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Abstract

Deception detection is a multifaceted challenge that has gained attention in domains such
as forensics, security, and human–computer interaction. However, most EEG-based studies
focus on binary classification between truthful and deceptive responses, overlooking the
complexity of cognitive processes underlying different deceptive strategies. To address this
limitation, we present a multi-class EEG dataset designed to investigate distinct behavioral
roles in deception, including honest, bluffer, liar, and deceiver, collected from 51 participants
using a controlled mock-crime scenario. In this setup, subjects were assigned predefined
roles and interrogated under a standardized protocol with carefully designed questions
and responses. EEG signals were recorded using a 16-channel Biosemi ActiveTwo system
at a sampling rate of 2048 Hz, with event markers enabling precise temporal segmentation
of experimental phases. The dataset captures neural activity associated with varying
cognitive load and decision-making across deception types. To the best of our knowledge,
this is the first EEG dataset that explicitly incorporates and differentiates four distinct
deception-related behavioral roles within a unified experimental framework.

Dataset: The dataset described in this paper is available via Figshare at https://doi.org/10
.6084/m9.figshare.32302035 (accessed on 26 June 2026).

Dataset License: CC-BY 4.0

Keywords: electroencephalography (EEG); deception detection; brain–computer interface
(BCI); neuroimaging; time-frequency analysis; cognitive neuroscience

1. Summary
Deception can be defined as the intentional attempt to mislead others and disseminate

false information [1,2]. It is considered a complex brain behavior that is often accompanied
with emotional responses like guilt, anxiety and cognitive conflict [3]. Understanding the
brain signals of these behaviors is essential for advancing the scientific understanding of
deceptive behavior, especially with the huge advancement in neuroimaging techniques.

Over the years, advances in neuroimaging techniques such as electroencephalography
(EEG), functional near-infrared spectroscopy (fNIRS) and functional magnetic resonance
imaging (fMRI) have expanded the scope of lie detection methods beyond traditional
polygraph-based approaches [4]. Among the available neuroimaging techniques, EEG has
been widely used due to its non-invasive nature and high temporal resolution which enables
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real-time monitoring of neural activities associated with deception, such as decision-making
and cognitive conflict [5,6]. However, despite progress in this field, EEG-based deception
research still faces important challenges, particularly with respect to dataset availability,
experimental realism, and the accurate interpretation of EEG signals. In many existing
studies, deception is modeled as a binary classification problem that distinguishes only
between truthful and deceptive behaviors. While this formulation is useful for controlled
classification tasks, it does not fully capture the variability and complexity of deceptive
behavior, since different forms of deception may impose different levels of cognitive load
and may involve different behavioral strategies [7]. Moreover, a strict truth-versus-lie
representation may oversimplify real-world communication, where deception can exist on
a spectrum rather than as a simple dichotomy [8]. This limitation may reduce the ability of
existing datasets to represent diverse deceptive strategies in realistic settings [9]. Conse-
quently, there remains a need for EEG-based deception datasets that can capture multiple
forms of deceptive behavior under a controlled and well-defined experimental paradigm.

Although several EEG studies have investigated deception detection, most available
datasets focus mainly on distinguishing truthful from deceptive responses [8–12]. Ex-
isting EEG-based deception datasets have contributed significantly to the development
of computational methods for deception detection; however, they commonly represent
deception as either a binary truth/lie problem or as task-specific truth and lie conditions.
Such datasets are valuable for binary classification, concealed-information detection, and
response-monitoring studies, but they do not explicitly separate deception into multiple be-
havioral strategies within a unified dataset. Therefore, the relevance of the proposed dataset
lies in its ability to support a more detailed investigation of deception by modeling different
deception-related roles rather than treating deception as a single homogeneous class.

The motivation behind this work is to collect and present an EEG dataset that better
reflects the complexity of deceptive behavior while maintaining a controlled experimental
structure. The proposed dataset was developed to represent different forms of deception
using predefined behavioral roles, while ensuring consistency in the experimental scenario,
participant instructions, question structure, and recording procedure. By providing a
clear and explicit distinction between deceptive behaviors, the dataset aims to support the
analysis of neural activity associated with different levels of cognitive load and deception-
related decision-making. This approach expands EEG-based deception detection research
beyond the conventional honest-versus-deceptive classification setting and enables a more
realistic analysis of deceptive behavior.

