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Abstract
Personality analysis is an important area of research in several fields, including psychology, psychiatry, and neuroscience.
With the recent dramatic improvements in machine learning, it has also become a popular research area in computer science.
While the current computational methods are able to interpret behavioral cues (e.g., facial expressions, gesture, and voice)
to estimate the level of (apparent) personality traits, accessible assessment tools are still substandard for practical use, not to
mention the need for fast and accurate methods for such analyses. In this study, we present multimodal deep architectures to
estimate the Big Five personality traits from (temporal) audio-visual cues and transcribed speech. Furthermore, for a detailed
analysis of personality traits, we have collected a new audio-visual dataset, namely: Self-presentation and Induced Behavior
Archive for Personality Analysis (SIAP). In contrast to the available datasets, SIAP introduces recordings of induced behavior
in addition to self-presentation (speech) videos. With thorough experiments on SIAP and ChaLearn LAP First Impressions
datasets, we systematically assess the reliability of different behavioral modalities and their combined use. Furthermore, we
investigate the characteristics and discriminative power of induced behavior for personality analysis, showing that the induced
behavior indeed includes signs of personality traits.

Keywords Big five · Estimation of personality traits · Deep learning · Multimodal fusion · Self-presentation · Induced
behavior
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1 Introduction

Among many other theories of personality analysis, trait-
based ones are widely accepted in the literature [59]. Trait
theory bases on the measurement of general patterns of
behaviors, thoughts, and emotions. These patterns (traits)
are relatively stable over time and in different contexts [21].
Although there have been different trait models broadly
examined such as the Big Five [59], the Big Two [2], and
the HEXACO model [7], the Big Five Model is currently
the dominant and well-established paradigm in personality
research. According to Goldberg [32], the model consists
of five independent traits, namely, Openness to experience
(being curious to experience new things and imagina-
tive), Conscientiousness (being dutiful and self-disciplined),
Extraversion (being gregarious and active), Agreeableness
(being tolerant and trusting), Neuroticism (being inclined to
notice threatening factors in non-threatening situations and
tendency to experience negative emotions).McCrae and John
provide empirical and theoretical foundations of theFiveFac-
tor model: It integrates various personality constructs; it is
comprehensive (provides a way of systematic exploration of
the relations between personality and other phenomena) and
it is efficient (providing a global description of personality
with as few as five scores) [59]. Table 1 demonstrates some
example adjectives for the high scorers of each of these traits.

These traits are mainly associated with cognition, affect,
and non-verbal behavior, such as gaze, headmovement, body
pose and facial appearance. Conscientiousness is dominated
more by behaviour, Neuroticism by negative affect alongside
these kind of behaviours, Extraversion by both affective and
behavioral, and lastly Openness and Agreeableness by cog-
nitions [91]. [91] suggests that certain personality traits are
more visible to eye than some. In this sense, traits such as
Extraversion, Conscientiousness or Neuroticism would be
more apparent as we observe an individual at first sight.
Besides the studies based on facial appearance and head
pose, previous evidence suggests using audio-visual record-
ings to improve outcomes of automatic personality analysis
[18,39,72]. Effect of the Big Five personality traits on emo-
tions has also been studied [90], however, there is limited
to none research that investigates possible models for find-
ing implications of these traits. Therefore, in this study, the
optimal solution is to design a computational model that can
accurately identify implications of certain traits and use mul-
timodal cues of these traits in further annotations to validate
each other.

Earlier studies have repeatedly demonstrated that the per-
sonality traits affect clinical features, prognosis and treatment
response of certain mental disorders such as depression [49]
and personality disorders [69]. Even though evaluation of
personality traits holds high potential to be effectively used
in clinical settings for the management of certain disorders,

Table 1 Associated Adjectives for the Big Five Personality Traits traits

Factor Adjectives

Agreeableness (AGR) Appreciative, forgiving, generous,

kind, sympathetic

Conscientiousness (CON) Efficient, organized, planful

Reliable, responsible, thorough

Extraversion (EXT) Active, assertive, energetic,

Enthusiastic, outgoing, talkative

Neuroticism (NEU) Anxious, self-pitying, tense,

touchy, unstable, worrying

Openness to Experience (OPE) Artistic, curious, imaginative,

Insightful, original, wide interests

this is hampered by certain aspects of current evaluation
methods like requirement of specific training for applica-
tion and interpretation, employment of extra personnel, and
high time expenditure [15]. Therefore, automated reliable
computerized methods for personality trait assessment could
potentially overcome such limitations and increase their uti-
lization, enabling better management of mental disorders.
Despite its potential benefits in clinical practice, personality
assessment is a phenomenon of daily routine for everybody.
Associated topics getting growing attention are first impres-
sion analysis and hiring recommendation systems [26,72].
Willis and Todorov found that 100 milliseconds would be
enough to get a trait impression about someone, and this
immediate impression is correlated with important decisions
[86]. But one should keep in mind that the evidence for the
validity of these first impressions is still unsettled, leading us
to develop complex methods for personality trait analysis.

In this study, as well as using an existing dataset, we have
collected a new one. We develop methods employing deep
architectures to analyze audio-visual cues in the videos also
with the help of the transcribed speech. The contributions of
this study can be listed as follows:

– Anew audio-visual dataset for personality analysis is col-
lected, including 60 subjects. The collected dataset con-
sists self-presentation (speech) videos in an interview-
like setting as well as videos of trait-based induced
behavior (obtained using video stimuli). While a few
studies exist which aim to induce different levels of affect
(valence and arousal) and emotions to correlate them
with personality traits [1,61], we aim to explicitly induce
behavioral patterns related to personality traits which is
the first of its kind to the best of our knowledge.

– We present deep spatiotemporal models for the estima-
tion of personality traits from multimodal cues.

– We systematically assess the reliability of several behav-
ioral modalities for personality analysis.
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– Different fusion techniques are implemented and evalu-
ated in a detailed manner.

– Our results suggest that the (trait-based) inducedbehavior
includes signs/cues of personality.

– We analyze the relation between self-reported and
observed (by experts) personality traits.

– We investigate and visually compare the (facial) patterns
displayed in different datasets in two dimensional feature
spaces.

2 Related work

Analysis of personality traits is an important task for vari-
ous applications from evaluating job candidates to providing
personality-aware recommendations. In addition, objective
assessment of personality is crucial for the assessment of
several mental disorders. In this section, we overview the
literature on automated analysis of apparent personality, and
discuss the importance of personality analysis fromamedical
point of view.

2.1 Analysis of apparent personality traits

Personality trait analysis has been a common area of inter-
est for psychologists and psychiatrists for many years.
With the advances in deep learning, use of computational
methods to assess apparent personality traits has started to
attract more interest from computer scientists. Recent stud-
ies mainly utilize three different modalities: vision-based,
focusing on images [37,66,89], and focusing on videos
[6,10,17], audio-based [77], and language-based [4]. Vision-
based methods are generally utilized more commonly than
any other modalities [72]. To provide more robust predic-
tions, while some studies only combine audio and visual
information [11,36,76], many others propose using addi-
tional modalities, namely, combining language information
with audio-visual features [3,28,35] or using facial landmark
locations and action units (AU) [78,85].

[37,66] employ image-based analysis to estimate person-
ality trait scores where authors explore the use of selfies
(self-portrait images) and show that selfies contain behavioral
cues that help assessing apparent personality traits. [23,70]
use data collected from Instagram and utilize deep Convolu-
tional Neural Networks (CNNs). While [70] proposes to use
Instagram images that users liked, to predict their personal-
ity traits, [23] builds a combined image- and language-based
method that estimates personality from users’ Instagram
posts utilizing images and the corresponding captions.

A variety of methods are explored to model personality
traits from videos. While earlier studies use handcrafted fea-
tures, recent ones focus on deep learned representations. For
instance, [10,11,85] use Weighted Motion Energy Images to

capture the overall motion of the person in the video to pre-
dict personality trait scores. [25] employs texture descriptors,
namely Local Phase Quantization (LPQ) and Binarized Sta-
tistical Image Features (BSIF). [35,36,47,76,83], on the other
hand, utilize deep learning models to obtain latent represen-
tation of videos. [35,36] use a variation of the ResNet-18
architecture [43] to extract features from each frame of the
videos, whereas [76] uses 3D convolutions. [83] proposes an
extension to the Descriptor Aggregation Networks that uti-
lize max and average pooling at two different layers of the
CNN and normalize these values. Outputs of these pooling
layers are concatenated before they are fed to fully connected
layers that perform multi-target regression. [47] proposes
combined use of deep facial and deep scene features. They
extract facial features using Local Gabor Binary Patterns
from Three Orthogonal Planes (LGBP-TOP) [5] and the pre-
trained VGG-Face [63] model. For modeling the scene, a
pretrained object detection model is used.

In terms of modeling audio, [35,36,83] use deep archi-
tectures to learn effective representations of audio signals
for personality analysis. [83] employs the Mel Frequency
Cepstral Coefficients (MFCC) and learned representations
obtained from raw waveform signals using a combined CNN
and Long Short-TermMemory (LSTM) architecture. [35,36]
modify the ResNet-18 architecture [43] to model mel power
spectrograms of audio. [47], on the other hand, employs var-
ious handcrafted features such as MFCC, pitch, energy and
their temporal derivatives, in the analysis.

When it comes to language processing, [85] makes use of
the transcriptions of speech. They compute several readabil-
ity indexes and combine these with the total word count and
the number of unique words used in the transcripts to obtain
two additional statistical features. Differently, [35] uses two
different word embedding models, namely, the bag-of-words
embedding and the skip-thought vector embedding followed
by a fully connected layer to describe language patterns.

