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Abstract. Lying is a common social behavior, and accurate lie detec-
tion is crucial in areas such as national security. However, existing lie
detection techniques have certain limitations. Therefore, more accurate
and reliable tools and methods are needed to meet the practical needs of
lie detection. In this context, this study discovered the potential value of
electromyography (EMG) as a lie detection indicator. Specifically, this
study used EMG for statistical analysis and machine learning recogni-
tion analysis of the lying process in an interactive scenario of active lying.
Furthermore, we compared the performance of two traditional machine
learning models and one deep learning model for lie detection based
on EMG signals. In particular, time-dimensional and time-frequency-
dimensional EMG features were used to mine and lie related features.
Statistical results showed that compared to truth-telling, people tend to
suppress their facial expressions when preparing to lie. Some facial mus-
cle movements that were not be successfully suppressed after lying may
be crucial for detecting lies. Besides the statistic analysis, the analysis re-
sults of machine learning also demonstrated demonstrate the potential of
machine learning models for EMG-based intelligent lying process analy-
sis, particularly the RUSBoosted tree. In addition, our experiment result
also proved that focusing on specific facial muscles, such as Corrugator
supercilii, could improve the accuracy and efficiency of intelligent algo-
rithms. In summary, our research results provide more insights into the
cognitive and facial muscle movement patterns involved in lying based
on statistical analysis and machine learning.

Keywords: Facial electromyography - Intentional-deception behavior -
Interactive social context - Machine learning - Micro-expression.
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1 Introduction

Lying is a common social behavior in daily life, with people lying on average
one or two times per day [7]. When someone is lying, he or she may experience
emotions such as fear, guilt, and excitement, which can manifest in physical
responses that we maybe can use as "clues" to detect lies [12J32]. Unfortunately,
despite the prevalence of lying and the manifestation of lying clues, most people
have a success rate of detecting lies below or equal to 50% (random level),
according to the majority of published studies [TOJ5IBITI22/2T].

The accuracy of lie detection is critical in fields like criminal justice, clin-
ical medicine, and national security, where experts often achieve 80% to 90%
accuracy [4]. These experts are quicker in judgment, more attuned to non-
verbal cues such as facial expressions, and more sensitive to subtle emotional
changes [25I33/16]. In high-stakes situations, facial muscles may involuntarily
reveal genuine emotions, such as through micro-expressions [I1126120]. Micro-
expressions have been suggested as indicators for detecting lies [23]. However,
detecting lies through subtle facial changes at the visual level is challenging.
To address this, our study introduces electromyography (EMG) as an objec-
tive indicator to measure facial expressions. EMG signals capture facial muscle
movements, allowing for the quantification of both macro-expressions and micro-
expressions [I]. This method enables more accurate analysis and identification
of lies.

For humans, the EMG-based lie detection analysis involves simply mapping
the changes in EMG signals on the temporal or frequency domain. Nevertheless,
delving deeper into the correlation between facial muscle movements and decep-
tion requires more than just basic signal processing and observation of EMG
signals. This is where machine learning techniques excel, as they are capable
of extracting high-level features related to deception from a large number of
data [2]. In other words, machine learning could uncover subtle patterns and
relationships in the data that may not be apparent to human observers. This
highlights the potential of machine learning in the field of facial EMG-based lie
detection.

When observing facial expressions with human vision, only the movement of
muscles and changes in expressions can be observed. In contrast, small muscle
activities or physiological signals cannot be visually detected. Whether it is fa-
cial expressions or micro-expressions, these behaviors fundamentally involve the
movement of facial muscles. Therefore, we hypothesize that EMG signals gener-
ated by muscle movements can be used to replace visual information for analysis,
leading to the same conclusions as previous research. In general, this study aims
to further explore the feasibility and effectiveness of using EMG signal analysis
methods to identify deceptive behavior based on existing research and to expand
our understanding of deceptive behavior.

