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Abstract—Prior research indicates that users prefer assistive
technologies whose personalities align with their own. This has
sparked interest in automatic personality perception (APP),
which aims to predict an individual’s perceived personality traits.
Previous studies in APP have treated personalities as static
traits, independent of context. However, perceived personalities
can vary by context and situation as shown in psychological
research. In this study, we investigate the relationship between
conversational speech and perceived personality for participants
engaged in two work situations (a neutral interview and a
stressful client interaction). Our key findings are: 1) perceived
personalities differ significantly across interactions, 2) loudness,
sound level, and spectral flux features are indicative of perceived
extraversion, agreeableness, conscientiousness, and openness in
neutral interactions, while neuroticism correlates with these
features in stressful contexts, 3) handcrafted acoustic features and
non-verbal features outperform speaker embeddings in inference
of perceived personality, and 4) stressful interactions are more
predictive of neuroticism, aligning with existing psychological
research.

Index Terms—apparent personality perception, computational
paralinguistics

I. INTRODUCTION

ODELING human personality is fundamental to the
development of affective computing systems capable
of personalized interactions. Recent user studies have found
that users are more engaged with and have greater trust
in assistive technologies that reflect or adapt to their own
personalities, thereby demonstrating the value of personality-
aware systems [1]], [2]], [3]. Consequently, there is a growing
field of research on automatic personality perception (APP),
the task of inferring one’s personality as perceived by exter-
nal judges. Unlike automatic personality recognition (APR),
which focuses on inferring self-reported personality traits, APP
captures perceived personality and better reflects the cues that
affective computing systems are designed to interpret.
Describing an individual’s personality is a complex task.
The Five-Factor Model of Personality (Big-5) is a widely
accepted description of personality traits in five dimensions:
Extraversion, Agreeableness , Conscientiousness, Neuroticism
, and Openness to Experience [4]. A number of previous works
have leveraged this description of personality to infer traits
using modalities such as speech [5], [6]], facial expressions [7]],
body language [8], and physiological signals [9]]. The APP task
is not new, as there exists a body of personality computing
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works [10]; however, existing works have mainly utilized
datasets in which subjects are annotated in a single context.
For instance, in the widely used Speaker Personality Corpus
[S]], [[L1]], individuals are rated solely based on their behaviors
in news broadcasts. Thus, analyses from these datasets assume
that personalities are static and independent of external factors.

On the other hand, psychology and organizational behavior
researchers have long recognized that personality expression
can be situation dependent [12[], [13]], [14]. Experts in these
fields have spent decades researching and debating the sta-
bility of traits across roles and environments as seen in the
personality-situation debate. While researchers have since gen-
erally acknowledged an interactionist view in which both an
individual’s traits and the given situation influence expression
of personality through behavior, affective computing models
often lack mechanisms to adjust for context [13[], [14]].

Despite the importance of studying personality in relation
to situational context, computational analyses of personality
across situations remain limited. Addressing this gap, we
utilize the UbImpressed dataset in which participants engaged
in both job-related neutral and stressful conversations and
received personality ratings for both interactions [15]. Given
the conversational nature of this dataset, we aim to pose
the question: 7o what extent do conversational features (e.g.,
speech, non-verbal cues) explain perceived personality dimen-
sions across varying contexts? To answer this, we investigate
the following research questions (RQ):

RQ1 Is there a significant difference in annotations of
perceived personality of the same participants across two job-
related conversation scenarios?

RQ2 How does the relationship between perceived person-
ality and conversational features vary across contexts?

RQ3 How do conversational features from different inter-
actions differ in their inference of perceived personality?

To our knowledge, while other researchers have studied
constructs such as job performance on the two situations in
this dataset, ours is the first to investigate perceived personality
across two different situations in this dataset [16]], [[17].

The paper is structured as follows: section [II| discusses
relevant work in affective computing and psychology, section
[T] describes the dataset, section[[V]discusses the methodology
for three analyses performed to study the research questions,
section [V] presents results of each analysis, and section
concludes the paper.