In multimodal analysis, it is important to choose a reliable
method to combine different modalities for more accu-
rate estimation of trait scores. To this end, various models
are presented in the literature, e.g., [36,76] explore feature
level (early) fusion after extracting features from deep mod-
els and [36] combine audio- and vision-based features by
concatenation after a temporal average pooling. In [35],
a ridge regressor is used at the output level to combine
audio-visual and language modalities. [76] presents two dif-
ferent architectures for fusion, namely a fully connected
network and an LSTM network, both follow concatena-
tion of audio- and vision-based representations. Whereas
[38,39,83,85] investigate score level (late) fusion by com-
puting a weighted average of the trait scores predicted across
differentmodalities tomake a final prediction. [85] combines
facial appearance and language models’ predictions, [38,83]
combine audio and visualmodels’ predictions, and [39] com-
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bines facial appearance, scene and audiomodels’ predictions.
Differently, Kaya et al. [47] propose a hybrid fusion method.
They first perform an early fusion by aggregating the similar
features into two groups (by concatenation). Using a sepa-
rate model on each feature group, two prediction scores are
obtained. In late fusion, these predictions are fed to a random
forest regressor for the final prediction.

In the current study, we analyze several modalities such as
facial appearance, action units, head pose& gaze, body pose,
voice, and transcribed speech, and investigate the effective-
ness of different fusion strategies in a systematic manner. For
further studies and details on personality analysis, we refer
the reader to [80].

2.2 Medical perspective on personality traits

Psychiatrists and clinical psychologists have extensively
studied personality traits for their role in the general diag-
nosis and prognosis of psychiatric disorders. However, the
hardship of evaluation of these facets fundamental to the
human personality, and behavior have hampered their sus-
tained utility in everyday clinical practice.

The most common psychiatric disorder in the clinical
sense, depressionhas a high lifetimeprevalencewith substan-
tial disability and burden for society [14]. While evaluating
the etiopathogenesis of depression, functional imaging has
provided evidence for the interaction of depression diagnosis,
personality traits, and brain state [87]. Moreover, personal-
ity traits affect treatment outcome; especially high levels of
Neuroticism, producing a negative impact on remission [60].
Whereas, traits of Extraversion and Openness to experience
were observed to be higher in responders [67].

Another affective disorder, while not as prevalent as
depression, is bipolar affective disorder, namely manic
depression. Previous studies have identified a state (i.e.,
manic or depressive state of the disorder) independent asso-
ciation between bipolar disorder and personality traits [51].
Similar to depression, personality traits could also provide
guidance on treatment outcomes as well as prognosis of the
disease, even displaying an association with switches in the
disorder states [50].

Personality traits also have a close relationship with psy-
chotic and anxiety disorders. Compared to healthy controls,
patients with schizophrenia have a higher Neuroticism level,
and lower Extraversion, Openness, Agreeableness and Con-
scientiousness levels [62]. Previous studies show that, Big
Five traits are associated with social functioning [57], life
satisfaction [12], and non-adherence to treatment and treat-
ment delay [20,56] in patients with schizophrenia. From a
genetic perspective, a higher level of Neuroticism increases
the familial risk of psychosis [13] and the Big Five traits and
schizophrenia share some common genetic loci [73].

Personality traits seem to have a role in the development
of anxiety disorders. Recent studies have found that a high
level of Neuroticism predicts social phobia, panic disorder
and generalized anxiety disorder [82]. Higher Neuroticism
and lower Conscientiousness levels are related to an increase
in anxiety and lower Extraversion is associated with social
phobia [52].

Personality traits have a key role for both diagnosis and
prognosis of four major mental disorders. Although the sig-
nificance of the influence of personality traits over treatment
outcome on the individual patient level is debatable, the value
of personality trait assessment in clinical trials is unobjection-
able, if could be done effortlessly [45]. As they rely on the
individuals subjective views on their own personality, the
non-objective nature of the current assessment methodolo-
gies hinder their use on the individual level to guide clinical
practice. Thus, future studies need to merge self-reported
results with an observer’s reports, and usemomentary behav-
ioral signs for the assessment of personality traits. Moreover,
using mobile applications have received a growing attention
in management of mental disorders [19]. Thereupon, any
such accurate automated systems of assessment would be
indispensable.

3 Methodology

To model and estimate the level of (observed) personality
traits, we employ several methods on various modalities
including facial appearance, action units, head pose &
gaze, body pose, voice, and transcribed speech. Informa-
tion obtained from individual modalities are then fused
employing different strategies. Observed scores for each trait
(normalized to [0, 1] range) are used as labels. Details of
modeling each of these modalities and fusion strategies will
be described in the following sections.

3.1 Facial appearance

3.1.1 Face normalization

As the first step of analyzing facial appearance, we track
68 landmarks on the facial boundary (17 points), eyes &
eyebrows (22 points), nose (9 points), and mouth (20 points)
regions in the videos using a state-of-the-art tracker , namely
OpenFace [8] (see Fig. 1a). Once the landmarks are obtained,
the facial image in each frame of the videos are normalized
in terms of translation, rotation and scale to obtain frontal
view of the faces.

The tracked 2D coordinates of the landmarks are first
normalized by removing the global rigid transformations
such as translation, rotation and scale. To shape-normalize
facial texture, each face image is warped using piecewise
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linear warping so as to transform the X and Y coordinates
of the detected landmarks onto those of normalized land-
marks. Obtained images are then scaled and cropped around
the facial boundary and eyebrows as shown in Fig. 1b. As a
result, each normalized face has a resolution of 224 × 224
pixels. Note that the deformations in the facial surface can
better be interpreted since the normalized faces are directly
comparable in a pixel-to-pixel manner.

3.1.2 Modeling

Once the normalized facial videos are obtained, we model
the spatio-temporal patterns using two different deep archi-
tectures, namely by the 3D ResNext-101 [88] and by a
Convolutional Neural Network, Gated Recurrent Unit com-
bination (CNN-GRU).

Since our input is a facial video, our aim is to capture both
facial appearance and facial dynamics. To this end, we opt
for employing a CNN-based architecture that also takes into
account the dynamics between the frames through spatio-
temporal kernels. Therefore, we first use 3D-ResNextmodel
to utilize temporality thoroughly. The novelty of theResNeXt
architecture [88] is the introduction of the cardinality con-
cept, which is a different dimension from deeper and wider.
ResNeXt block introduces group convolutions (whose num-
bers are called cardinality), which divide the feature maps
into small groups different from the original ResNet [43]
bottleneck block. Xie et al.[88] shows that increasing the
cardinality of 2D architectures is more effective than using
wider or deeper architectures.

To model normalized facial videos, we fine-tune 3D
ResNext-101 [40] that is pretrained on the Kinetics dataset
[46], starting from the third block (based on our prelimi-
nary experiments). We use random temporal sampling of 45
frames (RTS-45), which corresponds to 1.5 seconds, during
training, and non-overlapping sliding window of the same
size during test and validation.Window size is chosen among
the values [30, 45, 60] through validation error. Finally, the
last fully connected layer of the network is replaced with a
linear regression layer and L1 loss is utilized. Notice that the
latent representation fed to regression layer is 2048D.

CNN-GRU is employed as a second spatio-temporal deep
architecture for modeling facial videos. It is widely used
[27,81] in the literature, as it can model the spatial relations
via CNN and temporal relations via the recurrent network at
the same time. In our implementation, as shown in Fig. 2,
AlexNet is used as the CNN module by connecting its FC7
layer to a two-layered GRU structure, where the dimension-
ality of both GRU layers are set to 512. In this way, 4096D
spatial representation of faces is fed to the temporal model.
As the final layer linear regression with L1 loss is employed.
The obtained model is trained in an end-to-end manner. We
initiate the training from the pretrained weights of the origi-

Fig. 1 a Visualization of the facial landmarks, gaze direction, and head
pose obtained fromOpenFace, and b the corresponding normalized face

Fig. 2 CNN-GRU architecture, followed by a regression layer

nal AlexNet, in order to accelerate the process and start from
an effective set of parameters.

During training, average mean absolute error of the five
traits is minimized for both 3D-ResNext and CNN-GRU
models.

3.2 Facial action units and head pose & gaze

3.2.1 Feature extraction

To obtain measures for facial shape, displayed facial action
units (AU), head pose, and gaze, we process the videos using
OpenFace [8] as visualized in Fig. 1a. In order to describe
facial action units, we use the 18 AU occurrence and 17 AU
intensity features provided by OpenFace. While the binary
occurrence features indicate the presence ofAU1,AU2,AU4,
AU5, AU6, AU7, AU9, AU10, AU12, AU14, AU15, AU17,
AU20, AU23, AU25, AU26, AU28, and AU45, the intensity
features (in the range of [0,5]) represent the intensity of the
aforementioned AUs except AU28 (lip sucking).

To represent head pose, 3 degrees of out-of-plane rigid
head rotations (i.e., pitch, yaw, and roll) in radians, and the
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3D location of the head with respect to camera in millimeters
are used. Finally, for describing the gaze, we employ the
3D gaze directions for both left and right eyes (yielding six
feature values) together with the 2D coordinates of 28 eye
landmarks for each eye (yielding 112 feature values). Then
head pose and gaze features are concatenated, to be used as
the representation of the head pose & gaze.

Obtained frame-level feature vector of each of these
modalities can be used as a time step in temporal models.
In other words, each video can be represented by the multi-
variate time series of the aforementioned modality-specific
feature vectors.

3.2.2 Modeling

The action unit and head pose & gaze features are modeled
using two different models such as Long- and Short-term
Time-series Network (LSTNet) [54] and Recurrent Convo-
lutional Neural Networks (RCNN) [55], which combines the
benefits of Long Short-Term Memory (LSTM) with CNN.
Average mean absolute error of the five traits is minimized
to train the models.