Specifically, we design a face-to-face interactive experimental paradigm with
high ecological validity so as to collect EMG-based lying data. First, we identify
the movement patterns of facial muscles during lying through statistical analysis
based on EMG signal. Then, our study demonstrates that the system combining
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EMG and machine learning can achieve intelligent lie detection by mining the
physiological signal features during lying. Moreover, we refine the region-wise
study of facial muscles and the phase-wise study of the lying process with the
help of EMG acquisition system. In sum, these findings have the potential to
enhance the development of more precise expert systems for lie detection and
deepen our comprehension of the physiological and emotional processes involved
in deception.

2 Related Works

The study of lie detection using EMG is still an emerging field and there is not
much relevant research. In this subsection, we focus on reviewing related works
on feature extraction and machine learning based on EMG signals, providing
technical support for the intelligent lie detection analysis in this article.

Regarding feature extraction, EMG signal analysis through time domain in-
formation is an intuitive approach. Lola C and Karkar et al. increased the validity
of the EMG signal by using a bandpass filter and a noise detection algorithm [I4].
Nihal Fatma et al. reduced the dimensionality of the EMG signal by using prin-
cipal component analysis (PCA), which aided in the computation and storage of
EMG signal [I5]. Anastasia Shuster et al. extracted the EMG features in the zy-
gomaticus major and corrugator supercilii regions and applied machine learning
algorithms to identify lies [30]. In addition, the importance of EMG frequency
domain information is gaining attention. For example, Zawawi et al. used spec-
trograms to characterise the EMG signal and their experimental results proved
its feasibility [35].

Regarding the machine learning, determining whether someone is lying or
not is a binary classification task. For one-dimensional EMG signals, it is com-
mon to use some traditional machine learning algorithms for classification. This
is because machine learning can look for patterns in data to give data-driven
probabilistic predictions, and these patterns improve the interpretability of ma-
chine learning algorithms. For the binary classification problem, linear support
vector machine (SVM) is a simple and effective machine learning method. Even
if the sample size is relatively small, SVM can achieve good results [31]. Fricke
et al. used SVM and K-Nearest Neighbors (KNN) to classify the different ac-
tivities represented by EMG signals, where SVM outperforms KNN [I3]. Fur-
thermore, the dataset of truth-telling and lying samples suffers from unbalanced
data distribution. However, traditional machine learning methods tend to create
sub-optimal classification models when there are far more examples of one class
in the training dataset than of the other classes. RUSBoost is a very simple and
effective algorithm for unbalanced datasets. For example, the effectiveness of
RUSBoost was validated using 15 datasets from different domains and achieved
good results for all unbalanced data samples [29].

Compared to statistic-based machine learning methods, deep learning based
on neural networks is well able to mine advanced features related to labels.
Convolutional neural network (CNN) was applied to classify EMG signals and
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achieved recognition rates of up to 67.6%, indicating the promising research ap-
proach of using deep learning for EMG signals [I3] . For spectrograms, deep
learning is more adequate for learning features. Joshi et al, created spectro-
gram images of segmented sEMG signals by means of the short time Fourier
transform [I7]. Ozdemir et al. collected EMG signals from arm muscles and
trained a residual network (ResNet) using spectrogram to recognize seven differ-
ent gestures, achieving 99.59% accuracy [24]. In summary, it is feasible to apply
spectrogram images of EMG signals to lie detection using deep learning models.

3 Method

3.1 Data acquisition

This study used a face-to-face interaction interrogation paradigm to conduct
the experiment [34]. The experiment involved 22 volunteers, with a mean age of
24.59 years (SD = 2.99). The participants were randomly paired into 11 groups,
with each pair consisting of individuals who did not previously know each other.

In a face-to-face interrogation competition, participants were assigned the
roles of interrogee and interrogator by alternating means. The interrogee was
tasked with providing truth-telling or lying responses to the interrogator’s yes-
or-no queries regarding baseline information, autobiographical information, and
personal preferences. For example, "Were you born in February?", "Have you
ever seen the sea?", "Do you like coffee?" etc. Furthermore, the interrogator
correctly recognized that the interrogee was lying in a trial, an additional 5
CNY bonus would be awarded to the interrogator. If the interrogator failed to
recognize the interrogee lying in a trial, an additional 5 CNY bonus would be
awarded to the interrogee. The bonus was set to stimulate strong competitive
motivation among participants to deceive each other. The detailed process is
shown in Fig. [Il The whole experiment was recorded.