II. RELATED WORK
A. Contextual Variability in Expression of Personality Traits

Researchers in psychology have long discussed the extent
to which personality traits versus situational factors play a role
in shaping behavior as demonstrated by the person-situation
debate [[12]. Proponents of the “person” perspective argue that
individuals exhibit behaviors relatively similar to themselves
and distinct from others, suggesting that underlying personality
traits drive these behavioral patterns. In contrast, advocates
from the “situation” perspective found that individuals’ be-
haviors are relatively inconsistent across time and situation,
arguing that personality traits do not exist and behaviors
are influenced by the situation more than the individual’s
disposition [[18]].

While many resolutions have been proposed, a synthe-
sis resolution acknowledging that both personality traits and
situational factors influence expressed behavior is generally
accepted [13], [14], [18]. With respect to an individual’s
behavior over long periods of time, traits predict behavior
well and explain differences in behavior between people. With
respect to momentary behavior, an individual’s behavior is
variable and traits may not strongly describe behaviors [19].
Thus, both perspectives are necessary for a full understanding
of personality. However, existing affective computing works
in inferring personality have mainly focused on personality
as a static trait while psychology research has shown that
situational factors also influence expressed personality. For
more comprehensive computing solutions to infer personality,
the situation in which the solution is employed also needs to
be taken into consideration.

B. Explaining Contextual Variability in Personality Within
Job-Related Settings

Two theories have been proposed to explain variations in
personality-related responses across job-relevant contexts: the
situation strength principle [20] and trait activation theory
(TAT) [21]. The situation strength principle proposes that
strong situations, defined as environments in which rules,
structures or cues provide clear guidance on an individual’s
expected behavior, restrict expression of personality. Mean-
while, weak situations, in which there are fewer cues regarding
expected behavior, allow for greater expression of personality
[20], [22]. Complementing this theory, TAT states that individ-
uals express specific traits when situations offer opportunities
for a specific trait to be expressed. For instance, an individual
with high extraversion may exhibit higher extroverted behavior
when working in a sales role involving customer interaction.

Complementary to research around dimensions of personal-
ity, recent psychological research has given rise to frameworks,
such as DIAMONDS [23]] and CAPTIONS [24], that charac-
terize situations along a set of dimensions (e.g., complexity
- does the situation require deep thinking?). Furthermore,
dimensions of situations have been found to correlate with
dimensions of Big-5 personality. For instance, pleasant situa-
tions are positively correlated with extraversion, agreeability,
and openness, thereby suggesting that individuals engage in
more prosocial behaviors in positive situations [23]], [24]].

This body of psychological work illustrates the significance
of studying personality within its situational context. Empirical
findings show that contextualized personality measures tai-
lored to specific environments yield higher predictive validity
than generalized measures. For instance, Shaffer et al. [25]]
found that conscientiousness more strongly predicts perfor-
mance in routine jobs, while its predictive power decreases
in roles requiring higher levels of cognitive ability. Additional
studies have shown similar findings that contextualized per-
sonality measures outperform non-contextualized personality
measures in the inference of work-related creative problem
solving [26], as well as job satisfaction and frustration [27].

Together, these findings motivate the need for computational
approaches that account for situational variability when infer-
ring personality, especially in job-related interactions.

C. Automatic Personality Perception using Speech

As speech signals encode rich information in addition to
the spoken content itself, speech is a promising modality
for the APP task. For instance, the 2012 INTERSPEECH
Speaker Trait Challenge [L1] resulted in a body of different
approaches towards personality inference using speech ranging
from low-level acoustic descriptors to spectrum analysis [28]],
[29]. More recent works showed that short utterance filler
words [30] and dictionary learning of spectrograms [31] can
be used to classify speaker’s personality traits. However, prior
works utilize datasets in which only one set of personality
annotations was collected per participant, whether the data
came from crowd-sourced monologue interview responses [0],
[32], clips of video blogs from YouTube [33[], [34], [35], or
speech from news clips [3], [LL], [28], [29] Therefore, these
analyses assume that personalities are static and independent
of spoken context.

