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de Madrid, 28040, Madrid, Spain; 2School of Computer Sciences, Universiti Sains Malaysia, 11800,

Minden, Pulau Pinang, Malaysia
cristina.lunaj@upm.es, ricardo.kleinlein@upm.es, syaheerah@usm.my,

juanmanuel.montero@upm.es and fernando.fernandezm@upm.es

Abstract
Trustworthiness and deception recognition attracts the research
community attention due to their relevant role in social negoti-
ations and other relevant areas.

Despite the increasing interest in the field, there are still
many questions about how to perform automatic deception de-
tection or which features explain better how people perceive
trustworthiness.

Previous studies have demonstrated that emotions and sen-
timents correlate with deception. However, not many arti-
cles employed deep-learning models pre-trained on emotion
recognition tasks to predict trustworthiness. For this reason,
this paper will compare traditional statistical functional fea-
ture sets proposed for performing emotion recognition, such as
eGeMAPS, with features extracted from deep-learning models,
like AlexNet, CNN-14 or xlsr-Wav2Vec2.0 pre-trained on emo-
tion recognition tasks. After obtaining each set of features, we
will train a Support Vector Machine (SVM) model on deception
detection.

These experiments provide a baseline to understand how
methodologies exploited in emotion recognition tasks could be
applied to speech trustworthiness recognition. Utilizing the
eGeMAPs feature set on deception detection achieved an accu-
racy of 65.98% at turn level, and employing transfer-learning on
the embeddings extracted from a pre-trained xlsr-Wav2Vec2.0
let improve this rate until a 68.11%, surpassing the baseline on
audio modality from previous works by an 8.5%.
Index Terms: trustworthiness recognition, audio, deception
detection human-computer interaction, emotion, deep-learning,
functionals

1. Introduction and Related Works
Automatic deception detection and trustworthiness recognition
could have a beneficial impact on our societies. These systems
could be used for noticing when a person is lying during a ne-
gotiation, or in conversational agents to create more engaging
interactions between users and devices by detecting loss of trust
or changes in emotional states of the user caused by the machine
decisions [1]. For this reason, this field is gaining attention from
the research community in recent years.

Previous studies have demonstrated that emotions play a
crucial role in trustworthiness perception [2, 3, 4]. For exam-
ple, in the investigation of J. J. Lee et al. [4], they reported
that non-verbal features like smiling correlated positively with
higher trustworthiness perception, encouraging a collaborative

aptitude in an exchange money game. In the same way, the re-
search of J. R. Dunn et al. [5] reported that people experiencing
happiness usually gave higher ratings on trustworthiness sur-
veys compared to those feeling sadness or anger. In [6], they
also explored the influence of anger emotions on trust behav-
iors.

Regarding emotion recognition, before the apparition of
deep-learning models, the most common trend was to study
spectral, voice quality, and prosodic features considered para-
linguistics attributes that could encapsulate emotional infor-
mation from speech signals. Some tools, such as OpenSmile
[7] and Praat [8], appeared to simplify the feature generation
process, extracting these sets of characteristics automatically.
Among the attribute collections, eGeMAPs [9], and those de-
rived from Interspeech Emotion and paralinguistic challenges
[10, 11, 12] were the most popular, employed in several emo-
tion recognition tasks as baselines [13, 14]. However, with the
development of Convolutional Neural Networks (CNNs) and
deep-learning models able to process and handle aural signals,
the research community focused on exploiting pre-trained mod-
els to solve emotion or sentiment recognition by applying trans-
fer learning [15, 16].

Following this line of study, this article aims to understand
trustworthiness from computer science and emotional perspec-
tives. With this aim, we explored how typical features and mod-
els employed in emotion recognition problems perform when
they are used for solving deception detection tasks.

First, we will extract eGeMAPs features, a set of hand-
crafted attributes, establishing a baseline. Later, we will ap-
ply a transfer-learning strategy, extracting features from deep-
learning models and training a final model with them. These
transfer-knowledge analyses will be subdivided into two exper-
iments: (1) extracting features from models trained on generic
tasks not related to emotion recognition, and (2) extracting fea-
tures from models pre-trained on an emotion recognition prob-
lem using RAVDESS dataset [17].