LSTNet model used in this study is a modified version
of the original architecture [54]. We opt for LSTNet since
the literature indicates that it achieves significantly better
performance than various other time series models [54].
LSTNet extracts short term patterns and local dependen-
cies via convolution through temporal dimension. Output
of the convolution layer is fed to the recurrent layer and
the recurrent-skip layer. In recurrent and recurrent-skip lay-
ers, Gated Recurrent Unit (GRU) is used. Normally, GRU
fails to capture very long-term dependencies due to gradient
vanishing. Recurrent-skip layer captures long-term and peri-
odical information by processing the sequence with N skips,
where a recurrent layer processes consecutive inputs with
1 skip-length. Output of recurrent and recurrent-skip layers
are then concatenated and fed to a linear layer. Skip-length
parameter is set to the number of frames per second, which
is 30. Dropout with a rate of 0.2 is applied after convolu-
tion, recurrent, and recurrent-skip layers. Hidden dimension
of the convolution and recurrent layers are set to 100. There
are 5 different recurrent-skip components employed, there-
fore, a 150D vector is obtained via their concatenation. At
the penultimate layer, we concatenate this vector with the
last hidden state of the recurrent layer and obtain a 250D
feature vector. In contrast to [54], we do not use the autore-
gressive component of LSTNet. We also do not use the tanh
activation function at the output since our target problem is
regression. We train the network through optimizing the L1
loss via Adam optimizer with a learning rate of 0.001.

RCNN has been proposed in [55] for text classification.
It uses Bidirectional Long Short Term Memory (BiLSTM)
networks followed bymax-pooling through temporal dimen-

Fig. 3 The tracked body landmarks by OpenPose

sion. The output of the max-pooling layer is fed to the linear
layer. Our RCNN’s recurrent module consists of two BiL-
STM layers. We set the dimension of all hidden layers of
both backward and forward LSTMs as 256. Hidden dimen-
sion of linear output layer is set to 64.

3.3 Body pose

Input videos are first processed using OpenPose [16] to track
25 landmarks on the joints (e.g., wrist and elbow), neck, and
face as shown in Fig. 3. 2D coordinates of the tracked land-
marks are used as posture features to represent the general
pose and structure of subjects’ body, e.g. how they sit and
move while answering questions and watching videos. Note
that apart from other visual modalities, this is the only one
where we focus not on the face, but the body/posture of the
participant. 50-dimensional body features are then modeled
with LSTNet as described in Sect. 3.2.2 so as to minimize
the average mean absolute error of the five traits.

3.4 Voice

To represent the characteristics of voice, we compute a
34-dimensional feature vector from audio data of videos,
includingMFCC, Chroma vector, energy and entropy related
features using pyAudioAnalysis framework [31]. Voice fea-
tures are extracted for each 50 milliseconds of videos with
50% overlap, i.e. with a step size of 25 milliseconds. Conse-
quently, these features form the multivariate time series for
describing the voice. Details of the feature extraction process
can be found in [31]. Obtained features are modeled by LST-
Net architecture (as described in Sect. 3.2.2) by minimizing
the average mean absolute error of the five traits.

3.5 Transcribed speech

As reported in the literature [35], use of language as an
additional modality enhances the estimation reliability of
personality traits. In order to model language-based cues for
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Fig. 4 Flow of modeling the transcribed speech

personality analysis, we first transcribe the subjects’ speech
in videos usingGoogle’s Speech toTextAPI [30]. Since there
may be more than one language spoken in the dataset, lan-
guage is automatically detected by Google’s API. To make
our model generalizable, an embedding obtained by a large
corpora is used. We employ pytorch-transformers’ imple-
mentation [44] of pretrained multilingual BERT model [24]
to generate embeddings for each token in the transcripts.

BERT model is applied to the whole transcript of each
video, separately. BERT model infers the embeddings of
each word in the transcript considering its context. Flow
of our transcribed speech model is shown in Fig. 4. BERT
embeddings are then modeled by LSTNet for the multitask
regression task (for details please see Sect. 3.2.2). Similar to
the modeling of aforementioned modalities, average mean
absolute error of the five traits is minimized during training.

3.6 Fusion

To combine the information obtained from different modal-
ities, we employ different strategies, namely, early fusion,
hybrid fusion, and late fusion. By early fusion, it is meant to
combine extracted features from different modalities. Late
fusion indicates fusing predicted (regression) scores obtained
using individual modalities. Finally, hybrid fusion is meant
to use extracted features/scores from different layers (includ-
ing regression layer) of models of individual modalities, for
fusion. As for the early fusion strategy, we use three differ-
ent methods, namely, concatenation, modality attention, and
feature attention. Linear Support Vector Regressor (LSVR)

is employed as a late fusion strategy. Finally, under the hybrid
fusion strategy, CentralNet [79] is used.

In early fusion, we extract features from the penultimate
layer of eachmodality. To combine these features,we employ
either concatenation or attention-based fusion. For the con-
catenation case, obtained feature vector is fed to aMultilayer
Perceptron (MLP) with 2-hidden layers to predict regression
scores.

In the attentional fusion case, we employ a separate MLP
model with 2-hidden layers for each modality to obtain fea-
tures that have the same dimensionality for all modalities.
The only difference of these models for different modal-
ities is the number of neurons in their first hidden layers
which is due to the various feature dimensions of different
modalities. Then, the obtained representations are fed to an
attention layer that assigns weights to each feature. Finally,
weighted representation is fed to a linear regression layer to
obtain regression predictions. These models are trained in
an end-to-end manner using L1-loss. Let hi denote the hid-
den representation of i th modality and αi denote its attention
weight. Then, theweighted representation c can be computed
as:

c =
K∑

i=1

αi hi , (1)

ai = exp(σ (Whi + b))
∑K

k=1 exp(σ (Whk + b))
, (2)

whereW and b denote weight and bias of the attention layer,
respectively. σ(.) is the sigmoid function, K is the number of
modalities and αi is a scalar. This mechanismwill be referred
to as modality attention.

For the feature attention method, the weighted represen-
tation c becomes:

c = [c1, c2, . . . , cD]� , where (3)

cd =
K∑

i=1

αd
i h

d
i . (4)

In Eqs. 3 and 4, D denotes the feature dimension, cd

is a scalar for the dth dimension of c, and αi is a vector.
Note that Eq. 2 does not change except the dimensions ofW
and b. In other words, attention is applied to feature dimen-
sions separately in feature attention, as opposed to Eq. 1,
where attention is applied to all features of the correspond-
ing modality.

In late fusion, we first concatenate the predicted scores
obtained from different modalities. These score vectors are
then modeled by an LSVR. A separate LSVR model is
employed for each of the five traits.

For hybrid fusion, we utilize CentralNet [79]. To this end,
representation obtained for each modality is fed to a sepa-
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rate 2-hidden layer MLP model with batch normalization,
dropout and ReLU activation function between the layers.
Then the computed 1st hidden layer representations of these
MLPmodels for differentmodalities, are fused as inmodality
attention mechanism, forming the central joint representa-
tion. The central joint representation (for the 1st hidden
layer) is then fused together with the 2nd hidden layer repre-
sentations of all modalities in a similar manner. The obtained
representation is fed to a regressor. All the models are jointly
optimized in an end-to-end manner.

For the fusion methods that employ MLP models, we use
ReLU activation function and dropout. Considered hyper-
parameters of MLP models are given in Table 2. Note that
the considered set of values for these hyperparameters are
dynamically determined in the given intervals per fusion
method based on minimum validation error. The resolution
of values is increased when a performance improvement is
observed. For LSVR, we use the default hyperparameters
(regularization parameter C = 1.0 and stopping tolerance is
0.0001).

4 Datasets

In our experiments, we employ two datasets, namely Self-
presentation and Induced Behavior Archive for Personality
Analysis, a new personality dataset that has been collected
during this study, and the ChaLearn LAP First Impressions
Dataset [65]. Below, these datasetswill be described in detail.

4.1 Self-presentation and induced behavior archive
for personality analysis

One of the goals of this study is to investigate whether the
personality traits can be estimated from induced audio-visual
behavioral characteristics. To this end, we have video-
recorded participants while they watch a set of videos,
where each video clip has been chosen to be associated
with one of the Big Five personality traits. In addition, we
have video-recorded their answers to three questions. Self-
presentation and Induced Behavior Archive for Personality
Analysis (SIAP) includes recordings of 60 participants (37
females, 23 males) from 5 countries. Ages of the participants
vary between 18-35 years. The dataset includes self-assessed
and observed scores for each the Big Five traits.

To minimize the differences between sessions so as
to obtain similar experience for different participants, we
have developed and used a computer software rather than
employing an interviewer during the data collection. Before
beginning the data collection, each participant has been
informed of the experimental protocol and the use of our
software, and signed a consent form. After that the whole
experiment and the data acquisition have been conducted

automatically. Following sections will provide further details
of SIAP.

4.1.1 Data acquisition

The software allows participants to choose their preferred
language, either English or Turkish. Once a participant
choose his/her preferred language, the software show three
videos. In each video, a psychologist ask a question (in the
preferred language). The first question asks demographic
information of the participant. The second question is about
an experience of the participant while having an activity last
time which he/she likes. In this way, the participant could
specifically talk about a memory without thinking much on a
certain one. The last question is about a time that the partic-
ipant had solved a problem with his/her close other and how
they managed it. After watching each question video, the
participant is given 60 seconds to answer the corresponding
question, with a 15 seconds countdown at the end in order to
remind the remaining time. Then the video for the following
question starts playing.

Once the participant completes answering the questions,
he/she moves on to the second part of the experiment. In this
part, to induce behavioral cues of personality traits, the soft-
ware shows a set of video clips for approximately 15 minutes
in total, including three videos for each of the five traits (15
videos in total). Duration of the videos varies approximately
30 to 60 seconds to obtain a proper response from the par-
ticipant. Notice that a (separate) large set of video clips have
been chosen (by a consensus of three psychologists) in order
to induce each of the five personality traits, and the software
randomly chooses three videos from the corresponding set
of videos for each participant.

The software records participants via three cameras. A
Logitech C920 webcam is used as a frontal camera to record
the facial expressions (which is attached to themonitor). Two
wall mount cameras record the participants from right-front
and left-rear sides (with respect to the participant) to obtain
pose and gesture information. The recording setup and sam-
ple frames captured by these three cameras can be seen in
Figs. 5 and 6, respectively. While frontal videos have been
captured with a resolution of 1920×1080 pixels at 30 frames
per second, side-view videos have a resolution of 1280×720
pixels at 25 frames per second. Audio has been recordedwith
a sampling rate of 44100 Hz.