In one of the few works that studies the relationship between
variation in speech task and personality, Guidi et al. [36]
showed that significant correlations between speech features
and personality traits vary when reading neutral texts versus
commenting on thematic apperception test images. Addition-
ally, there are works that analyze personality and behavioral
dimensions of speakers specifically in job interview settings
[6], [32], [37]. However, these studies do not compare the
speech or perceived personalities of the participants to their
behaviors and personalities in other situations.

III. DATASET

We use the UbImpressed dataset, as it is the only dataset to
our knowledge to contain personality annotations for the same
participants across two different conversation scenarios [15].
Students at a hospitality school participated in a behavioral
training program consisting of two lab sessions with perfor-
mance feedback provided by professionals in human resources
following the first lab session. Within each lab session, each
student engaged in two dyadic role-play scenarios:

1) Employment interview: In this conversation, the stu-
dent played the role of a mock applicant for a hospitality
internship and a research assistant played the role of the
interviewer. The interviewer asked the student questions
regarding their motivation for a career in hospitality



TABLE I
INTRA-CLASS CORRELATION FOR PERCEIVED PERSONALITIES AND

STRESS.

Session Scenario 1CC(2k)

Extra | Agree | Consc | Neuro | Open | Stress
1 Interview 0.65 0.54 0.59 0.51 0.48 0.74
Desk 0.62 0.72 0.69 0.56 0.33 0.63
5 Interview 0.66 0.50 0.56 0.45 0.37 0.54
Desk 0.77 0.58 0.59 0.37 0.58 0.45

and previous experiences. While job interviews can be
stressful, this interview aimed to help students practice
and did not carry the same weight as real interviews.
We refer to this scenario as the interview scenario.

2) Hotel reception desk interaction with an unsatisfied
customer: In this interaction, a research assistant played
the role of a hotel client unsatisfied with charges on
their bill and in a rush to resolve them. The student
played the role of a receptionist working at the hotel
front desk addressing the customer’s complaints. The
data collection protocol was designed such that this
interaction was more hostile and thus more stressful for
the student compared to the interview. The increased
stress of this interaction is empirically verified in our
analysis of annotations as will be shown in section
We refer to this scenario as the desk scenario.

The dataset contains a total of 338 interactions evenly split
between interview and desk interactions. The average duration
of the interview interaction was 7.6 minutes and of the desk
interaction was 4.6 minutes. 100 participants participated in
the first lab session, and 69 participants returned to complete
the second lab session. In this paper, scenario corresponds to
the the interview or desk interaction and session corresponds
to the first (1) or second (2) lab session of an interaction.

Perceived personality of participants was manually anno-
tated for impressions of Big-5 personality traits and stress
in both the interview and desk interaction. The interview and
desk interactions were annotated by five and three independent
annotators respectively. All annotators were Master’s students
in the same psychology program, thus providing a shared
background for the annotation task. Each participant received
a score on a scale of 1 to 7 for each dimension of person-
ality and stress. Table [ summarizes the agreement between
raters, as assessed using the standard Intraclass Correlation
Coefficient (ICC) measure of inter-rater reliability [38]. The
agreement between all raters for most traits was greater than
0.5, indicating moderate reliability. For full details on data
collection and annotation procedures, we refer to [L15], [39].

IV. METHODS AND EXPERIMENTAL SETUP
A. Annotation Comparison across Conversations

To understand whether perceived personality differs across
conversations (RQ1), we analyze the distribution of annota-
tions across the inferview and desk scenarios and the first
and second sessions of each interaction. We employ the two-
sample Kolmogorov-Smirnov (KS) test for goodness of fit
where the null hypothesis states that the underlying continuous
distributions F'(x) and G(z) of two independent samples are
identical for all x [40]. We first use the two-sample KS

test to compare the distributions of participants’ perceived
stress across different scenarios and sessions to verify that
the two interaction scenarios in the UbImpressed dataset are
significantly different in order to validate the use of the
UbImpressed dataset to study our research questions. Then,
we use the two-sample KS test to compare the distribution of
perceived personality across different scenarios and sessions
to answer RQ1.