The structure of the paper is as follows: Section 1 pro-
vides a review of existing publications in the trustworthiness
field. Section 2 summarises the followed methodology, includ-
ing the description of the datasets, the evaluation strategy, and
the experimentation pipeline. Next, in Section 3 we analyze the
results obtained by comparing hand-crafted features against d-
vectors. Here, we will also comment on the differences between
applying fine-tuning compared to feature extraction in this sce-
nario, and the effects of removing background noise from the
recordings on the deception detection scores. Finally, in Sec-
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tion 4 and Section 5, we provide concise conclusions regarding
our work and results, as well as its main limitations.

2. Methodology
2.1. Datasets

Two main datasets were employed in this study: Bag Of Lies
[18] and RAVDESS [17]. Bag Of Lies is annotated according
to honest and deceptive descriptions, whereas RAVDESS con-
tains labels of emotions. In this section, we will detail the char-
acteristics of both datasets and explain how they were used in
our experiments.

2.1.1. Bag Of Lies

The main corpus used for this project is Bag-of-lies (BOL)[18],
an open-source dataset for the research community, annotated
in terms of objective trustworthiness [19]. This dataset includes
325 recordings from 35 subjects (10 female and 25 male) de-
scribing an image in a true or deceptive manner. Overall, 162
samples contained lies, and 163 had trustful descriptions. Each
recording is composed of a video, the image used as stimuli to
describe, gaze features extracted automatically using the Gaze-
Point Open Gaze API, and EEG features generated by the Emo-
tiv EPOC+EEG headset device. Of the 35 users available, we
only employed 34 during the evaluation because user 12 had
some corrupted fields. Hence, a total of 315 recordings with an
average duration of 13.38 seconds (Min: 3.81 seconds - Max:
42.19 seconds), 157 non-honest, and 158 honest.

2.1.2. RAVDESS

RAVDESS is the dataset chosen for training the deep-learning
models in an emotional recognition task to study whether the
trained weights could generate valuable attributes for solving a
deception recognition task or not.

The Ryerson Audio-Visual Database of Emotional Speech
and Song (RAVDESS) [17] contains 7356 recordings with
acted-emotional content. These files are divided into three
modalities (full AV, video-only, and audio-only) and two vo-
cal channels (speech and song). Each file contains a single actor
representing an emotion that could be one of the eight following
categories: calm, neutral, happy, sad, angry, fearful, surprised,
and disgusted. These expressions are produced at two levels of
emotional intensities (regular and strong) except for the neutral
emotion that only contains regular intensity.

For our experiments, we only used the full AV material
and the speech channel. This selection reduced the number of
files to 1440 videos that had a maximum and minimum dura-
tion of 5.31 and 2.99 s, respectively. Among its advantages, it
had a balanced number of files per emotion and gender, which
avoided problems derived from training algorithms with non-
balanced data.

2.2. Evaluation

Initially, the BOL corpus only contained 315 recordings for
learning whether a person is deceiving or not. As this amount is
usually not enough for training deep models, we replicated the
set-up proposed in [20]. First, the audios were down-sampled
to 16kHz and the first seconds of the videos were cut to remove
a spurious voice that indicated the beginning of the experiment.
Later, each video was divided into windows of 3 seconds, with
an overlap of 2.5 seconds.

After this pre-processing, the total number of segments of

3 seconds was 5.249, of which 2.711 belonged to people lying
and 2.538 with honest descriptions.

For evaluating our proposals, we adopted the subject-wise
3-fold cross-validation method presented in the reference study
of A. Gallardo-Antolı́n et. al [20]. In this work, we replicated
their baseline speech-based experiment using SVMs to compare
the reached performance by our extracted features in the same
model, reporting the average accuracy of the cross-validation
strategy on each experiment.

In the experimentation phase, models were trained with the
5.249 segments derived from the audios, calculating the turn
level accuracy by applying a majority voting procedure on the
predictions of all the chunks that composed the original record-
ing.