Meanwhile, we recorded facial EMG at a sampling frequency of 1 KHz us-
ing EMG recording equipment and silver chloride cup electrodes. Regarding the
electrode distribution on the face, we selected seven locations on the left side of
the face for EMG signal acquisition, including frontalis (channel 1, C1), corru-
gator supercilii (channel 2, C2), orbicularis oculi (channel 3, C3), levator labii
superioris alaeque nasi (channel 4, C4), zygomaticus (channel 5, C5), orbicu-
laris oris (channel 6, C6), depressor anguli oris (channel 7, C7), as illustrated
in Fig. [2] Specifically, the experiment was designed with electrodes attached to
the left side of the face but not the right side. This asymmetric setup allowed
the interrogator to observe changes in the expression of the participant’s right
face, while also capturing more pronounced facial muscle movements through
electromyography, as studies have shown that the left facial region expresses
emotions more strongly than the right facial region [9).

3.2 Data Annotation

As mentioned in Subsection [3.1] we simultaneously recorded participants’ au-
dio signals during the experiment. This allowed us to segment and label the
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Fig. 1: Experimental procedure detail.
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Fig. 2: Electrode distribution.

EMG signals based on the audio content. Specifically, we identified five key time
points during the question and answer (Q&A) sessions: t1, t2, t3, and t4, rep-
resenting the start and end of questions and answers, as shown in Fig. [3] These
time points were used to extract the corresponding Q&A EMG signal segments.
Subsequently, based on the true responses of the completed questionnaire, we
labeled each Q&A EMG segment as truth-telling and lying.

Next, in order to analyze the EMG signal changes before, during and af-
ter lying, we subdivided each Q&A EMG signal segment into four phases, i.e.,
in-question (P1), pre-answer (P2), in-answer (P3) and post-answer (P4). The
correspondence between the phases and the time periods are listed in Table [I]
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Fig. 3: Segmentation of the EMG signal through the time points obtained from
the audio information.

Table 1: The phases correspond to specific time periods. The stage before truth-
telling or lying includes the interrogee’s information-receiving phase (in-question,
P1) and the preparation phase for answering (pre-answer, P2). t1x denotes the
start of the next Q&A session.

Index Time Phase Label stage
PO tl-tly whole Q&A Truth-telling/Lying
P1 t1-t2 in-question
P2 t2-t3 pre-answer
P3  t3-t4 in-answer during Truth-telling/Lying
P4 t4-tln post-answer after Truth-telling/Lying

before Truth-telling/Lying

In addition, in order to eliminate the impact of the sequence effect on the
subsequent analysis, we randomly shuffled the EMG signal segments of truth-
telling and lying.

3.3 Data Pre-processing

After acquiring and segmenting the EMG signal, we performed pre-processing
to address interference from direct current (DC) and noise present in the raw
data. Additionally, individual differences led to varying EMG signal amplitudes
across participants. The varying durations of each Q&A segment also required
standardization to facilitate subsequent machine learning analysis.

Signal Processing-Based EMG signal extraction This subsection describes
how to extract the specific EMG signals that reflect the facial muscle movements
from the collected EMG raw data.
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In the EMG acquisition process, the EMG device converts the electrical signal
into a machine-analyzable digital signal after it is acquired. During this process,
the DC would affects the EMG signals. Thus, we need to remove the DC offset
at first. Specifically, the DC offset can be replaced by the mean value of the raw
EMG signal 'V as shown in Eq.

1 n
r_dci raw raw
I S S (1)
n 1
1=

where k € [1,n], n represents the length of the EMG signal. 2*—9¢ represents the

EMG signal after removing the DC offset.

To filter out noise and extract the EMG signal within the effective frequency
band, we applied Butterworth filters, which are commonly used in EMG signal
processing for their ability to preserve useful information. Specifically, due to the
presence of 50 Hz power-line interference during the experiment, we set the cut-
off frequencies of the bandstop Butterworth filter to 48 Hz and 52 Hz to eliminate
the noise [28]. The filtered EMG signal, 2"-", was obtained using Eq.