B. Feature Extraction and Selection

We diarize each conversation and retain only the audio
segments corresponding to speech from the students who
played the role of the job applicant and hotel receptionist.
From each student’s speech, we set to extract features that
have been shown to vary with a speaker’s emotional state and
influenced by personality traits [41l]. Consequently, we choose
features previously validated for speech emotion recognition
and investigate their potential to infer personality. Specifically,
we extract three sets of features: (1) eGeMAPS features, (2)
speaker embeddings, and (3) non-verbal features.

eGeMAPS [42] features are a set of acoustic features
commonly used for speech-based affective computing using
the openSMILE toolkit [43]]. It contains 88 features that
capture frequency, energy, amplitude, and spectral parameters
initially hand-crafted for speech emotion recognition.

Speaker embeddings are fixed-dimensional representations
of speech, such as x-vectors [44], that encode speaker identity.
ECAPA-TDNN vectors [45] further improve upon the time-
delay neural network architecture from which x-vectors are
extracted, and Ulgen et al. [46] showed that intra-speaker
ECAPA-TDNN embedding clusters reveal emotion states.
Thus, we focus on 512-dimensional ECAPA-TDNN vectors
extracted via the Pyannote toolkit [47].

Non-verbal features include audio and visual cues se-
lected for their relevance in existing literature in psychology
and social computing spanning five categories for a total of
75 features previously extracted in the UbImpressed dataset
[15]. The categories include: speaking activity features (21
dimensions), prosody features (30 dimensions), head nods
(8 dimensions), visual back-channeling (6 dimensions) and
overall visual motion features (10 dimensions).

For the eGeMAPS and speaker embedding features, we ex-
tract one feature vector from each student’s turn (i.e. utterance)
within each scenario and session. We explore aggregation of
the utterance-level features via a median and a mean operation
such that each dimension of the feature vector is represented
by the median or mean of the feature dimension across all of
the participant’s utterances in a specific conversation. Through
this aggregation, for a given scenario and session, there is only
one feature vector per participant. We found that personal-
ity inference using the median feature vector representation
outperformed the alternatives (mean feature vector and one
feature vector per utterance) and focus on methods and results
obtained using the median feature vector onward.

On the other hand, the non-verbal feature set already
includes aggregated statistics of non-verbal features over the
participant’s entire interaction within a scenario and session.
Therefore, there is only one feature vector extracted for each
participant per interaction, and we use the feature vector as is.
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Fig. 1. (RQI1) Comparing distribution of perceived personality scores between: (a) interview and desk scenario of first lab session, (b) interview and desk
scenario of second lab session, (c) interview scenario of first and second lab sessions, and (d) desk scenario of first and second lab sessions.

Lastly, for each feature set, we select a subset of features
using the Pearson Correlation Coefficient (PCC). The PCC
measures the strength of the linear relationship between two
continuous variables. We assume that relevant information is
contained in features significantly correlated with perceived
personality scores and select features with p < 0.05 (RQ2).

C. Experimental Setup for Inference of Perceived Personality

We formulate the inference of perceived personality from
speech signals as a regression task (RQ3). To compare per-
sonality inference across conversations, we do not discretize
personality scores into “high” and “low” categories relative to
mean or median annotations of the conversation.

1) Conversation-Specific Inference: First, we aim to infer
perceived personality on a specific conversation scenario and
session to understand how feature selection impacts perfor-
mance. We perform feature selection via the method described
in section [[V-B] using data from the complementary session
of the same scenario. For instance, to build and evaluate a
system to infer perceived personality on the first interview
session, we perform feature selection using data from the
second interview session so that no data from the test set
influences the feature selection process. Then, we train a
Random Forest (RF) Regressor with 100 trees to infer a score
for each personality dimension using one of the three feature
sets or a subset of the feature sets. We evaluate all regressors
using the coefficient of determination R?, which reports the
amount of total variance explained by the model, and the
PCC between the predicted and observed personality scores
in a 10-fold cross validation scheme. As each feature vector
corresponds to one participant, each evaluation fold consists of
speakers unseen in the training process. Thus, the evaluation

is speaker independent. We obtain confidence intervals by
bootstrapping the evaluation set 100 times for each iteration
of evaluation.