In the final stage of the experiment, the participants are
asked to complete two ten-item questionnaires on seven-
point scale, namely, Ten Item Personality Inventory (TIPI)
[33,41] and a questionnaire on close relationships (“Experi-
ences in Close Relationships Inventory-Revised”) [71]. All
the aforementioned steps of the experiment is handled by
our software through an easy to use graphical user interface
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Table 2 List of Considered
Hyperparameters of MLP

Hyperparameter Considered Interval

Number of units in the 1st hidden layer [64, 2048]

Number of units in the 2nd hidden layer [64, 512]

Initial learning rate [1e-5, 1e-2]

Weight decay [1e-4, 1e-2]

Batch size [64, 256]

Dropout rate {0.5, 0.6, 0.7}

Fig. 5 Recording setup. Positioning of the right-front side, left-rear
side, and frontal cameras

where the only focus is the monitor during the experiment,
free of any other distractions.

4.1.2 Choosing video clips to elicit behavioral cues

Picking the correct video that would tap into a specific per-
sonality trait is crucial, which might provoke a behavioral
mechanism we may catch on. To this end, we investigate the
traits and their prominent properties. Many descriptions of
Big Five personality traits were used in defining which type
of video clips we could pick.

For Openness, we have chosen to focus on the curiosity
and intellect aspect of this trait, since they would be easier to
express. Recent studies suggest that Openness is related to
being a multicultural person, who tends to oversee the racial
and ethnic differences of other people [74]. Therefore, we
have decided to pick videos that includes activities, where
participants presumably would not encounter on daily basis.

Fig. 6 Sample frames obtained from a the right-front side, b left-rear
side, and c frontal cameras

Such videos would clearly display different cultures or reli-
gions (e.g. extreme sports, praying and rituals of different
religions).

For Conscientiousness, we have picked videos that would
show people’s differences on academic performances and
being diligent in each and every manner [42] (e.g. two stu-
dents preparing for their exam: hardworking versus lazy).

For Extraversion, we have deduced that individuals who
have less fun interacting with others, would also be the ones
that are introverts. Since individuals who have higher lev-
els of Extraversion tend to be more expressive, we assume
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that getting a reaction/response based on approval would be
easier [68]. So, we have used clips that involve high physi-
cal stimulation in other people’s presence (e.g. dance parties,
performing to a crowd).

For Agreeableness, we have chosen to focus on the social
aspect on this trait. Therefore, we have decided to pick videos
that would show actions which emphasize social harmony,
compassion and empathy with others [34]. Thus, we have
used videos that include interpersonal encounters that is
either harmonious with others or not (e.g. apologizing, dis-
agreeing to anything without any logical basis).

ForNeuroticism,wehave employedvideo clips thatwould
look andmake individuals feel like something bad is going to
happen, inducing the disturbed thought processes of partici-
pants without actually making them feel that way. Therefore,
if the corresponding participant is high on Neuroticism con-
tinuum, he/she would expect something bad would happen
more than others (e.g. a house burning, glass falling down
from a table without a reason). In this sense, we expect peo-
ple to behave in a certainwaywhenviewing these videos.Yet,
[68] suggests that people that are high on Neuroticism tend
to be less expressive on their affect. So, it might be difficult
to catch those expressions if the corresponding participant
has high scores on Neuroticism. As explained before, an
introvert might be overwhelmed by over stimulation factors
contained in the videos, whereas an extrovert might express
positive affect with showing behaviors of blending in (e.g.
bopping head to an upbeat song). We especially picked some
scenes from movies and real life events for Neuroticism that
might trigger one’s negative affect to further provoke dis-
turbed thoughts.

4.1.3 Annotation

Obtained video recordings of participants were evaluated by
three different psychologists in terms of personality traits.
The psychologists (after their individual evaluations) dis-
cussed each personality trait of each participant until they
achieved a 100% consensus on the final score. Partici-
pants’ postures and facial expressions while watching the
aforementioned video clips (e.g. their reactions/responses)
were accounted for annotating the personality traits. Trait
levels of the participants were annotated based on the rela-
tion/correlation between their responses and the target trait
of the corresponding video. Seven-point scale was used for
the annotation of the scores (1: very low; 7: very high).

ForOpenness trait, smiling and engagementwith the video
(more saccadic eye-movement without negative viewing)
were pursued in individuals who are high in Openness. On
the contrary, disgust-like facial responses were treated as low
Openness. For Conscientiousness, high scores were given
if the participants become disturbed after individuals being
disorganized in their environments. If the participant shows

engagement with the opposite type of behavior, he/she was
rated low on Conscientiousness. For Extraversion, we again
looked for engagement with the extrovert behaviors in the
videos. Other than this, we also looked for tapping of foot
or swinging with the music when giving high scores. As
opposed to these reactions, participants who gave disgust-
like reactions or show discomfort were given low rating on
Extraversion. ForAgreeableness,we have expected individu-
als with high Agreeableness to remain calm while are shown
an individual who is low on this trait. Others, who were
showing discomfort, were rated low on this trait. Finally,
for Neuroticism, individuals who were watching the video
clips with significant amount of discomfort (e.g. squinting
eyes and leaning back) even though scenes did not show any
discomforting image, were rated high on Neuroticism.

If a participant did not showany signs of being in any given
side of the spectrum of reactions while watching the (induc-
ing) video clips, score for him/her was rated as 4 (neutral). If
a participant showed any leaning to one side of the spectrum
slightly, score for him/her was rated as 3 or 5 accordingly.
If the participant showed considerable reaction (e.g. clearly
displaying a certain response to the video), we rated his/her
score as 2 or 6.Any extreme case of these spectra of behaviors
was rated as 1 or 7, accordingly.

4.1.4 Data partitions

As described above, SIAP has recordings for durations of
speaking (question answering) and for durations of watching
video clips to induce cues of personality traits. These parti-
tions of our dataset will be referred to as SIAP-Interview and
SIAP-Induction, respectively, in the remainder of the paper.
The interviewpartition includes 180 sessions (60 participants
× 3 questions), and the induction partition has 180 sessions
for the induction of each trait, yielding 900 sessions in total
(60 participants× 3 inducing videos for each trait× 5 traits).
Notice that there are three synchronized videos, namely one
frontal, and two side views, for each session.

4.2 ChaLearn LAP first impressions dataset

ChaLearn LAPFirst ImpressionsDataset (FID) [65] contains
10,000 video clips, split to training (6,000 clips), validation
(2,000 clips) and test (2,000 clips) subsets. Subjects in the
videos are looking at the camera and speaking in English,
with varying environmental conditions. These clips have
been extracted from over 3,000 different YouTube videos
and labeled via Mechanical Turk, where the annotators rate
the personality scores of each subject in terms of Big Five
personality traits, according to their movements, gestures,
voice and appearance.
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Fig. 7 Histograms of the observed and self-assessed scores, and their differences per participant (“self-assessed score” − “observed score”) for
the personality traits of 60 participants in SIAP. Positive values for score differences indicate overestimation of the trait by participants compared
to the observation, and vice versa

5 Experimental results with discussions

5.1 Experimental setup

In our experiments, two datasets are used, i.e., SIAP and
FID. For the experiments on SIAP, a 10-fold cross-validation
scheme is used with randomly selected folds (each having 6
participants) ensuring that each subject appears only in one
fold. In this way, we guarantee that there is no subject overlap
between the training, validation and test sets.

At each fold, while eight parts are used for training, one
part is used for validation, and the remaining part is employed
for the test. Average of the 10-fold cross-validation results is
taken to provide a single result for each experiment.Observed
(expert) scores are used for modeling in our experiments
on SIAP. In our experiments on FID, we use the predefined
training, validation and test sets of FID. Hyperparameters of
the models are optimized on the validation set. Test results
are reported in terms of mean absolute error (MAE). Notice
that seven-point scale scores for each trait is normalized to
the range of [0, 1] in our experiments. Therefore, presented
MAEs are also in the range of [0, 1].

5.2 Observed versus self-assessed personality scores

One of our goals is to analyze/reveal the relations between/
within the observed (expert-annotated) and self-assessed per-
sonality scores. To this end, we first analyze the correlations
within scores of different traits. Based on the results, only one
moderate correlation is found, which is between Extraver-
sion and Openness (r = 0.57) in observed scores. Next,
the distributions of the observed and self-assessed scores are
computed for 60 participants in SIAP , along with their dif-
ferences per participant (“self-assessed score” − “observed
score”), as shown in Fig. 7. Mean and variance of scores
for each trait are also computed and reported in Table 3. As
the results suggest, subjects tend to rate the traits, which
are more socially desirable (e.g. traits that are perceived
positive), higher than the observed scores. On the other
hand, participants assess traits, which are less socially desir-
able, lower than observers do. This social desirability effect
can especially be seen in the Openness and the Neuroti-
cism.Considering themean scores, participants overrate their
Openness by 39.7% (relative) and underrate their Neuroti-
cism by 21.2% (relative), compared to the observed scores,
as reported in Table 3. This finding can be observed in the
last row of Fig. 7 as the Openness plot is skewed towards the
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Table 3 Mean and Variance of Self-assessed and Observed Scores for
the Five Traits in SIAP

Type AGR CON EXT NEU OPE

Mean Self-assessed 0.643 0.671 0.615 0.479 0.722

Observed 0.594 0.614 0.567 0.608 0.517

Variance Self-assessed 1.667 1.837 2.392 2.139 1.206

Observed 1.012 0.816 1.440 1.494 1.523

positive values, while theNeuroticism plot is skewed towards
the negative values.