2" = Butterworth(z"-9¢, [48 Hz, 52 Hz|, stop) (2)

where Butterworth(uy,us,us) is a bandpass or bandstop Butterworth filter.
Specifically, u; represents the input sequence; us indicates frequency range; and
ug represents type of filter (bandpass or bandstop).

Then, the cut-off frequency of the bandpass Butterworth filter on signal z"-"
was set to 20 Hz and 450 Hz for filtering the EMG signal 2! representing muscle
movement [27].

2" = Butterworth(z"-", 20 Hz, 450 Hz], pass) (3)

The absolute value of zf was retained for full-wave rectification, as shown in
Eq. {4 (where abs(-) denotes the absolute value operation). Since muscle activity
is reflected in the amplitude variation of the EMG signal, we then applied an
envelope to the signal, resulting in the final EMG signal analyzed in this study.

¥ = Envelop(abs(z')) (4)

where the operation Envelop(-) returns the envelopes of the input sequence.

Feature Construction In this subsection, we focus on how to construct fea-
tures for lie detection analysis based on EMG signals, including outlier removal,
normalization and dimension reduction.

Outlier removal:

As we introduced in subsection [3.2] the EMG signals were segmented corre-
sponding to each Q&A session. The duration of each EMG segment is different
because the content length and the participants’ speech tempo may vary across
Q&A sessions. As illustrated in Fig. [] the longest duration of the sample is
19.2 s, and the shortest is 1.3 s. To eliminate the impact of extreme length
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on the analysis, we used the PauTa Criterion, i.e., 30 Criterion [6], to remove
abnormal samples,as shown in Eq. [f]

1 N
M:N;dkv g =

where N denotes the total Q&A session amount, N = 1055, d; represents the
kth sample duration. p and o were calculated as the mean duration and the
standard deviation. The sample duration outside the p 4 30 interval were con-
sidered as outliers and should be eliminated. Finally, 955 EMG signal segments
were conserved for subsequent analysis. Furthermore, as previously described, we
acquired EMG signal from seven channels simultaneously. Thus, for each EMG
segment, there were seven channels of EMG signals.

3 B
8 B8

Number of samples
%
8

60

20

OI IIIIII.I-I_.-- _______
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Duration time of samples
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Fig.4: EMG sample duration distribution.

Normalization:

In the subsequent machine learning analysis, the model’s input features need
to have a uniform length. To achieve this, we normalized the EMG segment
lengths using linear Fast Fourier Transform (FFT) interpolation, with the longest
sample as the baseline [18].

In this study, we not only analyzed lie detection using the overall EMG signal
during the Q&A session (P0) but also examined the impact of EMG signals
in different Q&A sub-phases. Based on Table [I] we performed interpolation
normalization (Egs. for the whole session and its four phases: PO, P1, P2,
P3, and P4. The resulting interpolated EMG features I are presented in Table 2]

Dij = max[len(xf?l), e 1611(:556685)] — len(:cEj) (6)

I, = interpft(mgj,pi’j) (7)

Where i € [1,5] represents the entire segment and the four individual phases;
J € [1,6685] corresponds to the 6685 EMG signal segments, with each segment
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comprising seven channels of EMG signals. The functions len(-), max[-], and
interpft(-) denote operations for calculating length, maximum value, and linear
FFT interpolation, respectively. x;EJ represents the jth EMG signal of the ith
phase, p; ; is the number of interpolation points, and I; ; represents the interpo-
lated jth EMG feature of the ith phase.

Table 2: Interpolated EMG Feature Length for different Q& A phases.

Phase PO P1 P2 P3 P4
I Length 14768 2823 1737 567 9641

Dimension reduction: The interpolated EMG features had high dimen-
sionality, which could prolong the model training process and increase demands
on computational resources. To mitigate this, we applied dimensionality reduc-
tion by removing irrelevant elements and retaining the most representative com-
ponents for classification. Specifically, we used PCA to reduce feature dimen-
sions, setting the retained energy value at 99.99

3.4 Machine Learning Methods

We aimed to verify whether computational algorithms can effectively learn fea-
tures from EMG signals to detect lying. To assess learning efficiency, we com-
pared two traditional machine learning models and one deep learning model.