For the training of the emotion recognition models, we used
a subject-wise train-test division of the RAVDESS dataset in
which users 3,6,7,13 and 18 formed the test set and the remain-
ing 19, the training set. We tested three different architectures:
AlexNet [21], CNN-14 [22], and xlsr-Wav2Vec2.0 [23]. In each
case, we chose the checkpoint that achieved the highest accu-
racy in the test set of RAVDESS for being used in the transfer-
learning.

Following the hypothesis that models trained on emotion
recognition tasks should generate suitable features for solving
deception detection. We extracted the d-vectors of the pre-
trained models on emotion recognition for the BOL recordings.

2.3. Feature Extraction

The studied features can be classified into hand-crafted and D-
vectors. The hand-crafted features are statistics calculated on
the raw waveform or from spectral components of the audio. On
the other hand, D-vectors are obtained from pre-trained deep-
learning models that in this study are: AlexNet, CNN-14 and
xlsr-Wav2Vec2.0.

2.3.1. Hand-crafted Features

The first set of hand-crafted features was proposed by A.
Gallardo-Antolı́n et. al [20]. It consists of 192 statistical func-
tionals calculated as a result of computing the average, standard
deviation, kurtosis, skewness, max, and min over the output of
the 32 filters applied to the mel spectrograms of each audio-
chunk. This set is adopted as the baseline.

The second set of hand-crafted features is eGeMAPS
[9]. One of the main advantages of this set is that it com-
bines attributes of different natures: frequency-based, en-
ergy/amplitude, spectral, temporal, and quality-based parame-
ters. Overall, it contains 42 low-level descriptors, from which
statistics such as the mean or the standard deviation are ob-
tained, resulting in 88 functional. Due to its diversity, this set
was used on emotion recognition tasks as baseline [13, 24].

2.3.2. D-vectors

Apart from the classic feature sets used in emotion recognition,
d-vectors are extracted from several deep architectures to solve
speech trustworthiness recognition. Specifically, the evaluated
models are: AlexNet [21], CNN-14 from PANNs library[22]
and xlsr-Wav2Vec2.0 [23].

AlexNet embeddings were obtained from its 4.096-
dimensional last-fully connected layer after the ReLU activa-
tion function. Though the default version of AlexNet available
in Pytorch [25] was trained on the ImageNet dataset for object
recognition, several studies have also used this convolutional
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Segment Level Turn Level

Strategy # Features Type of
Norm. Val ACC ± CI Test ACC ± CI Val. ACC ± CI Test ACC ± CI

Baseline [20] 192 z-score 49.27 ± 1.35 62.60 ± 1.31 53.54 ± 5.51 59.61 ± 5.42

eGeMAPS 88 z-score 53.97 ± 1.34 64.35 ± 1.30 53.35 ± 5.51 65.98 ± 5.23

FE-AlexNet
-ImageNet pre-trained- 4096 z-score 47.83 ± 1.35 64.66 ± 1.29 51.44 ± 5.52 64.29 ± 5.29

FE-AlexNet
-RAVDESS pre-trained- 4096 z-score 49.31 ± 1.35 60.62 ± 1.32 50.17 ± 5.52 58.56 ± 5.44

FE-PANNs (CNN-14)
-AudioSet pre-trained- 2048 No Norm. 48.15 ± 1.35 60.18 ± 1.32 50.33 ± 5.52 58.65 ± 5.44

FE-PANNs (CNN-14)
-RAVDESS pre-trained- 2048 No Norm. 46.78 ± 1.35 57.66 ± 1.34 48.98 ± 5.52 59.50 ± 5.42

FE-xlsr-Wav2Vec2.0
-CommonVoice pre-trained- 512 Scale

Min-Max 50.48 ±1.35 65.76 ± 1.28 54.14 ± 5.50 67.72 ± 5.16

FE-xlsr-Wav2Vec2.0
-RAVDESS pre-trained- 512 No. Norm 49.36 ± 1.35 66.53 ± 1.27 47.30 ± 5.51 68.11 ± 5.14

Table 1: Comparison of SVM performances trained on hand-crafted features or features extracted from deep-learning models trained on
non-emotional datasets (ImageNet, AudioSet) and on an emotional dataset (RAVDESS). *ACC = Accuracy, *CI= Confidence Interval,
*FE=Feature Extraction

network for solving aural-related problems [26]. Thus, we fol-
lowed a similar procedure and converted the speech signals into
images of the spectrogram of the recordings to feed them into
the network and receive the embeddings.