2) Inference across Scenarios and Sessions: To understand
the generalization of personality regression across different
scenarios within the same set of participants, we build a RF
regressor trained on data from one scenario (e.g. interview 1)
and evaluate the regressor using data from the complementary
scenario of the same session (e.g. desk I). We perform
feature selection using the same method as in sections [[V-B
and Then, to understand how a trained RF regressor
generalizes across conversation instances of the same scenario
within a set of participants, we build a regressor trained on
data from one session (e.g. interview 1) and evaluate the
regressor using data from the complementary session of the
same scenario (e.g. interview 2). In this setup, we perform
feature selection using the training dataset.

V. RESULTS AND ANALYSIS
A. Annotation Comparison Results and Analysis

As shown in Figure [T} with a p-value threshold of 0.05,
we reject the null hypothesis of the two-sample KS test
in favor of the alternative hypothesis when comparing all
personality dimensions and stress scores across interview and
desk scenarios. In contrast, we fail to reject the null hypothesis
when comparing personality dimensions and stress across the
first and second sessions of the interview or desk scenario,
with the exception of agreement in the desk scenario. First,
this analysis shows that participants are perceived to exhibit
statistically significant higher stress in the client interaction
(mean stress = 4.06) compared to the interview (mean stress =



3.82) and validates the suitability of the UbImpressed dataset
to study our research questions.

Overall, this analysis shows that perceived personality dif-
fers significantly between the neutral interview and stressful
client interaction for the same participants (RQ1). In the inter-
view scenario, participants were perceived as more agreeable
(mean = 5.81 in interview vs. 3.53 in desk) and open (mean
= 4.52 in interview vs. 4.19 in desk), and less neurotic (mean
= 2.92 in interview vs. 4.11 in desk), which agrees with
psychology studies on dimensions of situations discussed in
section These studies found that positive situations are
positively correlated with agreement and openness [23]], [24],
which aligns with the inferview scenario that was designed
to allow students to practice for future interviews and was
therefore more relaxed and decontracted compared to the
desk interaction. This observation also aligns with TAT, which
suggests that stressful situations can trigger the expression of
neuroticism and make it more observable, leading to higher
perceived neuroticism in the client interaction.

B. Correlation Analysis Results and Analysis

TABLE 11
(RQ2) CORRELATION OF SELECT EGEMAPS AND NON-VERBAL
FEATURES WITH PERSONALITY. T p < 0.01; * p < 0.05.

Feature Scenario Extra | Agree Consc Neuro Open
equivalent Int. 1 0527 | 0437 | 0317 | -008 | 0417
Sound Int. 2 0417 | 034" | 0377 | 027" | 027
Level (dB) Desk 1 0.09 | 041t 0.04 | -036" | 0.19
(eGeMAPS) Desk2 | 021 | 049° 0.15 | -027° | 007
spectral FluxV- Int. 1 0517 | 0407 | 024 -0.07 | 0397
sma3nz- Int. 2 046" | 031" | 033" -0.21 0.29"
amean Desk 1 | 006 | 044" | 008 | -042" | 023
(€GeMAPS) | pesk2 | 0.8 | 046" | 015 | 037" | 007
# pauses Int. 1 0.18 | 023" 0.16 20.07 | -027
se: > ¢
<1 second Int. 2 0.31 0.22 0.04 013 | 038
(non-verbal) Desk 1 | -0.12 | 023 -0.03 | -027 0.24
Desk2 | 0.07 0.15 0.07 -0.02 0.02
Int. 1 0427 [ 025" | 0247 | -006 | 0317
Count f 1001 | 007 | 007 | 0297
Heod Nods Int. 2 0.4 } -0. -0.07 .
(non-verbal) Desk 1 0.25f 0.07 0.10 | -024" | 008
Desk 2 | 0.39 0.22 0.04 | -0.30" 0.09

