentiality of all participants.
Ethical considerations also require that findings
not be used to label individuals as corrupt or
immoral based solely on their responses in an
experimental setting. The goal is to understand
cognitive processes and not to assign moral
judgment.

V. CONCLUSION

This study presents a proposed pioneering approach
to understanding the neural mechanisms behind bribery-
related decision-making through EEG data analysis. By
applying applying a hybrid CNN-LSTM deep learning
architecture to EEG signals, this research aims to uncover
specific neural mechanisms associated with bribery
decision making, and possibly uncover patterns that may be
indicative of cognitive conflict, risk evaluation, and moral
reasoning during bribery dilemmas. The goal is to
contribute to a deeper understanding of the cognitive
processes involved in corruption. The study is strengthened
by close collaboration with experts in criminology and

neuroscience, who will guide the experimental design and
data collection to align with real-world bribery dynamics.

Although there are limitations in terms of real-world
applicability and experimental constraints, the findings
could serve as a valuable foundation for future research in
behavioral neuroscience, ethics, and corruption studies.
The integration of neuroimaging with behavioural ethics
and decision-making also holds promise for practical
applications, such as training, behavioural interventions, or
institutional reforms aimed at reducing corruption.
Ultimately, this research contributes to a growing
interdisciplinary effort to decode the psychological and
neural basis of unethical decision-making in complex
social environments. As of now, the project is actively
underway, with pilot survey data collection recently
conducted and pilot EEG data collection with the bribery
task scheduled for the next research phase.
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