To the best of our knowledge, the presented dataset is the first EEG dataset that
explicitly incorporates four deception-related behavioral roles within a unified mock-
crime interrogation framework. Specifically, the dataset includes four distinct classes:
honest, bluffer, liar, and deceiver. These classes were defined according to different forms of
deception described in the literature, including omission, distortion, half-truths, and blatant
lies [13,14]. Similarly, Appling et al. [15] identified four deception strategies: falsification,
exaggeration, omission, and misleading communication. Although these studies were
conducted mainly in interpersonal or communication contexts, they provide a theoretical
foundation for distinguishing between multiple deception strategies in the proposed EEG-
based experimental design. Accordingly, the deception roles used in this dataset were
defined as follows: The bluffer role represents deception through omission, where crucial
information is withheld and only partial truths or half-truths are presented [13,15]. This
role is also related to evasion, in which the individual attempts to redirect the topic or
avoid directly answering a question [14]. The liar role represents blatant lying, in which the
individual provides information that is entirely false or directly contradicts the truth [14].
This form of deception is also referred to as falsification, where information is fabricated

https://doi.org/10.3390/data11070162

https://doi.org/10.3390/data11070162


Data 2026, 11, 162 3 of 17

with the intent to deceive [13,15]. Finally, the deceiver role represents distortive and
manipulative deception, where the individual alters truthful information by exaggerating,
minimizing, or reshaping facts to present a misleading version of the truth [14]. This type of
deception is related to distortion and manipulation, in which facts are twisted to influence
the interpretation of the message [13,15].

Table 1 compares the proposed dataset with representative EEG-based deception
datasets reported in the literature. The comparison highlights key differences in partici-
pants, population statistics, experimental paradigms, and class labels. As shown in the
table, most existing datasets rely on binary truth/lie labels or task-specific truth and lie con-
ditions. In contrast, the proposed dataset introduces four behavioral roles in a mock-crime
interrogation setting, which provides a more detailed representation of deceptive behavior
and increases the dataset’s potential impact for multi-class EEG-based deception detection,
cognitive-load analysis, and machine learning model evaluation.

Table 1. Comparison between the proposed dataset and representative EEG-based deception datasets
reported in the literature.

Approach Scenario Participants Average Age Experimental Paradigm Classes/Labels

Aslan et al. [16] LieWaves Dataset 27 participants 23.1 years

Visual bead-stimulus task in which partic-
ipants selected two beads from a box and
then viewed bead images while acting once
as a truth-teller and once as a deceiver.

Binary: Truth-teller
and Deceiver

Gupta et al. [17] Bag-of-Lies Dataset
22 EEG partic-
ipants; 35 total
subjects

Not reported
Image-description task in which partici-
pants viewed 6–10 images and described
each image either truthfully or deceptively.

Binary: Truth and Lie

Chen et al. [12]
Two-player decep-
tion game EEG
dataset

24 participants;
12 pairs 25 years

Interactive card-based two-player decep-
tion game with role switching, where
players reported card numbers truthfully
or deceptively while observers judged
truth/lie responses.

Four conditions: Instructed
Truth, Instructed Lie, Sponta-
neous Truth, and Spontaneous
Lie

Wang et al. [18] Instructed lying EEG
task 16 participants 22.5 years

Auditory question task in which partici-
pants listened to questions and provided
truthful or deceptive verbal answers about
experienced and non-experienced events.

Binary: Instructed lying and
Instructed truth-telling

Hermawan
et al. [2]

Muse II lie-detection
dataset 34 participants

Mean age not re-
ported; age range:
16–25 years

Scenario-based interrogation task in which
participants read a randomly assigned
problem scenario and then answered 14
spoken questions arranged as 7 control–
relevant question pairs.

Binary: Truth and Lie

Gao et al. [19] Guilty Knowledge
Test paradigm 30 participants 21.25 years

Visual GKT oddball task in which partici-
pants viewed jewel images and answered
whether they had seen each item before;
guilty participants deceptively denied the
probe item.

Binary: Guilty/deceptive and
Innocent/truthful

Proposed dataset Mock-crime scenario 51 participants 20.6 years

Mock-crime interrogation task in which
participants were assigned predefined be-
havioral roles and answered standardized
interrogation questions related to a simu-
lated theft scenario.

Four behavioral roles: Honest,
Bluffer, Liar, and Deceiver

The main contribution of this study is the development of a publicly available EEG-
based deception dataset designed to support a more detailed analysis of deceptive behavior.
Unlike most existing EEG deception datasets that focus on binary truth/lie classification,
the proposed dataset introduces a multi-role deception framework based on four behavioral
classes: honest, bluffer, liar, and deceiver. This design enables researchers to investigate how
different deception strategies are reflected in EEG signals and provides a benchmark for
developing models that can move beyond simple binary deception detection. Specifically,
the key contributions of the proposed dataset are summarized as follows:

https://doi.org/10.3390/data11070162

https://doi.org/10.3390/data11070162


Data 2026, 11, 162 4 of 17

• It provides a multi-class EEG deception dataset that distinguishes between honest
behavior and three deception-related roles: bluffer, liar, and deceiver.