Select results of the correlation between each participant’s
median eGeMAPS feature vector and non-verbal feature vec-
tor, and personality dimensions are presented in Table
(RQ2). While we also compute the correlation between each
dimension of the speaker embedding and personality, speaker
embeddings are not interpretable in the manner eGeMAPS and
non-verbal features are; therefore, we omit the results from the
table. The complete correlation matrix for all feature sets can
be found herd'|

For both sessions, there are stronger correlations between
eGeMAPS and nonverbal features and personality in the
interview scenario for all personality dimensions except neu-
roticism, in which the correlation between neuroticism and
features is stronger in the desk scenario. Additionally, we
observe an inverse correlation between neuroticism and fea-
tures compared to the correlation of the other four personality
dimensions. We hypothesize this is because out of the five
personality dimensions, neuroticism is the only dimension
associated with negative emotions such as anxiety, and prior

Thttps://osf.io/8vztd/?view_only=57e6b2ae1602457a89bf9472889a4d64

research has shown that anxiety introduces irregularities in the
produced speech and nonverbal behaviors compared to positive
or neutral speech [48]], [49].

For eGeMAPS features, we observe a common subset of
features that are significantly correlated with all personal-
ity dimensions except neuroticism in the inferview scenario.
Energy- (loudness and equivalent sound level) and spectral-
(spectral flux) related features are all correlated with perceived
extraversion, agreement, conscientiousness, and openness in
the interview. In contrast, the correlation is significant between
this subset of features and neuroticism only in the desk
scenario. These results indicate that the correlation between
speech features and neuroticism is more pronounced in stress-
ful contexts. Interestingly, significant correlations between this
subset of speech features and agreement exist in both the
interview and desk interaction, suggesting that this trait may
be more consistently expressed across contexts.

For non-verbal features, we generally observe that features
related to speech energy, voicing rate, and head nods are
positively correlated with all personality dimensions except
neuroticism in the interview scenario. In the desk scenario,
we observe positive correlations between features related to
speaking activity, number of pauses, and speech energy, and
agreement. On the other hand, this set of non-verbal features
is negatively correlated with neuroticism in the desk inter-
action. Interestingly, the observed negative correlations be-
tween speech pauses and neuroticism differ from psychology
research that found longer and more frequent speech pauses
in the public speaking of anxious individuals [50], [51]].

C. Inference of Perceived Personality Results

1) Conversation-Specific Perceived Personality: We ob-
serve that the RF regressor contains some predictive power
for all personality dimensions using all three feature sets
as seen in Table Generally, eGeMAPS and non-verbal
features outperform speaker embedding features, with non-
verbal features explaining a maximum 37% of the variance
for the extraversion dimension. Our eGeMAPS results are
comparable to the results obtained by Barchi et al. who
report R? values between 0.12 and 0.22 for each personality
dimension using eGeMAPS features and a dataset of YouTube
videos [33]. To the best of our knowledge, there are no
comparable works on personality regression using non-verbal
and speaker embedding features. Closest similar works come
from Luo et al. [52] who use x-vectors and a support vector
regressor to infer neuroticism scores in healthy and depressed
speech, achieving a R? of 0.22 and r of 0.49, and from
Mawalim et al. [53]] who use x-vectors and non-verbal cues
to perform binary classification of personality dimensions.