One-way ANOVA analyses also support our claims in
social desirability aspect in self-report scores. There is a
significance between annotators’ scores and self-reports in
Agreeableness (F(1, 118) = 44.709, p < .0001), Open-
ness (F(1, 118) = 32.887, p < .0001), and Neuroticism
(F(1, 118) = 9.755′ p = .002). To further investigate social
desirability effects, we look at the differences between self-
report and observed scores of participants traits across gen-
ders by taking absolutes of subtracting participant’s observed
score from self-report score. t-tests show a significant differ-
ence between genders (p = 0.001) which suggest males (M
= 1.91) present themselves more extraverted than females
(M = 1.86). Additionally, females report themselves as more
agreeable (M = 1.95) than males (M = 1.89) according to
t-tests (p = 0.004). It is expected to see gender differences on
different traits in terms of social desirability. Previous studies
usually show that women score themselves higher on most
of the sub traits of that are linked with Conscientiousness and
Agreeableness than man. Such as tender-mindedness, duti-
fulness, self-discipline [22,29]. On the other hand, men show
high scores on assertiveness and excitement seeking, which
are sub traits that are linked with Extraversion [22,29]. Our
results show similar trend of gender differences on Agree-
ableness and Extraversion compared to previous studies,
revealing tendency of high self-evaluation on Agreeableness
by women and on Extraversion by men (previous studies
reveal women self-evaluate higher on some Extraversion sub
traits as well [84]).

Having looked at the social desirability traits, inter-rater
reliability scores between the expert-annotators is also cru-
cial for reliability of our results. If the expert-annotators do
not agree on which participant scored low or high in a trait,
then differences between observed and self-reported scores
would be less meaningful. To test this, intraclass correlation
coefficients (ICC) [9], Krippendorff alpha coefficients [53]
and Spearman’s Rho [75] are computed. According to the
results, levels of inter-rater reliability for each trait are found
to be consistent and high as reported in Table 4.

Table 4 Inter-rater Reliability Scores between Expert-Annotators
across the Big Five Personality Traits

Type AGR CON EXT NEU OPE

ICC 0.714 0.754 0.898 0.744 0.872

Krippendorff Alpha 0.712 0.751 0.897 0.742 0.870

Mean Spearman’s Rho 0.728 0.758 0.892 0.737 0.861

5.3 Assessment of different modalities

In this set of experiments, we evaluate the reliability of dif-
ferent modalities such as the facial appearance, facial action
units, head pose & gaze, body pose, voice, and transcribed
speech on SIAP-Interview and FID for assessing the lev-
els of personality traits. While results on FID are obtained
using models that are trained on FID (training set), two set
of test results are provided for SIAP-Interview: (i) training
on SIAP-Interview, (ii) fine-tuning on SIAP-Interview with
an initialization using weights that are learned on FID. Note
that the sample size of SIAP-Interview is significantly lower
than that of FID. Each session of SIAP includes three videos
recorded from different views (see Sect. 4.1). For the evalu-
ation of body pose modality on SIAP-Interview, we use the
right-front side videos, yet, in all other experiments on SIAP,
frontal videos are employed.

5.3.1 Facial appearance

As described in Sect. 3.1, we employ two different architec-
tures, i.e., 3D-ResNext-101 (3D-ResNext) and CNN-GRU,
for modeling facial appearance. Both models are evaluated
on FID and SIAP-Interview, and obtained MAE results are
given in Table 5. On FID, CNN-GRU architecture provides
an average MAE of 0.101, which is 5.2% worse than the
visual baseline result (0.096) provided in [35]. On the other
hand, 3D-ResNext provides the most promising results on
FID among all modalities used with an average MAE of
0.088. Notice that the state-of-the-art method [47] on FID
provides a MAE of 0.083. Success of the 3D ResNext on
FID may rely on the 3D temporal convolutions and its high
regularity with random temporal sampling.

In contrast to the results for FID, the lowest average
MAE (0.155) onSIAP-Interview is achieved using pretrained
version of CNN-GRU, among facial appearance models. It
performs better than 3D-ResNext both with and without pre-
training in validation set as well as the test set. Our results
for SIAP-Interview indicate that pretraining on FID is useful
although the structure of the datasets are different. Notice
that FID has recordings extracted mostly from YouTube
video blogs, while SIAP-Interview includes recordings of
answers to specific questions (self-presentation). Yet, in both
setups people, facing a camera, are talking on some topics,
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Table 5 MAEs for the Use of
Facial Appearance

Dataset Model AGR CON EXT NEU OPE AVG

FID 3D-ResNext 0.085 0.089 0.088 0.091 0.085 0.088

CNN-GRU 0.097 0.105 0.101 0.102 0.101 0.101

SIAP-Interview 3D-ResNext 0.169 0.129 0.217 0.181 0.196 0.179

3D-ResNext* 0.147 0.118 0.176 0.166 0.180 0.157

CNN-GRU 0.149 0.132 0.183 0.178 0.192 0.167

CNN-GRU* 0.146 0.120 0.161 0.171 0.175 0.155

Note: * denotes pretraining on FID

Table 6 MAEs for the Use of
Facial Action Units and Head
Pose & Gaze on FID

Model Features AGR CON EXT NEU OPE AVG

LSTNet Facial AU 0.102 0.117 0.106 0.111 0.106 0.108

Head pose & Gaze 0.106 0.125 0.122 0.123 0.117 0.119

RCNN Facial AU 0.100 0.113 0.102 0.106 0.102 0.104

Head pose & Gaze 0.105 0.121 0.120 0.121 0.115 0.116

therefore, similar behavioral patterns are expected. Clearly,
obtained MAEs for SIAP-Interview are significantly higher
than those of FID. This finding can be explained by the fact
that SIAP-Interview is a relatively small dataset. Results may
also suggest that during answering questions, facial cues of
personality would be less visible compared to expression
characteristics displayed in video blogs.

5.3.2 Facial action units and head pose & gaze

In this experiment, we first assess the reliability of using
facial action units and head pose & gaze on FID. Mean abso-
lute errors of LSTNet and RCNNmodels on FID are given in
Table 6. Individual use of facial action units provides lower
MAE than the individual use of head pose, transcribed speech
or voice modalities on FID. On the other hand, using action
units could not perform as well as the facial appearance
modality on FID. As shown by the results, MAEs for the
using action units through LSTNet and RCNN models are
0.108 and 0.104, respectively. Yet, the use of head pose &
gaze performs 12% (absolute) worse on average than using
facial action units. Better performance of using facial action
units compared to that of gaze and head-pose is expected
since facial expressions are more capable of displaying men-
tal state and emotion [48]. Consequently, on SIAP-Interview
we evaluate only the use of action units with and without a
pretraining on FID.

As shown in Table 7, we obtain the lowest MAE (0.152)
on SIAP-Interview through LSTNet model with pretraining
on FID. Interestingly, MAE of RCNN is increased by 0.2%
(absolute), when it is pretrained on FID. On SIAP-Interview,
LSTNet provides 1.0% (absolute) MAE improvement com-
pared to the RCNN when the models are pretrained on FID.

Table 7 MAEs for the Use of Facial Action Units on SIAP-Interview

Model AGR CON EXT NEU OPE AVG

LSTNet 0.147 0.134 0.169 0.162 0.169 0.156

LSTNet* 0.139 0.122 0.163 0.157 0.176 0.152

RCNN 0.154 0.132 0.172 0.166 0.177 0.160

RCNN* 0.144 0.128 0.179 0.181 0.178 0.162

Note: * denotes pretraining on FID

Table 8 MAEs for the Use of Body Pose on SIAP-Interview

Model AGR CON EXT NEU OPE AVG

LSTNet 0.171 0.163 0.190 0.218 0.191 0.187

Accordingly, we use only LSTNet for the further experi-
ments.

5.3.3 Body pose

For the evaluation of using body pose for estimating per-
sonality traits, only SIAP-Interview is employed since the
videos in FID do not show the whole body of subjects. To
this end, we use the videos recorded from the right-front side
in our experiment. Table 8 shows that the body pose provides
the worst MAEs among all different modalities on SIAP-
Interview. Yet, with a large amount of data and powerful
fusion strategies, body pose information would be expected
to be useful.
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Table 9 MAEs for the Use of
Voice

Dataset Model AGR CON EXT NEU OPE AVG

FID LSTNet 0.102 0.114 0.110 0.110 0.104 0.108

SIAP-Interview LSTNet 0.138 0.142 0.177 0.184 0.183 0.165

LSTNet* 0.160 0.139 0.172 0.170 0.179 0.164

Note: * denotes pretraining on FID

Table 10 MAEs for the Use of
Transcribed Speech

Dataset Model AGR CON EXT NEU OPE AVG

FID LSTNet 0.103 0.117 0.118 0.118 0.112 0.114

SIAP-Interview LSTNet 0.150 0.127 0.172 0.167 0.186 0.161

LSTNet* 0.140 0.131 0.168 0.161 0.172 0.154

Note: * denotes pretraining on FID

5.3.4 Voice

The use of voice formodeling personality traits through LST-
Net is evaluated on FID and SIAP-Interview. Table 9 shows
the results of the voice modality. On FID, the voice modality
provides lower MAEs than the transcribed speech and the
body pose. Yet, it performs worse than the facial appearance.
On SIAP-Interview, MAEs for the voice modality are lower
than the body pose modality. On the other hand, MAEs for
voice on SIAP-Interview are significantly higher than the
MAE on FID. Lastly, the LSTNet model pretrained on FID
performs better for the voice modality compared to the ran-
domly initialized LSTNet model.

5.3.5 Transcribed speech

In this experiment, we assess the discriminative power of
transcribed speech for estimating personality traits. For a
fair comparison, the speech in both SIAP-Interview and FID
videos are automatically transcribed using Google’s Speech
to Text API [30] as indicated in Sect. 3.5. Next, the extracted
transcriptions are used for language processing. Since, SIAP-
Interview has recordings in two languages, i.e., English and
Turkish, multilingual embedding models are used in our
experiment (both for SIAP and FID).

As shown in Table 10, similar to the results of using
other modalities, the transcribed speech provides higher
MAEs on SIAP-Interview compared to FID. According to
our results on FID, the transcribed speech is the worst-
performing modality. This may be caused due to our pipeline
based approach to model the transcribed speech. Recall that
we use the Google’s service [30] to transcribe the speech
(automatically). On SIAP-Interview, transcribed speech per-
forms better than the body pose and the voice. As expected,
pretraining LSTNet on FID improves the accuracy on SIAP-
Interview.

5.4 Combined use of modalities

To assess the performance of combined use of modalities,
we combine different modalities using five different meth-
ods under three fusion categories as described in Sect. 3.6,
namely by early fusion (concatenation, modality attention,
and feature attention), hybrid fusion (CentralNet), and late
fusion (LSVR).