• It adopts a controlled mock-crime interrogation scenario, ensuring consistency in par-
ticipant roles, question structure, experimental instructions, and recording conditions.

• It enables the investigation of EEG patterns associated with different deception strate-
gies and varying cognitive demands across time, frequency, and spatial domains.

• It offers a benchmark resource for evaluating signal-processing methods, machine
learning classifiers, and deep learning models for multi-class EEG-based decep-
tion detection.

• It addresses an important gap in the literature by providing a dataset that supports a
more realistic and fine-grained representation of deceptive behavior compared with
conventional binary truth/lie datasets.

2. Methods
This section describes the experimental paradigm, role design, question construc-

tion process, and EEG recording procedure adopted for the collection of the proposed
deception dataset.

2.1. Experimental Paradigm (Mock-Crime Scenario)

To evoke deceptive behavior under controlled yet realistic conditions, a mock-crime
scenario was designed. The paradigm simulates a theft scenario that occurs in a laboratory
environment, where participants are interrogated for their involvement in stealing an object
from the lab.

The mock-crime interrogation paradigm was selected because mock-crime and
concealed-information designs are well-established in EEG/ERP, psychophysiological,
and neuroimaging deception research [20–24]. Such paradigms provide controlled expo-
sure to crime-relevant information and allow the experimenter to define the participant’s
knowledge state, role, and response requirements. This level of control is particularly
important for EEG recording, where standardized timing, consistent stimuli, and com-
parable cognitive phases are required for temporal segmentation and cross-role analysis.
Moreover, the selected approach prompts cognitive processes that are associated with
deception, including decision-making, conflict monitoring, emotional regulation, and
increased cognitive load while maintaining experimental control [25,26].

In the present study, the participants were divided into innocent and guilty groups.
Guilty participants were instructed to steal an item from the lab and hide it, whereas
innocent participants were not involved in the theft or aware of it. The standardized
interrogation format ensured that all participants were exposed to the same questions
and response alternatives, while the assigned role determined the intended behavioral
strategy. Therefore, during the EEG recording, all participants were subjected to the same
interrogation protocol.

2.2. Role Definition and Behavioral Design

To include variability in deceptive behavior and expand the classic truthful–deceptive
classification, participants were assigned predefined behavioral roles. Roles are assigned
randomly through a shuffled draw to reduce selection bias and participants must adhere to
their assigned roles throughout the experiment.

To promote adherence and consistency of roles, participants received a detailed written
and verbal description of their roles, including examples of appropriate responses that fit
their roles. Moreover, before recording, a short practice question was conducted to ensure
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that the participants understood the assigned role and the recording flow. During the
experiment, the experimenter monitored the responses to ensure consistency.

The four behavioral roles that were adopted in this study were conceptually derived
from previous studies that classified different types of deception [13–15]. Although the
labels “Bluffer”, “Liar”, and “Deceiver” are specific experimental operationalizations for
this study, each role maps onto theoretically recognized deception strategies described in
previous studies [13–15]. The roles are defined as follows:

1. Honest (Innocent Participant): Participants who have no involvement in the theft
and are unaware of the crime. They are instructed to answer all questions honestly
and truthfully in a straightforward manner.

2. Bluffer: Participants who acted as witnesses to the theft and have partial involvement.
They are instructed to answer in an evasive manner, avoiding any direct accusations
and/or denial of involvement.

3. Liar: Participants who committed the theft and directly denied any involvement in it.
They are instructed to respond to all questions in a way that suggests that they had
no hand in the crime in a firm and defensive manner.

4. Deceiver: Participants who committed the theft and provided misleading information
without directly lying. They are instructed to provide vague or misleading responses
while trying to accuse someone else.

Although the role labels adopted in this dataset are operational definitions specific to
the present experimental paradigm, their separation is supported by neuroscientific and
experimental evidence showing that deception is not a unitary cognitive process [27,28].
Neuroimaging studies have shown that different forms of deception may recruit partly
distinct neural systems, particularly when lies differ in spontaneity, rehearsal, coherence,
or strategic intent [27,28]. Experimental studies also indicate that direct lying involves
executive-control processes related to suppressing truthful responses, selecting deceptive
responses, and monitoring conflict [29]. In contrast, concealment-based deception, such
as pretending not to know or withholding crime-relevant knowledge, has been associated
with neural responses related to concealed information, response inhibition, and conflict
monitoring [20,28,30]. More strategic forms of deception, including misleading commu-
nication without direct falsification, have also been differentiated experimentally from
simple lying and truthful responding, particularly in social-interaction paradigms where
the intention to deceive and the manipulation of another person’s beliefs play a central
role [31–34]. Therefore, the present dataset distinguishes four role conditions to capture
these behaviorally and cognitively different deception-related strategies: honest, repre-
senting straightforward truthful responding; bluffer, representing concealment, omission,
and evasive responding; liar, representing direct falsification; and deceiver, representing
misleading or manipulative communication without direct denial.