Our regressor performs comparably with and without feature
selection, showing that a subset of features can have as
much predictive power as the entire feature set. Addition-
ally, across both sessions and all feature sets, we observe
that the desk dataset is better for inference of neuroticism
and that the inferview dataset is better for inference of the
other four personality dimensions. These results align with
the correlation results presented in section and also
psychological research on the inference of personality from
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TABLE II

I

(RQ3) REGRESSION RESULTS FOR PREDICTING PERSONALITY DIMENSIONS WITHIN A GIVEN SCENARIO AND SESSION. WHERE THE DIMENSION OF
FEATURES IS 0, THERE ARE NO STATISTICALLY SIGNIFICANT CORRELATIONS BETWEEN THE FEATURE SET AND THE PERSONALITY DIMENSION. ROWS IN
BOLD HIGHLIGHT THE BEST PERFORMANCE FOR THE CORRESPONDING PERSONALITY DIMENSION ACROSS BOTH SCENARIOS. "'p < 0.01; '*p < 0.05.

Feature Session Extraversion Agreement Conscientiousness Neuroticism Openness
Dims R2 r Dims R2 r Dims R2 r Dims R2 r Dims R2 r

| 88 0.20 £ 0.20, 0.43'f' 88 0.16 + 0.14: 041" 88 -0.03 £ 0.13,0.17 88 -0.11 % 0.15, -0.02 88 006 + 0.18, 0.297

Hand-crafted (¢GeMAPS) 27 021 & 0.20, 0497 52 0.16 + 0.16”, 042" 39 0.13 + 0.16, 0.08 15 -0.13 £ 0.16, 0.01 18 0.16 + 0.18, 0.40"
N 88 0.10 % 0.18, 0.38" 88 022 £ 017", 0.527 88 0.18 + 0.19, 0.46" 88 -0.14 4 0.15, 0.07 88 -0.08 % 0.16, 0.12

3 31 0.04 + 0.20, 0.33" 43 021 + 020", 0517 28 0.16 =+ 0.19, 0.45" 6 -0.13 £ 0.15, 0.07 32 -0.08 % 0.16, 0.12

. 512 -0.04 & 0.08, 004 512 008 + 0.08, 0.307 512 005 £ 0.12,007 512 021 + 007, -035" 512 -0.06 % 0.07, 0.01

Speaker Embeddings (ECAPA-TDNN) 40 0.04 + 0.137, 0.24 99 0.10 & 0.10, 0‘31Tﬂ 64 0.02 + 0.13, 023" 13 -0.17 =4 0.09, -0.17 20 0.01 + 0.11, 0.20
N 512 <0.11 % 0.13,-0.03 512 0.15 & 0.14", 0447 512 0.02 + 0.14, 0.24 512 0.10 £ 0.12, 0.367 512 0.14 £ 0.10, -0.16

63 0.09 & 0.13, 0.09 61 0.17 + 0.14, 0.457 40 0.17 + 0.15, 0.457 13 -0.20 & 0.17, -0.02 38 0.02 + 0.12,0.23
. 75 035 + 0147, 0.607 75 0.15 + 017, 0.387 75 0.08 % 0.18, 0.337 75 005 % 0.12, 0.1 75 025 + 0.127, 0.497

Non-verbal 35 0.37 + 0.167, 0.617 23 021 + 0.16", 045" 15 001 + 0.19, 025" 2 024 £ 020, -0.11 18 011 + 0.17, 0.36"

N 75 028 + 017 ,0.55" 75 0.07 £ 0.18, 035" 75 001 £ 0.23, 029" 75 -0.07 + 0.16, 0.08 75 0.11 £ 0.15, 035"

32 026 + 019", 0.53" 35 005 + 0.18, 0.347 28 004 + 021, 0.32F 6 -0.14 + 0.16, -0.05 36 0.11 + 0.19, 0.36"

(a) Interview
Feature Type Session Ex(ra\'ersm?n Agreemean Consciemious;ess Neuro!icisrg Openness2
Dims R<, r Dims R<, r Dims R<, r Dims R*, r Dims R4, r

\ 88 -0.08 &£ 0.12, -0.03 88 -0.02 % 0.14, 0.20 88 0.23 £ 0.13, -0.19 88 003 %+ 0.16, 0.21° 88 -0.08 & 0.10, 0.04

