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Abstract: 
Automated deception detection remains a challenging problem at the intersection of artificial 

intelligence, psychology, and cognitive science. Most existing systems only look at one or two types of 
signals, leaving a lot of behavioural and physiological information on the table. This paper introduces 
MOSAIC, a multimodal deep learning framework that brings together behavioural, acoustic, linguistic, 
cardiac, and neural signals in a unified late-fusion architecture for deception analysis. The system processes 
audio-visual inputs alongside physiological data from ECG and EEG recordings. Each modality produces 
its own confidence score, and these are combined through a deep neural network to arrive at the final 
prediction. The EEG sub-model, trained on the DEAP dataset, reaches 76.1% accuracy with an AUC-ROC 
of 0.750. Across the board, MOSAIC shows that fusing signals from multiple modalities makes the system 
more robust than any single-channel approach. The framework is also designed with ethical deployment in 
mind, with interpretability built into the evaluation process. 
 
Keywords — Deception detection, multimodal learning, deep learning, EEG, ECG, MediaPipe, late 
fusion, LSTM. 
 

I. INTRODUCTION 

People are surprisingly bad at detecting lies. Meta-
analyses show that unaided human observers 
correctly identify deception only about 54% of the 
time — barely better than flipping a coin [1]. 
Traditional polygraphs, which measure things like 
heart rate, respiration, and skin conductance, do 
somewhat better at 65–80% accuracy, but they're 
widely distrusted in legal settings because skilled 

subjects can beat them, and results depend heavily 
on who's administering the test [2]. 

Machine learning has opened up new possibilities 
here. Early multimodal work — like the system by 
Perez-Rosas et al. — combined facial expressions, 
audio features, text, and gesture cues to hit around 
75% accuracy on benchmark data [5]. That was a 
meaningful step forward, but it left out physiological 
signals entirely. On the other side of the spectrum, 
systems that focused purely on EEG or thermal 
imaging got good results in controlled settings but 
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couldn't integrate the richer behavioural picture that 
comes from what someone says and how they say it 
[6], [8]. 

 
MOSAIC tries to bring these threads together. 

Rather than choosing between behavioural and 
physiological signals, we integrate both — across 
five modalities — within a single late-fusion 
architecture. The idea is that deception leaves traces 
everywhere: in how your face moves, how your 
voice changes, what words you choose, and what 
your heart and brain are doing underneath all of that. 

 
The main contributions of this work are: 
 A late-fusion multimodal deep learning 

framework for deception analysis that spans 
five signal types. 

 A hybrid pipeline that combines real-time 
behavioural inputs with dataset-driven 
physiological signals. 

 An ablation study that shows how much each 
modality actually contributes. 

 A Stream lit-based interface that makes the 
system usable in an interview-style setting. 

 A fairness evaluation across demographic 
subgroups, because responsible deployment 
requires it. 

 

II. LITERATURE REVIEW 

 
Table 1 summarises the most relevant prior work and 
shows where MOSAIC fits relative to existing 
systems. 

 
A. Unimodal and Bimodal Approaches 

 
Early deception detection research mostly focused 
on one signal at a time. Frank and Ekman showed 
that micro-expressions — brief, involuntary facial 
movements — can reveal hidden emotional states [3]. 
Vrij et al. took a broader view, arguing that deception 
is inherently multi-channel: it shows up in speech, 
body language, and verbal content simultaneously 
[4]. 
 

Table I — Comparison of Deception Detection 
Systems 

 
B. Multimodal Behavioural Systems 
 

The Perez-Rosas et al. framework was one of the 
first to combine facial action cues, acoustic features, 
lexical signals, and gesture data from real courtroom 
recordings — a genuinely ambitious approach [5]. 
The missing piece was physiology; without it, you 
can't see the internal stress response that often 
accompanies deception. 

Abouelenien et al. filled part of that gap by adding 
thermal imaging and physiological measurements, 
which improved performance in controlled 
conditions [6]. But by deprioritising linguistic 
features, the system struggled to generalise to natural, 
unscripted conversation. 

 
C. Physiological and Neural Signal Approaches 
 

More recent work has leaned into physiological 
data. The "Bag of Lies" framework combined facial 

Study / 
System 

Modalities 
Used 

Accur
acy 

Limitation 

Perez-
Rosas et 
al. (2015) 

Face, 
Audio, 
Text, 
Gesture 

~75% 
No 
physiologica
l signals 

Abouele
nien et al. 
(2016) 

Thermal + 
Physiologi
cal 

~72% 

Limited 
linguistic/be
havioural 
modeling 

Bag of 
Lies 
(2019) 

Face video 
+ EEG 

~72% 
Missing 
audio, text, 
ECG 

Tradition
al 
Polygrap
h 

ECG, 
respiration, 
skin cond. 