CNN-14 last-layer embeddings have a dimension of 2.048.
This model is more complex than AlexNet concerning the num-
ber of trainable parameters. However, the main difference is
that this network was trained in a sound recognition task on
the AudioSet corpus, with raw audios. Hence, the only pre-
processing performed on the audios was downsampling them to
16 kHz before passing them to the network.

The last d-vectors of the experiments were extracted from
the xlsr-Wav2Vec2.0 transformer of HuggingFace library [27]
(‘jonatasgrosman/wav2vec2-large-xlsr-53-english’). We ob-
tained 512-dimensional vectors from the output of the convo-
lutional feature encoder and calculated the average of these em-
beddings along its temporal dimension. This pooling step is
required because the framework internally processes the audios
by dividing them into windows of 25 ms with an overlap of 15
ms and a stride of 20ms. Hence, the outputs of each recording
should be combined with an agglomerative strategy, that in our
case is an average across the temporal dimension. As it hap-
pened with CNN-14, this model was pre-trained on a speech
processing task, specifically, for performing Automatic Speech
Recognition, using the CommonVoice dataset [28].

For all these models, we compared the performance be-
tween using embeddings from their default described pre-
trained tasks, against the performance achieved by the mod-
els after training them on an emotion recognition task on the
RAVDESS dataset.

2.4. SVM Model

After extracting the features and before training the final model,
we compared three types of normalizations in each experiment:
(1) not using normalization, (2) scale features in a min-max
range, and (3) z-score normalization. In Section 3, only the
normalization that achieved the best scores is reported in each

case.
After the normalization step, attributes or D-vectors were

passed to an SVM model [29]. All the SVMs were implemented
in sklearn [30] with the default parameters of the library except
for the regularization parameter (C) that we set to 1. We selected
this model because of its simplicity, relatively high performance
in many tasks, and because it was used in [20] as the baseline
too.

3. Results and Discussion
Table 1 summarizes the performance of the different SVMs
models trained on the hand-crafted features (Baseline and
eGeMAPS) and with the extracted features from the three
deep-learning models tested (AlexNet, CNN-14, and xlsr-
Wav2Vec2.0). In each case, the normalization with the top
performance appears in the table. Also, the table reveals the
differences between using embeddings extracted from a default
task against the models trained on emotion recognition with the
RAVDESS dataset. Results exhibit an improvement concerning
the accuracy achieved in the baseline work [20].

Focusing on the performance of eGeMAPs features, it
reaches an accuracy of 64.35% at the segment level and 65.98%
at the turn level. Despite the reduced number of attributes of the
set (88), their metrics surpass the baseline and the achievements
of AlexNet and CNN-14.

Analyzing the metrics accomplished by the deep-learning
models, we can see that the average embeddings extracted from
xlsr-Wav2Vec2.0 reached the maximum accuracy at the turn
level (68.11%), over the accuracy of eGeMAPS, although not
in a statistically significant way.

Finally, comparing the results attained applying transfer-
learning on default model tasks (image recognition, sound clas-
sification, or ASR) against emotion recognition, experiments
suggest a slight improvement in the test set at turn level when
employing pre-trained models on emotion recognition tasks, ex-
cept for AlexNet architecture. These differences between net-
works could be related to their performance on the emotion
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recognition task using RAVDESS (68.30% with AlexNet, 81%
with CNN-14, and 84.67% with xlsr-Wav2Vec2.0). These out-
comes suggest that not only the similarity between tasks may
influence transfer-learning strategies, but also the accuracy of
the model used as a warm-start. Nevertheless, more experi-
ments should be accomplished with other datasets and analyze
different stop points on the emotion recognizers to conclude that
applying transfer-learning on pre-trained emotion recognition
tasks implies an improvement in a deception detection task.