2.3. Cognitive-Load Interpretation of the Four Behavioral Roles

The four behavioral roles adopted in this dataset differ not only in their response
labels but also in the cognitive operations required to produce role-consistent answers.

The honest role represents straightforward truthful responding and therefore serves
as the lowest deception-related cognitive-load condition in the present paradigm. In this
role, the participant does not need to suppress crime-relevant knowledge or construct a
misleading response.

The bluffer role represents concealment, omission, and evasive responding. This role
requires the participant to manage partial knowledge of the event while avoiding direct
disclosure or direct accusation. Therefore, the bluffer condition may involve monitoring
of known information, selective withholding of details, and maintenance of a response
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strategy that remains plausible without fully revealing the truth. This type of response
differs from direct lying because it may preserve some truthful elements while omitting or
redirecting critical information.

The liar role represents direct falsification. In this condition, the participant knows the
truthful answer but selects a response that directly contradicts it. This process is associated
with increased cognitive demand because it requires suppression of the truthful response,
selection of an alternative deceptive response, and monitoring of the conflict between the
known truth and the produced answer. Previous behavioral and neuroscientific studies
have shown that deceptive responses are generally more cognitively demanding than
truthful responses and that this demand is related to executive control and response
inhibition [35–38].

The deceiver role represents misleading or manipulative communication without
direct denial. This role is cognitively distinct from direct lying because the participant must
reshape or strategically present information while maintaining plausibility and attempting
to influence the interpretation of the listener. Therefore, this role may involve not only
response inhibition and conflict monitoring, but also strategic decision-making, perspective
taking, and evaluation of how the response may be interpreted by others [31,32].

These cognitive differences may affect EEG responses because each role places differ-
ent demands on attention, memory retrieval, response inhibition, conflict monitoring, and
decision preparation. Frontal and fronto-central EEG activity may be particularly relevant
to conditions involving executive control and conflict monitoring, while centro-parietal
activity may be relevant when concealed or crime-relevant information is recognized or
maintained. In the time–frequency domain, deception-related decision processes may also
affect theta, alpha, and beta activity, reflecting changes in cognitive control, attentional en-
gagement, and conflict adjustment [27,38,39]. Accordingly, EEG differences among the four
roles should be interpreted as reflecting differences in the cognitive and decision-making
demands imposed by each role, rather than only the presence or absence of deception.

2.4. Question Design and Interrogation Protocol

A preliminary design phase was conducted to ensure that the interrogation questions
and response options were behaviorally consistent with each assigned role. During this
phase, a separate group of 21 participants was consulted to assess common response
patterns, linguistic strategies, and behavioral tendencies associated with truthful and
deceptive communication.

Each participant in the questionnaire was assigned a specific role and provided with a
detailed role description. Then, they were asked to suggest the responses they deemed fit
to interrogation-style questions based on their assigned roles. The insights derived from
this phase helped us construct a standardized set of 14 questions, where each question
included four predefined answers corresponding to each role. Table 2 below shows the
statistical demographics of the subjects who participated in the questionnaire.

The present EEG experiment should not be interpreted as a questionnaire-based
paradigm. The preliminary questionnaire was used only as a design step to refine the
interrogation questions and construct standardized response options that were behaviorally
consistent with each assigned role. The EEG data were collected using a controlled mock-
crime interrogation paradigm in which participants were assigned predefined roles, enacted
or witnessed the mock-crime scenario according to their assigned roles, received role-
specific instructions, completed a practice trial, and answered standardized interrogation
questions during EEG recording.

Participants who took part in the preliminary design phase were entirely distinct
from those who participated in the main EEG recording experiment. The preliminary
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phase included 21 participants and was used only to assess common response patterns
and support the construction of the standardized interrogation questions and role-specific
response options. These participants did not take part in the EEG recording sessions. The
main EEG experiment included a separate group of 51 participants.

Table 2. Demographics of participants who have participated in the preliminary design phase (i.e.,
the questionnaire) to assess the interrogation questions and response options.

Characteristic Statistics

Number of participants 21

Age (years) Mean = 28.0
Median = 25
Range = 19–54

Gender 12 Males
9 Females

Nationality Jordanian (20 participants)
Syrian (1 participant)

Mother Tongue All participants were native Arabic speakers

English Proficiency Level All participants were proficient in English

Handedness All participants were right-handed

Role Bluffer (6 participants)
Innocent (5 participants)
Deceiver (5 participants)
Liar (5 participants)

Table 3 below shows a sample of the questions used in the interrogation, together with
the four predefined answers. The complete set of interrogation questions is provided in the
accompanying dataset (see Questions.pdf ).