Among the 955 EMG segments, 645 were truth-telling and 310 were lying,
with consistent labeling across seven channels in each segment. Additionally, as
shown in Eq. [8] EMG features from different phases were input into the models
separately, enabling analysis of the importance of each phase for lie detection
based on classification results.

Y, = Model,, (X;) (8)

where i € [1, 5], indicates the whole and the four phases: PO, P1, P2, P3 and P4;
€ [1, 3], Model,,, indicates the SVM, RUSBoost tree and ResNet, respectively.
X; and Y™ represent the input and output of the Model,,.

Notably, the traditional models use one-dimensional temporal EMG signals
that have been interpolated and reduced in dimensionality. In contrast, the
deep learning model utilizes two-dimensional spectrograms representing time-
frequency domain changes in the EMG signal. To preserve frequency domain
information, no interpolation or dimensionality reduction was applied to the
EMG signal before generating the spectrograms.

SVM (temporal domain). For SVM, the input X is the interpolated and
downscaled EMG feature F'. Since uneven distribution of samples would affect
the performance of the classifier, in addition to the experiment on all samples,
we also conducted an experiment with the equal amounts of samples in both
classes (lying and truth-telling).
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RUSBoosted tree (temporal domain). For the RUSBoosted tree, which
excels in handling unbalanced samples, we used all interpolated and downscaled
EMG features F' as input X;. As shown in subsection [£.2] the RUSBoosted tree
outperformed the other two models. Using this model, we classified lying and
truth-telling based on the features of each EMG channel and various channel
combinations. This approach allowed us to assess the relevance of muscle move-
ments across different channels for lie detection.

ResNet (time-frequency domain). For the deep learning model, we se-
lected ResNet, commonly used in image classification and target detection. Since
ResNet requires a two-dimensional input, spectrograms were fed into the net-
work. While deeper ResNet layers offer higher feature abstraction, they increase
training time and slow convergence. To mitigate this, we employed transfer learn-
ing, initializing the model with parameters from a pre-trained ResNet34, ensur-
ing fast and stable training. Spectrograms were scaled to 256x256 pixels and
center-cropped to 224x224. During training, a learning rate of 0.01 and a batch
size of 16 were used. This configuration enhances training speed and accelerates
convergence through parallel processing.

For evaluating classification results, we used 10-fold cross-validation. In this
method, all features were divided into ten folds; nine were used for training, and
one for testing. The model’s accuracy was calculated using Eq. [9] where lying
and truth-telling are the positive and negative conditions, respectively. TP,, and
TN,, represent the number of true positives (TPs) and true negatives (TNs)
in the classification results. Additionally, we assessed the model’s performance
using the AUC (area under the curve), providing a metric to measure the quality
of the model’s predictions.

N
> (TP, +TN,,)

Accuracy = =1 9
Y Sample amount )

4 Results and Discussion

4.1 Statistic Analysis

In this section, we separately introduced the results of lie detection by humans
through visual face-to-face observation, as well as the statistical analysis results
based on EMG.

After conducting statistical analysis, we discovered that the accuracy of hu-
man judges in differentiating between truth-telling and lying is 49.26%, which is
essentially equivalent to random level. This outcome is in line with the major-
ity of prior research [5]. Furthermore, we conducted a more detailed analysis of
the accuracy in successful lie detection within the deceptive samples, which was
found to be 33.86%, indicating a performance lower than the random level.

We analyzed the obtained EMG signal 2” using SPSS Statistics 26. First, we
conducted Independent Sample T-Test on the truth-telling and lying samples in
P0. As shown in Table 3] the results indicated that all channels were statistically
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significant difference except for C5. Moreover, in C1, C2, and C7, the EMG
during lying were significantly higher than truth-telling. Conversely, in C3, C4,
and C6, the EMG during truth-telling were significantly higher than lying.

Table 3: Independent Samples T Test In PO (Q&A session). M represents mean
value; SD represents standard deviation value; * represents p<0.05. ** represents
p<0.01.