In fusion experiments onSIAP-Interview,we use themod-
els pretrained on FID for each modality, except the body
pose, because the pretraining mostly improves the results as
shown in Sect. 5.3. Body pose analysis on FID is not applica-
ble since videos display only the upper body. In early fusion
experiments that employ the concatenation method, com-
bined uses of all possible combinations of facial appearance,
action unit, body pose (only for SIAP-Interview), voice, and
transcribed speech modalities are evaluated and the best per-
forming set of modalities in terms of validation accuracy,
is selected automatically (see Table 11). In the remain-
der of fusion experiments, results are obtained using all
modalities (experiments on FID does not include body pose
modality). To obtain the modality-specific features, the fol-
lowing models are used: 3D-ResNext and CNN-GRU for
facial appearance, LSTNet for facial action units (AUs),
voice, transcribed speech, and body pose. For all fusion tech-
niques, weights/parameters of the modality-specific models
are kept frozen during the training of the fusion models due
to computational complexity of joint optimization. Except
the late fusion with LSVR, all fusion methods are optimized
with Adam. Quadratic optimization is employed for LSVR.
Learning rate scheduler with a factor of 0.8 and a patience of
10 epochs is applied for early fusion and hybrid fusion strate-
gies during optimization. Notice that the LSVR is trained on
the validation set since the individualmodalities have already
learned to regress the training data. The results of all fusion
experiments are presented in Table 11.
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Table 11 MAEs of Different Fusion Methods

Dataset Fusion Type Method AGR CON EXT NEU OPE AVG

FID Early Concatenationa 0.087 0.084 0.084 0.088 0.088 0.086

Modality Attn. 0.088 0.086 0.086 0.090 0.090 0.088

Feature Attn. 0.088 0.086 0.086 0.090 0.090 0.088

Hybrid CentralNet 0.091 0.086 0.086 0.091 0.090 0.089

Late LSVR 0.087 0.082 0.083 0.086 0.087 0.085

SIAP-Interview Early Concatenationb 0.142 0.126 0.169 0.164 0.180 0.156

Modality Attn. 0.141 0.135 0.165 0.160 0.174 0.155

Feature Attn. 0.143 0.123 0.158 0.157 0.183 0.153

Hybrid CentralNet 0.148 0.132 0.176 0.194 0.177 0.165

Late LSVR 0.154 0.135 0.180 0.190 0.187 0.169

Note: a Automatically selected modalities on FID: Facial Appearance (3D-ResNext) + Facial AUs + Transcribed Speech.
b Automatically selected modalities on SIAP-Interview: Facial Appearance (CNN-GRU) + Facial AUs + Transcribed Speech

Inspecting the results on FID in Table 11, one can-
not observe an enormous difference between the MAEs
of different fusion strategies. This may be due to the fact
that individual use of facial appearance with 3D-ResNext
performs much better than all other modalities on FID.
Remember that the second best performingmodality on FID,
namely facial appearance with CNN-GRU, provides a 12.9%
(relative) higher MAE. Utilization of LSVR and concate-
nation (with modality selection) increase the accuracy of
estimations considerably. Best performing fusion strategy on
FID is found to be the late fusion using LSVR model. LSVR
based fusion reduces the MAE of the best performing indi-
vidual modality (facial appearance using 3D-ResNext) by
3.4% (relative). This result may be due to the simplicity and
effectiveness of focusing solely on the score vectors, rather
than learning from the high-dimensional representations of
different modalities.

Although feature attention performs better than modality
attention for SIAP-Interview, its validation error is higher.
Therefore, modality attention should be considered as the
winningmethod in this case.Yet, none of the fusion strategies
on SIAP-Interview could reach the performance of solely
using facial action units (LSTNet; see Table 7).

Interestingly, hybrid fusion (CentralNet) cannot reach its
competitors. While late fusion performs best on FID, early
fusion using concatenation (with modality selection) pro-
vides the best results on SIAP-Interview. This suggest that
the structure of the dataset would easily influence the relia-
bility of fusion methods.

5.5 Relative importance of modalities in fusion

In this section, we systematically investigate how much con-
tribution is provided by each modality to the performance of
fusion. To this end, we combine all modalities except one of
them at a time, using early fusion with concatenation (with-

Table 12 Relative Importance Rates (%) for Different Modalities on
FID and SIAP-Interview

Target Modality AGR CON EXT NEU OPE AVG

Results on FID

Face (3D-ResNext) 13.6 23.1 18.0 11.6 12.7 15.7

Face (CNN-GRU) −1.9 −0.2 −1.7 −1.0 −1.7 −1.3

Facial AU 0.1 0.2 −0.2 −0.3 −0.1 −0.1

Voice 0.8 0.1 0.5 0.6 −0.4 0.3

T. speech 0.3 1.3 −0.1 −0.1 −0.2 0.3

Results on SIAP-Interview

Face (3D-ResNext) 3.9 −0.6 2.0 −3.8 −3.2 −0.6

Face (CNN-GRU) −1.3 −3.8 −0.2 −6.2 −11.5 −5.0

Facial AU −2.5 −7.2 −0.8 −3.5 −9.7 −4.9

Voice 4.8 −6.6 0.2 −5.4 −9.1 −3.6

T. speech 2.0 −4.2 −3.2 −2.8 −6.3 −3.1

Body pose 2.1 0.3 2.0 −3.0 −8.5 −1.9

Note: “Face” indicates facial appearance modality

out modality selection based on minimum validation error).
This procedure is repeated for each modality, where the cor-
responding/target modality is excluded from fusion. Let Eall

and Etarget denote the MAE of using all modalities and the
MAE of using all modalities except the target modality to be
evaluated, respectively. Then, the relative importance rate for
the target modality can be calculated as (Etarget − Eall)/Eall.

The relative importance rates of different modalities on
FID and SIAP-Interview, are reported in Table 12. While
the positive (high) values indicate that including the target
modality in fusion improves the performance of the model
(reducing the MAE), the negative (lower) importance rates
suggest that having the target modality in fusion causes a
performance drop.

According to the results, facial appearance (3D-ResNext)
contributes to fusion accuracy very highly on FID. Voice
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Table 13 MAEs of Different Methods on FID

Method Representation Fusion Type AGR CON EXT NEU OPE AVG

Proposed Facial appearance (ResNext + CNN-GRU),
Facial action units (LSTNet), Voice
(LSTNet), Transcribed speech (LSTNet)

Late 0.087 0.082 0.083 0.086 0.087 0.085

Kaya et al. (2017) [47]* Facial appearance (VGG-Face +
LGBP-TOP), Scene (VGG-VD19),
Voice (openSMILE)

Hybrid 0.086 0.080 0.079 0.085 0.083 0.083

Gurpinar et al. (2016) [39] Facial appearance (VGG-Face +
LGBP-TOP), Scene (VGG-VD19),
Voice (openSMILE)

Late 0.093 0.085 0.082 0.089 0.086 0.087

Wei et al. (2017) [83] Facial appearance (DAN+),
Voice (LSTM)

Late 0.087 0.083 0.087 0.090 0.088 0.087

Subramaniam et al. (2016) [76] Facial appearance (CNN),
Voice (pyAudioAnalysis)

Early 0.088 0.088 0.085 0.090 0.088 0.088

Gucluturk et al. (2017) [35] Facial appearance (ResNet-18),
Voice (ResNet-18), Transcribed
speech (Skip-thought Vectors)

Early 0.089 0.085 0.089 0.090 0.089 0.088

Bekhouche et al. (2017) [25] Facial appearance
(PML-BSIF + PML-LPQ)

Early 0.090 0.086 0.085 0.092 0.090 0.089

Gucluturk et al. (2016) [36] Facial appearance (ResNet-18),
Voice (ResNet-18)

Early 0.090 0.087 0.089 0.091 0.089 0.089

Wicaksana et al. (2017) [85] Facial appearance (wMEI + AU),
Transcribed speech (NLTK)

Late 0.103 0.120 0.113 0.115 0.110 0.112

Note: * denotes the combined use of training and validation sets for training

and transcribed speech modalities also have importance for
fusion, however, their importance levels account for only 2%
of that of the facial appearance using 3D-ResNext. Inter-
estingly, each of the modalities has a negative importance
on SIAP-Interview. Therefore, we can claim that either the
non-linear relations between representations extracted from
different modalities on SIAP-Interview are highly confus-
ing, or they have high levels of redundancy. On the other
hand, relative importance of the facial appearance modal-
ity using 3D-ResNext is clearly the highest one among other
modalities in fusion both on FID and SIAP-Interview. Yet, on
both datasets, the lowest relative importance is also observed
for the facial appearance modality, however, using CNN-
GRU. This may suggest that the facial representation learned
from 3D-ResNext displays a more compatible latent struc-
ture, yielding better interactions with other modalities in
fusion. Therefore, having only more compatible one of the
facial appearance representations in the fusionwould bemore
effective since there is a high level of feature redundancy
between them.

5.6 Comparison to other methods

In this section, we compare our best performing multimodal
model (with the minimum validation error) to eight recent
studies, which provides results on FID for apparent person-
ality estimation.MAEsof thesemethods andours are given in

Table 13, sorted in an ascending order based on their average
MAEs. As seen, our proposed method outperforms all meth-
ods except the state-of-the-art proposed by Kaya et al.[47].
Still, we provide comparable MAEs to those of [47]; average
MAE of our method is only 0.24% (absolute) higher. On the
other hand, it is important to note that while our method has
been trained solely on the training set (for consistency with
other studies), [47] includes the validation set in the training
set once the hyperparameters are optimized on the validation
set. In this way, they employ 33.3%more data samples in the
training.