Table 3. Sample questions and answer options used in the experiment.

Q# Question Answer Options

Q2 Did you know something was stolen from
the lab? (a) No, I have no idea! I was not there.

(b) I heard something about that, but I do not
know any details.
(c) No, nothing was stolen. I am 100% sure of
that.
(d) Yes, I saw someone acting strangely, but I
am not sure.

Q3 Where were you when the theft happened? (a) I was not in the lab honestly.
(b) I was in the lab earlier, but I might have
left before anything happened.
(c) I was there, and nothing happened.
(d) I left right before it happened; maybe ask
the other group.

2.5. Experimental Procedure
2.5.1. Participants

The EEG experiment involved a total of 51 participants (45 males, 6 females), aged
between 19 and 25 years. The participants were organized into 17 experimental sessions.
Table 4 below shows the demographic statistics of the participants; all participants were
healthy adults with no reported neurological or psychiatric conditions and provided written
informed consent prior to participation.
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Table 4. Demographics of the participants who participated in the EEG experiment.

Characteristic Statistics

Number of participants 51

Age (years) Mean = 20.6
Median = 21
Range = 19–25

Gender 45 Males
6 Females

Nationality Jordanian (45 participants)
British (1 participant)
Canadian (1 participant)
Russian (1 participant)
Palestinian (1 participant)
German (1 participant)
Iraqi (1 participant)

Mother Tongue Arabic (48 participants)
English (2 participants)
Arabic + Other (1 participant)

English Proficiency Level All participants were proficient in English

Handedness Right-handed (46 participants)
Left-handed (5 participants)

2.5.2. Group Formation and Role Assignment

For the EEG experiment, participants were organized into 17 sessions, each consist-
ing of three participants. Role assignment was performed using a random draw within
each session under a constrained group structure. Each session included one innocent
participant, one bluffer, and one thief. The thief participant completed two deceptive role
conditions, namely the liar and deceiver roles, across separate trials. Thus, no separate
formal counter-balancing procedure was applied across independent participants. Instead,
balanced role representation was achieved through the fixed session structure, which en-
sured that each session contributed EEG recordings for the honest, bluffer, liar, and deceiver
roles under the same interrogation protocol. Innocent participants remained unaware of
the theft until the interrogation phase.

After assignment of the role and completion of the mock crime, participants received
clear instructions on the experimental protocol and the answer style they should follow to
maintain consistency throughout the session and play their roles strictly. This group-based
experiment design ensured a controlled and realistic deception scenario, as well as allowing
the collection of EEG signals under different conditions.

2.6. Recording Environment and Setup

The experiments were conducted in a quiet laboratory with white walls and sta-
ble lighting conditions to avoid any distractions. The room was kept at a comfortable
temperature of 24 ◦C using central air conditioning.

Only one participant was recorded at a time to avoid distractions. Each participant
was instructed to sit upright on a comfortable chair, seated 80 cm from the computer screen.
Participants were also instructed to remain still, minimize eye and body movement, and try
to avoid excessive blinking throughout the recording to reduce as many artifacts as possible.

The interrogation questions were presented to the participants following a predefined
protocol, as described in Section 2.4. All participants experienced the same recording
environment and conditions, regardless of their assigned role, to ensure consistency be-
tween sessions.
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2.7. EEG Hardware and Acquisition Parameters

The EEG data were recorded using the Biosemi ActiveTwo EEG Recording System
(Biosemi B.V., Amsterdam, The Netherlands) at a sampling frequency of 2048 Hz using
16 EEG electrodes. These electrodes are positioned in a cap on the scalp of each participant
according to the international 10-20 electrode placement system. Figure 1 below shows
both the elastic cap used during the recording of the EEG signals and the EEG electrodes
used. The 16 electrodes used are (C3, C4, Fp1, Fp2, F4, Fz, F3, T7, Cz, T8, P4, Pz, P3, O1,
Oz and O2). Moreover, the EEG electrodes are referenced to the Common Mode Sense
(CMS)/Driven Right Leg (DRL) for noise cancellation, and the DC offset for each electrode
was below 25mV during the sessions to maintain the signal integrity. Figure 2 shows one of
the participants wearing the elastic cap with the electrodes mounted in their exact places.

Figure 1. EEG elastic cap with electrodes.

Figure 2. Participant wearing the EEG cap during the recording session.