EMG(M+ SD

Channel truth—tellir(lg lyir)lg p
C1 1.074+36.21 1.15+41.40 3.137 0.002**
C2  0.93+30.80 1.18+34.81 11.794 0.000**
C3  1.06+40.79 0.96+24.92 -5.528 0.000"*
C4  1.05+35.03 0.86+26.14 -10.189 0.000**
C5 1.30+44.94 1.27+39.13 -1.095 0.274
C6 1.34+46.73 1.09£22.71 -12.184 0.000**
C7  1.18+43.25 1.45+45.03 9.872 0.000**

At the same time, we conducted participant-based analysis on the data in
PO using Paired Sample T-Test, which showed significant differences in C2 and
C7. The EMG of C2 was significantly higher during lying (M= 1.38, SD= 2.27)
than truth-telling (M= 0.79, SD= 1.63), ¢ (15)= 2.33, p= 0.03* (p<0.05), and
the EMG of C7 was also significantly higher during lying (M= 1.79, SD= 2.84)
than truth-telling (M= 1.09, SD= 1.71), ¢ (15)= 2.22, p= 0.04* (p<0.05).

4.2 Lie Detection Performance based on Machine learning

In this sub-section, we analyzed the performance of three EMG signal-based
machine learning models for lie detection. Then, we explored the importance of
different Q& A phases and facial muscles for lie detection.

Model Performance The Table [4] presented the accuracies and AUCs of the
three models, i.e., SVM, RUSBoosted tree and ResNet.

The SVM model was tested with two input cases due to concerns about the
impact of unbalanced sample distributions. The first case used all available sam-
ples for training and testing (SVM __All), while the second used a balanced set of
310 lying and 310 truth-telling segments across 7 EMG channels (SVM _Equal).
SVM _All achieved the highest accuracy, but its AUC was below 0.5, as shown in
Fig. pl SVM, being a nonlinear, high-dimensional model, performed well on the
majority class, boosting overall accuracy. However, SVM’s sensitivity to data im-
balance resulted in poor learning of the minority class (truth-telling), reflected
in the low AUC. For SVM _Equal, the balanced sample distribution reduced
accuracy but improved AUC by decreasing the FPR.

Secondly, for RUSBoosted tree, it is able to handle the data imbalance well
compared to SVM since it models the minority class better by removing the
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Table 4: Peformance comparison among SVM, RUSBoosted tree and the ResNet.
The SVM has two types of sample inputs, one with all samples used for training
and testing (All), and the other with an equal number of samples for lying and
truth-telling (Equal). Acc represents Accuracy(%). The best results are high-
lighted in bold.

Models PO P1 P2 P3 P4
Acc AUC Acc AUC Acc AUC Acc AUC Acc AUC
SVM All 67.2 0.49+0.06 64.6 0.46+0.02 64.5 0.4540.03 66.0 0.48+0.01 64.2 0.46+0.02

Equal  56.0 0.55+0.01 53.6 0.514+0.03 53.7 0.5240.02 55.5 0.53+0.01 54.3 0.52+0.01
RUSBoosted tree 63.8 0.69+0.01 60.5 0.64+0.02 60.0 0.63+0.01 62.1 0.68+0.01 61.2 0.6540.01
ResNet 61.0 0.66+£0.01 56.5 0.60£0.03 58.1 0.63+0.03 59.5 0.65+0.01 57.6 0.631+0.02

Reference
Reference

0 1
Prediction Prediction

(a) SVM_All (b) SVM_ Equal

0

Fig. 5: Confusion matrix for SVM classifier with two input cases. 0 and 1 indicate
the negative (truth-telling) and positive (lying) samples, respectively.

majority class samples. Therefore, it obtained the highest AUC value and the
accuracy is moderately acceptable.

Finally, for the deep learning model, theoretically, the deep learning network
is able to learn the features of the samples more deeply, and therefore should
have better results. However, compared to traditional machine learning models,
ResNet did not achieve the expected results. These results may be due to the
small number of samples in our experiments, while ResNet usually requires a
large amount of data for training.