5.7 Analysis of induced behavior

Assessment of personality traits from induced behavior is
another goal of this study.To this end, as described inSect. 4.1
we have recorded 60 subjects while they are watching short
video clips. This dataset in SIAP is referred to as SIAP-
Induction. Each of the aforementioned video clips target
inducing the behavioral cues of (at least) one of the five per-
sonality traits. For a detailed analysis of induced behavior, we
split SIAP-Induction into five subsets, each ofwhich includes
recordings during the elicitation by displaying video clips tar-
geting one of theBig Five traits. Each of these subsets has 180
recordings (60 participants× 3 unique video clips shown for
each trait). Consequently, we train and evaluate different uni-
modalmodels (facial appearance, facial AUs, and body pose)
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Table 14 MAEs for the
Individual Use of Facial
Appearance, Facial Action
Units, and Body Pose on
SIAP-Induction and on Its
Subsets

Modality Induction MAE

Subset AGR CON EXT NEU OPE AVG

Facial Appearance AGR 0.146 0.115 0.163 0.166 0.188 0.156

CON 0.150 0.124 0.158 0.172 0.191 0.159

EXT 0.145 0.119 0.164 0.171 0.174 0.155

NEU 0.160 0.126 0.172 0.161 0.172 0.158

OPE 0.150 0.120 0.164 0.173 0.179 0.157

AVG 0.150 0.121 0.164 0.169 0.181 0.157

ALL 0.149 0.118 0.165 0.164 0.181 0.155

Facial AUs AGR 0.145 0.139 0.175 0.167 0.181 0.161

CON 0.152 0.130 0.166 0.164 0.178 0.158

EXT 0.142 0.126 0.166 0.165 0.170 0.154

NEU 0.147 0.126 0.168 0.156 0.172 0.154

OPE 0.144 0.127 0.168 0.158 0.159 0.151

AVG 0.146 0.130 0.168 0.162 0.172 0.156

ALL 0.142 0.127 0.166 0.161 0.174 0.154

Body Pose AGR 0.147 0.143 0.177 0.174 0.183 0.165

CON 0.168 0.137 0.172 0.171 0.191 0.168

EXT 0.141 0.131 0.170 0.164 0.169 0.155

NEU 0.144 0.130 0.170 0.159 0.171 0.155

OPE 0.140 0.133 0.165 0.165 0.171 0.155

AVG 0.148 0.135 0.171 0.166 0.177 0.159

ALL 0.144 0.128 0.172 0.161 0.174 0.156

Note: Whole set of SIAP-Induction is denoted as “ALL”

on SIAP-Induction and on each of its five subsets to evalu-
ate the informativeness of induced behavior for estimating
personality traits. Notice that voice and transcribed speech
modalities are not included in SIAP-Induction. Besides, the
use of head pose & gaze modality is discarded in the current
evaluation due to its low accuracy in our previous experi-
ments. Similarly, basedon thefindings of earlier experiments,
3D-ResNext is used for modeling facial appearance while
LSTNet is used for modeling facial action units and body
pose. Training of each model on SIAP-Induction is initiated
using weights that are learned on FID.

As shown in Table 14, the best performing modality
is facial action units, followed by facial appearance in
SIAP-Induction. These results are in line with the ones on
SIAP-Interview. Therefore, we may claim that facial infor-
mation displays the most discriminative behavioral patterns
of different traits. When all the induction subsets are used
together, we observe a slight but consistent reduction in
MAEs of all modalities. This improvement seems to be due
to the increased number of training samples. In this way, a
large variety of behavioral patterns can be observed by the
models, allowing to develop higher generalization power.

With the use of SIAP-Induction subsets, we aim to explic-
itly elicit behavioral characteristics of a specific trait. Thus,
if the induction is successful, the lowest prediction error is
expected to be obtained on a trait-targeted subset when esti-
mating the level of that specific trait. To this end, for each
trait, we compare the MAEs obtained on different induction
subsets. As expected, with the use of any modality, estima-
tion of Neuroticism consistently obtains the lowest MAE
on the Neuroticism-targeted induction sets (compared to the
results on other subsets). Similarly, maximum accuracy is
achieved for the estimation of Openness and Extraversion
levels on their-targeted subsetswith the individual use of both
facial action units and body pose modalities. However, such
results cannot be obtained for Agreeableness and Conscien-
tiousness. To understand the reasons behind this, we analyze
the distributions of observed scores for different traits (see
Fig.7). Interestingly, the distributions of observed scores for
Agreeableness and Conscientiousness are quite imbalanced
(especially compared to those for Neuroticism, Openness,
and Extraversion). Consequently, the variances of observed
scores of Agreeableness and Conscientiousness are much
lower than those ofNeuroticism,Openness, andExtraversion
(see Table 3). Therefore, such unexpected results regarding
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Fig. 8 t-SNE visualization of FID (test set). Each point represents a data sample, where colors indicate the observed scores of traits

Fig. 9 Joint t-SNE visualization of SIAP-Interview and SIAP-Induction. Each point represents a data sample, where colors indicate the observed
scores in the first row, and self-assessed scores in the second row

Agreeableness and Conscientiousness are due to the imbal-
anced distribution of their observed scores, yielding biased
models (biased to the scores that are observed much more
frequently in the dataset). These findings may also be valid
for the results of SIAP-Interview (see Sect. 5.3). Further-
more, according to our results and findings, we can claim
that induced behavior can indeed exhibit characteristics of
personality traits.

5.8 Visual analysis of the latent representations

In this section, we visually analyze the latent structure of
the datasets used in our experiments. Since our results sug-
gest that facial information is the most powerful one for
personality analysis, we use facial features in our analy-
sis. Particularly, latent representations obtained from the
penultimate layers of facial appearance models, namely,
3D-ResNext, CNN-GRU, and facial action units (LSTNet)
model, are extracted and concatenated for samples in FID test
set, SIAP-Interview, and SIAP-Induction. For comparability,
the representations of samples in all of the aforemen-
tioned datasets, are extracted using the models trained on

FID. Dimensionality of the combined representation is then
reduced to 2D for visualization purposes. To this end, we
employ t-Distributed Stochastic Neighbor Embedding (t-
SNE) [58]. Notice that before applying t-SNE, Principal
Component Analysis (PCA) is employed as the first step,
to reduce the dimensionality maintaining 90% of the vari-
ance. Plots of the resulting 2D representations obtained from
t-SNE are used for our visual analysis.

As described in Sect. 4.1.4, SIAP includes several ses-
sions for each participant. Since t-SNE tends to cluster data
samples based on the identity of participants, we do not
treat each session (video) as a separate sample in the anal-
ysis. Instead, the representations obtained for all sessions
of each participant, are averaged to generate a single repre-
sentation. Consequently, we obtain 60 samples for each of
SIAP-Interview and SIAP-Induction. This procedure is not
applied to FID since its samples are of different subjects.

As shown in Fig. 8, FID (test set) samples are distributed
in away that the trait scores change smoothly. In other words,
the facial models learned on the training set of FID is able to
capture the ordinal transition of behavioral patterns based on
trait scores. When the latent structures of SIAP-Interview

123



Journal on Multimodal User Interfaces

Fig. 10 Joint t-SNE visualization of FID (test set), SIAP-Interview,
and SIAP-Induction. Each point represents a data sample, where colors
denote the corresponding dataset

and SIAP-Induction are analyzed jointly (see Fig. 9), we
observe that these datasets are mostly separated in the latent
space forming their own clusters. This finding, indicates
the existence of distinguishable differences between facial
behavioral patterns displayed during self-presentation and
during visual induction. In Fig. 9, while samples with simi-
lar observed scores are grouped together (in several clusters),
this is not the case for the self-assessed scores. In terms of
self-assessed scores, samples with very high and very low
trait levels are spread all over the latent space without a trend.
This shows the reliability and objectiveness of the expert
annotations for SIAP in contrast to the inconsistency of self-
assessed scores. Our findings also indicate that people may
become extremists during self evaluation. In line with the
literature [64], due to coupling of social desirability effects
(see Sect. 5.2) and extremity, more prominent differences
in Openness, Extraversion and Neuroticism are observed
between self-assessed and observed scores.

Lastly, we compare the sample distributions of FID (test
set), SIAP-Interview, and SIAP-Induction in the latent space.
As visualized in Fig. 10, samples of SIAP-Induction are clus-
tered closely, while SIAP-Interview and FID spread over
a large manifold. This shows that the variability of facial
expressions (or inner facial movements) displayed during
self-presentations are much higher than that of induced
behavior. Moreover, it is clear that behavioral characteristics
of FID and SIAP-Interview samples resemble each other.
Yet, samples of SIAP-Induction are tightly located on the
boundary of the data manifold, suggesting that facial pat-
terns of induced behavior are mostly different from those of
self-presentations (SIAP-Interview and FID).

6 Conclusion

In this study, we have developed and presented spatio-
temporal models that automatically assess the level of the
Big Five personality traits (i.e., Agreeableness, Conscien-
tiousness, Extraversion, Neuroticism, and Openness), from

different behavioral modalities such as facial appearance,
facial action units, head pose & gaze, body pose, voice, and
transcribed speech. State-of-the-art deep architectures have
beenutilized to this end. For a detailed analysis of personality,
we have collected Self-presentation and Induced Behavior
Archive for Personality Analysis (SIAP) that consists of
speech and induced behavior recordings of 60 participants.
Each session in the dataset has three recordings acquired from
frontal, right-front side, and left-rear side cameras. In addi-
tion, SIAP includes both self-assessed and observed scores
for each of the Big Five personality traits.

Using the developed methods, we have systematically
evaluated the discriminative power of the aforementioned
modalities for the assessment of personality on two dif-
ferent datasets, namely on SIAP and ChaLearn LAP First
Impressions (FID) datasets. In our experiments, face-related
modalities have been found to be the most reliable ones
for personality analysis. The best performing combinations
of behavioral modalities have also been analyzed through
various fusion strategies. As well as providing baseline
results on Self-presentation and Induced Behavior Archive
for Personality Analysis, we obtain comparable results to the
state-of-the-art on FID. Based on our extensive experiments,
we present new findings such that: (1) Induced behavior can
display cues of personality; (2) People tend to express them-
selves as more socially desirable in their self-reports, when
compared with the observed ones; (3) Visual modalities can
be more effective than audio or speech in personality anal-
ysis, yet, fusion of these modalities can further improve the
reliability of predictions.
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Ms. Merve Nur Doğanlı and Prof. Gül Günaydin for their contributions
to this study.