2.8. Experimental Task and Trial Structure

The experimental task was implemented using PsychoPy software (version 2024.2.4),
where each trial followed the same structure to ensure consistency across all participants
and recording sessions. Each trial begins with a 0.5 s rest period, allowing the participant
to relax and prepare before the question is presented. Then, a question is displayed on
the screen for 5 s, where the participant can read the question without providing any
response. The 30 s answers phase was used as a fixed response-review interval rather
than as an assumed continuous reading period. Participants were instructed to read all
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four options and identify the response that best matched their assigned role. The duration
was intentionally kept fixed across trials and participants to accommodate individual
differences in reading speed, role interpretation, and response comparison, while avoiding
time pressure. This study did not record whether each participant actively used the full
30 s interval; therefore, this phase was not interpreted as a uniform decision-making
interval across participants. The subsequent 5 s thinking phase was introduced to provide
a standardized post-reading interval in which the answer options were removed from
the screen and instead a white screen that says “Think of all the answers and pick the most
suitable one” is displayed. This phase reduced visual scanning and reading-related eye
movements and allowed participants to maintain or confirm their selected role-consistent
response immediately before the auditory cue and verbal answer. Because participants
may have formed a preliminary decision during the answers phase, the thinking phase
was interpreted as a decision-confirmation and response-preparation interval rather than
as the sole period of initial decision formation. An auditory beep then signals the response
phase, where the participant verbally selects one of the 4 answers within a 2 s time window.
The participants verbally responded using the labels A, B, C, or D. The verbal responses
were manually recorded by the experimenter on a paper scoring sheet that contains the list
of questions and the corresponding answer options. Figure 3 shows the timing structure
followed in each trial in the recordings.

Figure 3. Timing structure of the experiment.

The multiple-choice response format was deliberately adopted to improve experi-
mental standardization and reduce artifacts during EEG recording. Each question was
associated with four predefined answer options, with each option corresponding to one of
the behavioral roles. This design ensured that all participants were exposed to the same
response alternatives and reduced variability associated with spontaneous open-ended
verbal responses. In addition, participants verbally responded only by stating the selected
option label, A, B, C, or D, during the response phase. This minimized speech duration and
restricted overt verbal production to a short, predefined time window, thereby reducing
speech-related and movement-related artifacts during the preceding cognitive phases.

After each trial, a transition screen appears with the message “Press next when ready”,
allowing participants to rest and take a moment before proceeding to the following trial.
This sequence was repeated for all interrogation questions within a session.

It is worth mentioning that prior to the main interrogation, each session started with a
practice trial (Question Q00). It followed the exact same structure as the other questions,
but was designed to familiarize participants with the procedure and the role they should
follow in answering the questions. This question was not included in the final dataset, and
the participants’ responses to Q00 were not analyzed.

To accurately align EEG signals with task events, event markers were sent from
PsychoPy to BioSemi through a USB trigger interface. Specifically, the generated triggers
were used to mark the beginning and end events of each of the five phases within each
recorded trail, as illustrated in Figure 3. These triggers allow EEG data to be precisely
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segmented during analysis and ensure that neural activity is correctly mapped with its
associated phase.

2.9. Quality Control and Artifact Inspection

To ensure data quality, all recorded EEG signals were manually inspected prior to anal-
ysis. Each recording was visually examined for any anomalies, including noise, electrode
disconnections, or artifacts related to eye blinks, muscle activity, or movement. Trials that
were distorted or unstable were excluded from the final dataset.

3. Dataset Description
3.1. Data Organization and Storage Structure

The raw EEG data along with the embedded triggers, discussed in Section 2.8,
were saved as .mat files and organized into a structured directory for clarity and repro-
ducibility. In particular, the recorded raw EEG data were saved in a main folder titled
“Mock_Crime_Scenario _Dataset”, containing 17 sub-folders, each representing a unique
session. Each session is labeled as “Session” followed by the session number (e.g., “Ses-
sion4”). Within each session, all EEG trial files corresponding to participants in that session
are stored directly, with 56 .mat files per session The naming format for the trial files is
“Sessionx_Py_Rk_Qz”, where

• Sessionx denotes the session, with x being an integer from 1 to 17.
• Py denotes the participant id, with y being an integer from 01 to 51, where the numbers

represent the order of the participants during the recording of the sessions.
• Rk denotes the participant role, with k representing the role (e.g., R01 for honest, R02

for bluffer, R03 for liar, and R04 for deceiver).
• Qz denotes the question number, with z being an integer from 01 to 14.

For example, the file named “Session1_P01_R02_Q04” contains the EEG recording for
the bluffer participant in session 1 during the fourth question in the trial. Figure 4 below
shows the hierarchical structure of the recorded dataset.

Figure 4. Folder structure of the recorded dataset.

3.2. Structure of Each Trial File

Each trial was stored as a .mat file containing the fields listed in Table 5. In particular,
the data field contains a matrix of size (channels × samples), where each row corresponds
to an EEG channel and each column corresponds to a time sample, representing the EEG
signals recorded during that trial. Each trial begins with a 0.5 s rest phase, followed by
the question, answers, thinking, and response phases. The temporal boundaries of these
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phases are specified by sample indices stored in the events field, as shown in Table 5. The
channel field stores the names and order of the EEG channels used in the recording, while
the sampling_rate field specifies the sampling frequency of the recorded signals.