As the top test accuracy at the turn level was obtained with
the xlsr-Wav2Vec2.0 model, we decided to fine-tune it on the
deception detection task with the 5.249 chunks of the BOL
dataset to try to adapt the model more to the problem. We
adjusted the network by introducing a global average pooling
on top of the output of the transformer module, as described
in [15]. Contrary to expected, the achieved accuracy was lower
than applying the feature-extraction strategy, 62.41% on the test
set at the segment level, and 64.09% at the turn level. One of
the possible explanations for these outcomes could be a reduced
number of samples available or the low variability of the data
which was not enough for fine-tuning a transformer-type model.

Segment Level Turn Level
Strategy Test ACC ± CI Test ACC ± CI

Baseline [20] 60.92 ± 1.32 58.38 ± 5.44
eGeMAPS 59.23 ± 1.33 61.87 ± 5.36

FE-xlsr-Wav2Vec2.0
-RAVDESS pre-trained- 58.98 ± 1.33 63.81 ± 5.31

Table 2: Comparison of top models after removing noise from
audios using NVIDIA Audio Effects SDK. *ACC = Accuracy,
*CI= Confidence Interval, *FE=Feature Extraction

Since the audios contained high background noise, we con-
sidered using a denoising tool. We passed the audios through
the NVIDIA Audio Effects SDK to remove spurious frequen-
cies. After that, we repeated the top experiments using these
cleaned audios. Nonetheless, as we can see in Table 2, re-
sults are below the obtained with ‘noisy-default’ audios. These
scores point out that despite improving the comprehensibility
of the recordings, the removed frequencies could include rele-
vant information for recognizing trustworthiness that disappears
when these frequencies are removed.

4. Limitations
One of the main limitations of the study is the small number
of samples available for training a deep-learning model or fine-
tuning it. For this reason, metrics obtained when fine-tuning
xlsr-Wav2Vec2.0 models are lower than applying feature ex-
traction. However, this dataset was chosen because it is one
of the biggest available in the field and, because it was used in
previous studies. Another constraint is the emotion recognition
dataset. Maybe using another dataset with not-acted emotions
could be more related to the automatic deception detection task
with ‘in the wild’ data.

5. Conclusions
This study aimed to explore how traditional features and deep-
learning models that were applied successfully in emotion
recognition tasks could be used in automatic deception detec-
tion problems, due to the correlation between emotions and
trustworthiness reported in previous studies [2, 3, 4].

Our results reveal that improvements can be achieved when

applying eGeMAPs feature sets or extracting features from xlsr-
Wav2Vec2.0 transformer, surpassing the baseline based on sta-
tistical features proposed in [20] by 3.93 points and 8.50 points,
on the test set at turn level respectively. These results encourage
us to think that previous methods employed in emotion recog-
nition could be also applied for automatizing the recognition of
other psychological states, such as deception detection.

Regarding the experiments applying transfer-learning of
emotion recognition models for solving deception detection, the
evidence achieved is not conclusive because improvements be-
tween strategies are not significant. Several reasons could ex-
plain this behavior, although the most likely is that acted emo-
tions annotated in RAVDESS do not correlate with deception
recognition as natural-expressed emotions might do.

In future works, we would explore feature selection tech-
niques to reduce the number of features used during the train-
ing of the SVMs since complexity and the high dimensions
of the vectors could affect the final performance of the mod-
els. Also, we would wish to explore ’in-the-wild’ emotion-
recognition datasets to understand if acted emotion could not
be as related to deception detection as genuine expressions that
appear in a real scenario. Finally, we will invest some efforts
in analyzing different performances obtained on deception de-
tection by scanning several stop points of the networks for the
emotion recognition task to understand how much the accuracy
of the source task (emotion recognition) could affect the target
task (deception detection).
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