Funding Not applicable.

Data Availability Statement The collected SIAP dataset will be made
available for research purposes upon requests with a signed EULA.

Compliance with ethical standards

Conflict of interest The authors have no conflict of interest.

Ethical approval The current study received the required ethical
approval from the Ethics Committee of the university. Each partici-
pant of the experiment was informed about the procedure, and signed a
consent form.

References

1. Abadi MK, Correa JAM,Wache J, Yang H, Patras I, Sebe N (2015)
Inference of personality traits and affect schedule by analysis of
spontaneous reactions to affective videos. In: 2015 11th IEEE inter-
national conference and workshops on automatic face and gesture

123



Journal on Multimodal User Interfaces

recognition (FG), Ljubljana, pp 1–8. https://doi.org/10.1109/FG.
2015.7163100

2. Abele AE, Wojciszke B (2007) Agency and communion from the
perspective of self versus others. J Pers Soc Psychol 93(5):751

3. Alam F, Riccardi G (2014) Predicting personality traits using mul-
timodal information. In: Proceedings of the 2014ACMmultimedia
on workshop on computational personality recognition, pp 15–18

4. Alam F, Stepanov EA, Riccardi G (2013) Personality traits recog-
nition on social network-facebook. In: International AAAI confer-
ence on weblogs and social media

5. Almaev TR, Valstar MF (2013) Local Gabor binary patterns from
three orthogonal planes for automatic facial expression recognition.
In: Humaine association conference on affective computing and
intelligent interaction, pp 356–361. IEEE

6. Aran O, Gatica-Perez D (2013) Cross-domain personality predic-
tion: from video blogs to small group meetings. In: Proceedings of
the 15th ACM on international conference on multimodal interac-
tion, pp 127–130

7. Ashton MC, Lee K (2007) Empirical, theoretical, and practical
advantages of the Hexaco model of personality structure. Person-
ality Soc Psychol Rev 11(2):150–166

8. Baltrusaitis T, Zadeh A, Lim YC, Morency LP (2018) Openface
2.0: facial behavior analysis toolkit. In: Proceedings of the 13th
IEEE international conference on automatic face & gesture recog-
nition (FG 2018), pp 59–66. IEEE

9. Bartko JJ (1966) The intraclass correlation coefficient as a measure
of reliability. Psychol Rep 19(1):3–11

10. Biel JI, Aran O, Gatica-Perez D (2011) You are known by how you
vlog: personality impressions and nonverbal behavior in youtube.
In: Fifth international AAAI conference on weblogs and social
media

11. Biel JI, Gatica-Perez D (2012) The youtube lens: crowdsourced
personality impressions and audiovisual analysis of vlogs. IEEE
Trans Multimedia 15(1):41–55

12. BoyetteLL,Korver-NiebergN,MeijerC, deHaanL (2014)Genetic
risk and outcome of psychosis investigators: quality of life in
patients with psychotic disorders: impact of symptoms, person-
ality, and attachment. J Nerv Ment Dis 202(1):64–69

13. Boyette LL, Korver-Nieberg N, Verweij K, Meijer C, Dingemans
P, Cahn W, de Haan L, Kahn R, de Haan L, van Os J, Wiersma D,
BruggemanR,CahnW,MeijerC,Myin-Germeys I (2013)Associa-
tions between the five-factor model personality traits and psychotic
experiences in patients with psychotic disorders, their siblings and
controls. Psychiatry Res 210(2):491–497

14. Bromet E, Andrade LH, Hwang I, Sampson NA, Alonso J, De
Girolamo G, De Graaf R, Demyttenaere K, Hu C, Iwata N, Karam
A, Kaur J, Kostyuchenko S, Lépine JP, Levinson D, Matschinger
H, Mora M, Browne M, Posada-Villa J, Viana M, Williams D,
Kessler R (2011) Cross-national epidemiology of DSM-IV major
depressive episode. BMC Med 9(1):90

15. Butcher JN, Graham JR, Williams CL, Ben-Porath YS (1990)
Development and use of the MMPI-2 content scales. University
of Minnesota Press, Minneapolis

16. Cao Z, Simon T, Wei SE, Sheikh Y (2017) Realtime multi-person
2D pose estimation using part affinity fields. In: Proceedings of the
IEEE conference on computer vision and pattern recognition, pp
7291–7299

17. Celiktutan O, Gunes H (2014) Continuous prediction of perceived
traits and social dimensions in space and time. In: 2014 IEEE inter-
national conference on image processing (ICIP), pp 4196–4200.
IEEE

18. CeliktutanO,GunesH (2015)Automatic prediction of impressions
in time and across varying context: personality, attractiveness and
likeability. IEEE Trans Affect Comput 8(1):29–42

19. Chandrashekar P (2018) Do mental health mobile apps work: evi-
dence and recommendations for designing high-efficacy mental
health mobile apps. Mhealth 4:6

20. ComptonMT,BakemanR,AlolayanY,Balducci PM,Bernardini F,
Broussard B, Crisafio A, Cristofaro S, Amar P, Johnson S,Wan CR
(2015) Personality domains, duration of untreated psychosis, func-
tioning, and symptomseverity infirst-episode psychosis. Schizophr
Res 168(1–2):113–119

21. Corr PJ, Matthews G (2009) The Cambridge handbook of person-
ality psychology. Cambridge University Press, New York

22. Costa PT Jr, Terracciano A,McCrae RR (2001) Gender differences
in personality traits across cultures: robust and surprising findings.
J Pers Soc Psychol 81(2):322

23. Cucurull G, Rodríguez P, Yazici VO, Gonfaus JM, Roca FX,
Gonzàlez J (2018) Deep inference of personality traits by inte-
grating image and word use in social networks. arXiv preprint
arXiv:1802.06757

24. Devlin J, ChangMW,LeeK, ToutanovaK (2018)Bert: pre-training
of deep bidirectional transformers for language understanding.
arXiv preprint arXiv:1810.04805

25. Eddine Bekhouche S, Dornaika F, OuafiA, Taleb-AhmedA (2017)
Personality traits and job candidate screening via analyzing facial
videos. In: Proceedings of the IEEE conference on computer vision
and pattern recognition workshops, pp 10–13

26. Escalante HJ, Kaya H, Salah AA, Escalera S, Güç Y, Güçlü U,
Baró X, Guyon I, Jacques JCS, Madadi M, Ayache S, Viegas E,
Gurpinar F, Wicaksana AS, Liem C, Van Gerven MA, Van Lier R
(2020)Modeling, recognizing, and explaining apparent personality
from videos. IEEE Trans Affect Comput. https://doi.org/10.1109/
TAFFC.2020.2973984

27. Fan Y, Lu X, Li D, Liu Y (2016) Video-based emotion recognition
using CNN-RNN and C3D hybrid networks. In: Proceedings of the
18th ACM international conference on multimodal interaction, pp
445–450. ACM

28. Farnadi G, Sushmita S, Sitaraman G, Ton N, De Cock M, Dava-
los S (2014) A multivariate regression approach to personality
impression recognition of vloggers. In: Proceedings of the ACM
multimedia workshop on computational personality recognition,
pp 1–6

29. Feingold A (1994) Gender differences in personality: a meta-
analysis. Psychol Bull 116(3):429

30. Google cloud speech-to-text. https://cloud.google.com/speech-to-
text. Accessed 2019-09-15

31. GiannakopoulosT (2015) pyaudioanalysis:Anopen-source python
library for audio signal analysis. PloS ONE 10(12):e0144610

32. Goldberg LR (1990) An alternative“ description of personality”:
the big-five factor structure. J Pers Soc Psychol 59(6):1216

33. Gosling SD, Rentfrow PJ, Swann WB Jr (2003) A very brief mea-
sure of the big-five personality domains. J Res Pers 37(6):504–528

34. Graziano WG, Eisenberg N (1997) Agreeableness: a dimension of
personality. In: Handbook of personality psychology, pp 795–824.
Elsevier

35. Güçlütürk Y, Güçlü U, Baro X, Escalante HJ, Guyon I, Escalera S,
Van Gerven MA, Van Lier R (2017) Multimodal first impression
analysis with deep residual networks. IEEE Trans Affect Comput
9(3):316–329

36. Güçlütürk Y, Güçlü U, van Gerven MA, van Lier R (2016) Deep
impression: audiovisual deep residual networks for multimodal
apparent personality trait recognition. In: European conference on
computer vision, pp 349–358. Springer

37. Guntuku SC, Qiu L, Roy S, Lin W, Jakhetiya V (2015) Do others
perceive you as you want them to? modeling personality based on
selfies. In: Proceedings of the 1st international workshop on affect
& sentiment in multimedia, pp 21–26

123

https://doi.org/10.1109/FG.2015.7163100
https://doi.org/10.1109/FG.2015.7163100
http://arxiv.org/abs/1802.06757
http://arxiv.org/abs/1810.04805
https://doi.org/10.1109/TAFFC.2020.2973984
https://doi.org/10.1109/TAFFC.2020.2973984
https://cloud.google.com/speech-to-text
https://cloud.google.com/speech-to-text


Journal on Multimodal User Interfaces

38. Gürpınar F, Kaya H, Salah AA (2016) Combining deep facial and
ambient features for first impression estimation. In: European Con-
ference on Computer Vision, pp. 372–385. Springer

39. Gürpinar F, Kaya H, Salah AA (2016) Multimodal fusion of audio,
scene, and face features for first impression estimation. In: Proceed-
ings of the international conference on pattern recognition (ICPR),
pp 43–48. IEEE

40. Hara K, Kataoka H, Satoh Y (2018) Can spatiotemporal 3D CNNS
retrace the history of 2D CNNS and imagenet? In: Proceedings of
the IEEE conference on computer vision and pattern recognition
(CVPR), pp 6546–6555

41. Hasan A (2013) The Turkish adaptation of the ten-item personality
inventory. Nöro Psikiyatri Arşivi 50(4):312
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