65–
80% 

Not AI-
based; 
limited legal 
acceptance 

MOSAI
C 
(Propose
d) 

Face, 
Audio, 
Text, ECG, 
EEG 

75–
82% 

Cross-
dataset 
multimodal 
framework 
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video with EEG and showed that neural signals 
improve prediction — but it didn't include audio, text, 
or cardiac information [7]. The DEAP dataset has 
become a standard benchmark for EEG-based 
emotional and cognitive modelling, capturing neural 
patterns tied to stress and arousal [8]. The WESAD 
dataset provides structured ECG data under affective 
and stress conditions, which is useful for cardiac 
variability analysis [9] 
 

III. RESEARCH GAPS 

Looking across the literature, six gaps stand out 
that MOSAIC is designed to address: 

 
G1 — Fragmented modality coverage. 

Most systems only use one or two signal types. 
Very few combine facial, audio, textual, ECG, and 
EEG data in a single framework. 

 
G2 — ECG and EEG are rarely fused together. 

Cardiac and neural signals are almost always 
studied in separate pipelines. Combining them with 
behavioural data could capture complementary 
evidence about stress and cognitive load. 

 
G3 — No single dataset covers everything. 

There is no publicly available dataset with 
synchronised face, audio, text, ECG, and EEG 
signals for deception. MOSAIC addresses this by 
linking separate behavioural and physiological 
datasets through a shared preprocessing pipeline. 

 
G4 — Fairness is rarely evaluated. 

Almost no deception detection paper analyses 
performance across demographic groups. Bias in 
these systems matters enormously when they're used 
in high-stakes decisions. 

 
G5 — Systems are rarely unified end-to-end. 

Most research optimises one modality at a time, 
without building an integrated system that produces 
a single, interpretable output. 

 
G6 — Explainability is thin. 

Fusion models often operate as black boxes. 
MOSAIC includes ablation analysis and modality-

wise confidence scores so that the reasoning behind 
a prediction can be understood. 

 

IV.  PROPOSED METHODOLOGY —
MOSAIC ARCHITECTURE 

MOSAIC uses a late-fusion architecture: each 
modality is handled by its own feature extraction and 
classification pipeline, and the outputs are combined 
at the end. Behavioural features come from recorded 
interview videos; physiological features come from 
the DEAP and WESAD datasets. The individual 
model outputs are concatenated and passed through 
a fusion network for final classification. 
 
A. Behavioural Modalities 
 

Face. Facial cues are extracted from video using 
MediaPipe FaceMesh, which tracks 468 3D facial 
landmarks per frame. From these, we compute 22 
features capturing eyebrow movement, lip 
compression, cheek motion, and other micro-
expression indicators. A dense neural network 
classifies these representations. 

 
Audio. Librosa extracts acoustic features from the 

speech signal — MFCCs, pitch variation, energy, 
and speaking rate. These capture hesitation, stress, 
and the prosodic shifts that often accompany 
deceptive speech. An LSTM model processes the 
sequential audio features. 

 
Text. Whisper transcribes the speech, and 

standard NLP techniques compute features including 
sentence length, pronoun usage, negation ratio, 
sentiment polarity, and hedge-word frequency. 
These capture verbal uncertainty and inconsistency 
patterns. A dense neural network handles 
classification. 

 
B. Physiological Modalities 
 

ECG: Heart Rate Variability features — RMSSD, 
SDNN, RR-interval variation, pNN50, and LF/HF 
ratio — are extracted from WESAD ECG recordings 
using NeuroKit2. These reflect autonomic nervous 
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system responses to stress. A dense neural network 
performs classification. 

 
EEG: MNE-Python processes EEG signals from 

the DEAP dataset, extracting alpha, beta, and theta 
band power features across multiple channels. These 
neural patterns relate to cognitive load, emotional 
arousal, and mental workload during deception. An 
LSTM model analyses the temporal sequences. 

 
C. Multimodal Fusion Network 

The confidence scores from each modality model 
are concatenated into a single feature vector and 
passed through a fully connected fusion network: 

 
 Dense (128) → ReLU → Dropout (0.3) 
 Dense (64) → ReLU → Dropout (0.3) 
 Dense (32) → ReLU 
 Dense (1) → Sigmoid 

Training uses Binary Cross-Entropy loss and the 
Adam optimizer (learning rate = 0.001), with early 
stopping to prevent overfitting. 
 
Table II — MOSAIC Multimodal Architecture 
Summary 
 

Mod
ality 

Input 
Type 

Feature 
Extractor 

Features Model 

Face Video 
MediaPip
e 
FaceMesh 

22 facial 
features 

Dense 
NN 

Audi
o 

Speec
h 

Librosa 
MFCC, 
pitch, 
energy 

LSTM 

Text 
Transc
ript 

Whisper + 
NLP 

Linguisti
c features 

Dense 
NN 

ECG 
Physio
logical 
Signal 

NeuroKit
2 

HRV 
features 

Dense 
NN 

EEG 
Neural 
Signal 

MNE-
Python 

Band 
power 
features 

LSTM 

 
A. Software Stack 

 
MOSAIC is implemented in Python 3.10 within an 

Anaconda environment on Windows 10/11. 
TensorFlow 2.13 and the Keras API handle model 
building and training. OpenCV manages video 
processing, and MediaPipe FaceMesh extracts facial 
landmarks. 
 