Table 5. Description of the fields included in the .mat file for each recorded trial.

Field Description

data EEG data matrix of size (channels × samples) containing the
EEG signals of the recorded trial, including the rest, followed by
question, answers, thinking, and response phases.

events Structure containing sample indices marking the start and end of
each phase:
• rest_start, rest_end.
• question_start, question_end.
• answers_start, answers_end.
• thinking_start, thinking_end.
• response_start, response_end.

channels Cell array containing the names of the 16 EEG channels arranged
as follows:

Idx Name Idx Name
1 C3 9 Cz
2 C4 10 T8
3 Fp1 11 P4
4 Fp2 12 Pz
5 F4 13 P3
6 Fz 14 O1
7 F3 15 Oz
8 T7 16 O2

num_channels Total number of EEG channels (16).

sampling_rate Sampling rate of the EEG recordings (2048 Hz).

session_id Identifier of the recording session.
participant_id Identifier of the participant within the session.
role_id Behavioral role assigned to the participant: 1 = honest, 2 = bluffer,

3 = liar, 4 = deceiver.
question_id Identifier of the question (e.g., Q01).

4. Data Validation
To validate the proposed dataset, we used a conventional feature extraction pipeline

together with a traditional machine learning classifier to decode the four behavioral decep-
tion roles considered in this study. The goal was to provide a preliminary role-classification
benchmark and to assess whether the recorded EEG signals contained discriminative
information related to the assigned behavioral roles. For the validation analysis, the
thinking phase was selected because it provided a short standardized interval after the
answer options were removed and before the verbal response. This interval minimized
contamination from reading, visual scanning, and overt speech. However, the extracted
EEG activity should be interpreted as reflecting post-reading decision confirmation, role-
consistent response maintenance, and response preparation, rather than the complete
decision-formation process, since participants may have formed preliminary choices dur-
ing the preceding answers phase. Specifically, for each question, the EEG signals recorded
during the thinking phase were selected and preprocessed. Data were downsampled to
256 Hz, band-pass filtered between 0.5 and 32.5 Hz, and re-referenced to the Cz electrode,
which was excluded from further analysis.
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To reduce inter-trial variability, baseline correction was applied using a 500 ms baseline
rest segment at the beginning of each trial. Artifact removal was then performed using
automatic Blind Source Separation (BSS) methods in EEGLAB [40], specifically SOBI-based
EMG and EOG attenuation functions.

The preprocessed EEG signals were segmented into 256-sample windows using a
sliding-window approach. For each segment, the Short Time Fourier Transform (STFT) was
computed for each EEG channel, producing 15 time–frequency maps. Then, each map was
used to extract 12 time–frequency features, following [41,42], resulting in a 180-dimensional
feature vector per window.

These feature vectors were used to train and evaluate a Random Forest classifier. Per-
formance was assessed using a 10 × 10 cross-validation procedure. We note that this valida-
tion scheme was not fully subject-independent, since training and testing folds were formed
at the feature-vector level and the same thief participant contributed recordings for both the
liar and deceiver role conditions across separate trials. Therefore, the reported classification
results should be interpreted as an initial dataset validation and role-discrimination bench-
mark, rather than as evidence of fully subject-independent generalization performance.
As shown in Figure 5, the average accuracy ± STD and kappa ± STD across all roles were
58.92% ± 13.59% and 0.45 ± 0.085, respectively.

Figure 5. Average classification accuracy and kappa score for each role, with standard deviations
(STDs) represented by black vertical error bars.

To further explore regional EEG characteristics across deception-related conditions, we
performed an exploratory scalp-region analysis using Session 4 as an illustrative example.
Session 4 contained 56 trials, with 14 trials for each behavioral role. The honest role
corresponded to participant P12, the bluffer role to participant P11, and the liar and
deceiver roles to participant P10. Therefore, this analysis was considered descriptive and
exploratory, rather than subject-independent.

The EEG signals from the thinking phase were downsampled to 256 Hz, band-pass
filtered between 0.5 and 32.5 Hz, re-referenced to Cz, and baseline corrected using the
rest segment. Since Cz was used as the reference electrode, it was excluded from the
regional analysis. The remaining electrodes were grouped into five scalp regions: frontal
electrodes, including Fp1, Fp2, F3, Fz, and F4; central electrodes, including C3 and C4;
temporal electrodes, including T7 and T8; parietal electrodes, including P3, Pz, and P4; and
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occipital electrodes, including O1, Oz, and O2. Regional spectral features were computed
by averaging channel-level power values within each region. The exploratory analysis
focused on theta, alpha, and beta activity within the 4–30 Hz range.