Importance of Different Q& A Phases for lie detection Because RUS-
Boosted tree classification had the best overall performance, we chose it for the
subsequent analysis. Fig. [f]and Fig. [7] show the lie detection results of classifiers
trained with EMG features from different muscle or muscle combinations under
different Q&A phases.

From Table[d] Fig.[6]and Fig.[7] it can be seen that the overall phase PO had
the highest performance of lie detection because it contains the most information,
i.e., the facial muscle movements during the whole Q& A session.
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Fig.6: Lie detection comparison (Accuracy%) among different EMG channels
and different Q& A phases - Scatter plots.

Specifically for the different phases of lie detection, the phase P3 had the
best performance. This is because P3 corresponds to the phase of answering
questions, which is the key stage when the interrogee express information to the
interrogator and when facial movements are the most abundant. The features
at this phase are the most discriminative, which is why the model is able to
distinguish well between lying and truth-telling.

The performance of lie detection based on the P1 and P2 is the poorest.
This two phases reflect the facial muscle movements of the interrogee before
answering the question. The interrogees were more engaged in thinking rather
than expressing. Therefore, the facial EMG in this phase contains the least action
information.

For the P4, the facial movements in this phase are significantly reduced com-
pared to P3. The EMG features of P4 may contain movements started at P3 that
have not yet ended, or micro-expressions leaked without willing to be caught in a
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Fig.7: Lie detection comparison (Accuracy%) among different EMG channels
and different Q& A phases - Histograms.

lie. The discrimination of these features is degraded. Therefore, the performance
of lie detection based on P4 is lower than that of P3.

Importance of Different Facial muscles for lie detection Fig.[6and Fig.[7]
illustrate that for any of the Q& A phases, the lie detection performance is best
when all channels of EMG features are fed into the model. This is because facial
expressions tend to involve muscle actions in most regions of the face. When
information from all channels is employed, the model is able to comprehensively
learn the features relevant to lying.

Lie detection performance varied across EMG channels, with C2, C4, and
C5 outperforming others. This aligns with the lie detection-related facial EMG
regions identified by Dong et al. [§]. Movements in the corrugator supercilii
(C2), levator labii superioris alaeque nasi (C4), and zygomaticus (C5) provided
crucial cues for the model. Notably, the C7 channel, which tracks depressor
anguli oris movements, showed a different accuracy trend across phases. While
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C7 performed well in the overall phase PO—due to mouth movements providing
verbal cues—its accuracy declined in sub-phases. This decline was due to limited
mouth movements in phases P1, P2, and P4, and excessive interference from
talking movements in phase P3.

Facial movements typically involve multiple muscles, not just single ones. To
capture this complexity, we combined EMG features from channels C2, C4, and
C5 in various permutations and used them as model inputs. The results, shown
in Fig. [6b] and [7H} indicate that the C2 and C5 combination achieved the highest
accuracy, even surpassing the full-channel combination. This suggests that C2
and Cb5 provide the most relevant cues for detecting lies. Interestingly, adding
more channels, like C2, C4, and C5 together, led to decreased model perfor-
mance, implying that other channels may introduce noise rather than helpful
information. These findings highlight the importance of focusing on Corrugator
supercilii (C2) and Zygomaticus (C5) for lie detection using machine learning.
Concentrating on these facial regions can enhance the accuracy and efficiency of
models designed to detect lies based on physiological signals or visual data.

5 Conclusions

In our study, we showcased how statistics analysis and machine learning perform
in recognizing intentional-deception. Statistics analysis provides some insights
into the cognitive process of lying and the appearance of micro-expressions. Ma-
chine learning has revealed the different stages of lying and the importance of
different facial muscles in lie detection. The integration of statistics analysis and
machine learning has yielded valuable insights into the cognitive and physiolog-
ical processes involved in lying. The experimental results also suggested that lie
detection based on facial EMG signals can be an effective method for identifying
deceptive behavior. Our study has shed light on the complex and multi-faceted
nature of lying, and the challenges inherent in detecting deception. In addition,
the potential for facial EMG signals to be used as a promising approach for
future research in this area. As technology continues to advance, it is antici-
pated that the findings of this paper will contribute to the development of more
sophisticated and accurate lie detection expert systems.
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