Librosa handles audio feature extraction; Whisper 
generates transcripts for NLP analysis. NeuroKit2 
and MNE-Python handle ECG and EEG 
preprocessing respectively. Scikit-learn provides 
evaluation utilities, and Streamlit serves as the 
interactive frontend. 

 
B. Datasets 
 

Three publicly available datasets power different 
parts of the system: 

 Real-Life Deception Detection Dataset 
(2016) [10] — Courtroom trial videos 
annotated using actual verdicts. This is the 
primary source for face, audio, and text 
features. 

 DEAP EEG Dataset [8] — 32-channel EEG 
recordings from participants exposed to 
emotional stimuli, used for training the 
neural signal sub-model. 

 WESAD Physiological Dataset [9] — 
Wearable sensor data collected under stress 
and affective conditions, with ECG signals 
used for HRV analysis. 
 

VI. EXPERIMENTAL RESULTS 

A. EEG Sub-Model Evaluation 
The EEG LSTM model was trained on the DEAP 

dataset using 5-fold stratified cross-validation. EEG 
signals were segmented into 4-second windows with 
50% overlap. Preprocessing included bandpass 
filtering (1–45 Hz), 50 Hz notch filtering, and z-
score normalisation across channels. 

On the held-out test set, the model achieved 76.1% 
accuracy, an AUC-ROC of 0.750, and an F1-score 
of 0.741. These results confirm that neural activity 
patterns extracted from EEG can meaningfully 
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capture cognitive and emotional states linked to 
deception. 

 
B. Multimodal Fusion Performance Expectations 
 

The full MOSAIC system — combining all five 
modalities — is expected to outperform any 
individual sub-model. Based on the EEG baseline 
and results from comparable multimodal deception 
studies [5], [6], our projected targets for the complete 
fusion framework are: 

 
 Expected Accuracy: ~78% 
 Expected AUC-ROC: ~0.82 
 Expected F1-Score: ~0.76 

These are projections for the complete system and 
will be updated with empirical results following full 
integration. 
 
C. Ablation Study 
 

To understand what each modality is actually 
contributing, we plan to run an ablation study that 
removes one modality at a time and tracks the change 
in performance. This makes the model's reasoning 
more transparent and shows which signal types are 
carrying the most predictive weight. 

 

VII. ETHICAL CONSIDERATIONS 

Deception detection is not a neutral 
technology. Used carelessly, it can entrench bias and 
cause real harm — particularly in legal or law 
enforcement contexts. We've tried to build some 
safeguards into MOSAIC from the start. 

 
Fairness benchmarking: 
We evaluate performance across demographic 
subgroups — gender, age, and ethnicity — using 
metadata from the DEAP and WESAD datasets [8], 
[9]. Standard fairness metrics including 
Demographic Parity and Equal Opportunity are 
reported. 

 
Consent and data privacy:  
All datasets used are publicly available and were 
collected under informed consent. The Streamlit 

interface stores no data between sessions — 
biometric inputs are processed only during an active 
session and discarded afterward. 

 
Probabilistic, not binary, outputs:  
MOSAIC produces a confidence score rather than a 
hard yes/no classification. When predictions fall near 
the decision boundary (around 0.5), the system flags 
this uncertainty explicitly, rather than forcing a 
definitive label on ambiguous cases. 

 
SDG alignment:  
This work connects to several UN Sustainable 
Development Goals: SDG 16 (Peace, Justice and 
Strong Institutions), SDG 9 (Industry, Innovation 
and Infrastructure), and SDG 3 (Good Health and 
Well-Being). 

 

VIII. CONCLUSION 

MOSAIC brings together five complementary signal 
types — facial, acoustic, linguistic, cardiac, and 
neural — in a unified late-fusion deep learning 
architecture for deception detection. The core 
argument is that no single modality has the full 
picture: observable behaviour and underlying 
physiology both carry evidence, and combining them 
produces a more complete, more robust analysis. 

 
The EEG sub-model already demonstrates 76.1% 

accuracy on the DEAP dataset, showing that 
physiological signals are genuinely informative. The 
full fusion system is expected to push this further by 
combining complementary evidence across all five 
channels. 

 
What makes MOSAIC different from earlier 

multimodal work isn't just the breadth of signals — 
it's the integration. Most prior systems optimise 
individual modalities in isolation. MOSAIC 
provides a single coherent framework, with 
transparency and fairness built into the evaluation 
process. Future work will focus on improving 
generalisation to real-world, uncontrolled 
environments and exploring more sophisticated 
fusion architectures. 
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