Table 6 summarizes the dominant regional pattern for each role in Session 4. The
honest condition showed the highest 4–30 Hz regional power over the parietal region, with
theta-dominant activity. The bluffer condition showed the highest regional power over the
temporal region, with a stronger alpha contribution. Both the liar and deceiver conditions
showed the highest regional power over the frontal region, with theta-dominant activity.
These frontal patterns are consistent with previous deception studies implicating frontal and
prefrontal regions in executive control, inhibition, and deceptive responding [27,38], while
prior work also supports the involvement of anterior cingulate, frontoparietal, and centro-
parietal activity in conflict monitoring and concealed-information processing [20,21,30,43].

Table 6. Exploratory regional EEG characteristics for Session 4. Values are reported as mean ± stan-
dard deviation across 14 trials per role. Theta, alpha, and beta percentages were computed relative to
the total 4–30 Hz power within the dominant region for each role.

Role Participant Dominant Region Theta (%) Alpha (%) Beta (%)

Honest P12 Parietal 88.66 ± 1.45 5.86 ± 1.09 5.47 ± 0.64
Bluffer P11 Temporal 22.39 ± 7.02 52.58 ± 9.06 25.03 ± 4.68
Liar P10 Frontal 79.48 ± 5.47 8.36 ± 2.38 12.16 ± 3.50
Deceiver P10 Frontal 78.16 ± 3.75 10.85 ± 2.49 10.99 ± 3.26

5. Limitations and Future Directions
Although the proposed dataset provides a controlled multi-class EEG resource for

studying deception-related behavioral roles, several limitations should be considered when
interpreting and using the data.

First, the participant sample consisted mainly of young adults and was gender-
imbalanced. Therefore, the dataset does not fully represent broader age, gender, cultural,
or clinical populations. Future datasets can address this limitation by recruiting larger and
more demographically balanced cohorts.

Second, the four class labels used in this dataset, namely honest, bluffer, liar, and
deceiver, are operational behavioral roles defined within the present mock-crime inter-
rogation paradigm. They should not be interpreted as universal or clinically established
deception categories. The role definitions were designed to capture different deception-
related strategies under controlled experimental conditions, but additional paradigms and
independent replications are needed to examine how these role patterns generalize to other
deception contexts.

Third, the role structure introduced partial participant dependence across classes. In
each session, the thief participant completed both the liar and deceiver conditions across
separate trials. Therefore, these two role conditions were not fully independent at the
participant level. This design allowed controlled comparison of two deceptive strategies
performed by the same guilty participant, but it also limits strict subject-independent
interpretation across all four classes. Future studies can assign independent participants
to each deception-related role or apply counter-balanced designs that separate role effects
from participant-specific neural patterns.

Fourth, the standardized multiple-choice interrogation format improved timing con-
trol, reduced speech-related artifacts, and ensured comparable response options across
roles. However, it also constrained the spontaneity of participants’ responses. In addition,
the 30 s answers phase was used as a fixed response-review interval, and participants
may have selected their answers before the end of that interval. Consequently, the 5 s
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thinking phase should be interpreted as a decision-confirmation and response-preparation
period rather than the sole period of initial decision formation. Future work can include
response-time logging, confidence ratings, subjective cognitive-load measures, and trial-
level role-adherence ratings to better characterize the decision process.

Fifth, the dataset was recorded using a 16-channel EEG montage. This setup supports
scalp-level channel and regional analyses with limited spatial resolution. High spatial
resolution is required for precise cortical source localization. Future studies can employ
higher-density EEG systems, additional artifact-monitoring channels, eye tracking, or
multimodal neuroimaging methods such as EEG–fNIRS to improve spatial interpretation
and artifact characterization.

Sixth, the validation analysis was intended as an initial benchmark demonstrating
that the dataset contains discriminative EEG information related to the four behavioral
roles. The reported classification results should not be interpreted as definitive evidence
of fully subject-independent generalization. More rigorous benchmark protocols, such
as leave-one-subject-out, leave-one-session-out, and nested cross-validation schemes, are
needed for future model evaluation. Providing standardized train–test splits can also
improve reproducibility and comparability across studies.

Finally, the present dataset emphasizes controlled mock-crime interrogation under
standardized timing and response conditions. Complementary experimental designs, in-
cluding interactive card-based or sender–receiver paradigms, can extend this work by
examining spontaneous, competitive, and socially adaptive deception. Combining con-
trolled multi-class role paradigms with richer behavioral annotations and more advanced
EEG analyses can support future deception detection research based on multi-class neural
patterns rather than conventional binary truth-versus-lie classification.
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