Hand-crafted (€GeMAPS) 20 0.03 4 0.10, 0.11 26 -0.01 £ 0.17, 024" 0 - 13 007 + 0.16, 0.33F 1 022 £ 0.12, -0.13
) 88 -0.07 £ 0.18, 0.15 88 0.07 £ 0.17, 0347 88 -0.28 4 0.13, -0.43" 88 -0.03 & 0.13, 0.12 88 -0.10 4 0.15, 0.06

5 0.03 + 0.14, 0.25 24 0.14 + 0.20, 0.42° 2 -0.31 £ 0.22, -0.13 21 -0.05 & 0.15, 0.15 11 -0.15 £ 0.14, -0.03

. 512 -0.06 % 0.10, 0.0 512 001 % 0.09, 015 512 -0.21 % 0.10, -0.30" 512 -0.07 4 0.09, 0.03 512 -0.03 £ 0.0, 0.08

Speaker Embeddings (ECAPA-TDNN) 52 -0.09 + 0.12, 0.03 50 0.01 £ 0.11, 020 17 -0.16 £ 0.16, 00 _ 44 -0.05 4 0.13, 0.12 30 0.03 + 0.10, 0.23

) 512 20.07 & 0.18, 0.15 512 007 £ 0.17, 0347 512 -0.28 % 0.13, 043" 512 -0.03 £ 0.13, 0.12 512 0.1 % 0.15, 0.06

38 -0.04 4 0.16, 0.13 84 0.06 =+ 0.13, 0.28" 10 -0.08 & 0.22, 0.12 48 0.17 + 0.16, 0.43" 29 0.12 4 0.12, -0.04

| 75 0.01 + 0.13, 0.19 75 0.04 £ 0.11, 0.261 75 0.02 + 0.13, 0.23 75 003 % 0.14,0.257 75 -0.19 £ 0.13, -0.14

Non-verbal 10 0.08 & 0.14, 0.12 16 0.07 & 0.17, 0217 1 0.27 £ 0.18, 0.15 13 0.19 £ 0.17, -0.01 2 0.20 & 0.17, -0.08

) 75 -0.04 £ 019, 014 75 0.15 % 0.15, -0.03 75 0.24 £ 0.12, 0327 75 004 £ 0.20, 018 75 021 & 0.13, 017

13 0.03 £ 021, 0.26 30 0.15 4 0.18, 0.02 3 0.23 £ 0.22, -0.08 28 0.04 £ 0.20, 0.28 7 -0.29 =+ 0.20, -0.29

(b) Desk
TABLE IV

(RQ3) REGRESSION RESULTS FOR PREDICTING PERSONALITY DIMENSIONS WHEN TRAINING ON ONE SCENARIO AND EVALUATING ON THE OTHER
SCENARIO WITHIN THE SAME SESSION. WHERE THE DIMENSION OF FEATURES IS 0, THERE ARE NO STATISTICALLY SIGNIFICANT CORRELATIONS
BETWEEN THE FEATURE SET AND THE PERSONALITY DIMENSION. 'p < 0.01; “p < 0.05.

Session Train Eval. Extraversion Agreement Conscientiousness Neuroticism Openness
Scenario Scenario Dims R2 r Dims R2 r Dims R2 r Dims R2 r Dims R2 r
Interview Desk 88 2041 £ 0.29, 0.17 88 9.0 £ 5.0, 0.11 88 320 £ 8.1,007 88 36 £ 28,012 88 7T E 20,014
| 27 -0.64 & 0.34, 0.11 52 -19.9 £ 5.3,0.13 39 323 4 7.9, -001 15 82 + 24, 0.11 18 8.5 + 23,022
Desk Interview 88 047 £ 0.26, 0277 88 205 & 56,0317 88 60 £ 2.1, 007 88 48 £ 17, 001 88 204 £ 022,025
20 -0.40 =+ 0.28, 0.40" 26 205 4 5.6, 022" 0 - 13 47 + 16,013 1 033 4 0.22,0.17
Interview Desk 88 0.5 & 043,037 88 209 £ 88, 0.21 88 41.6 £ 11.5, 001 88 161 & 4.7, -0.07 88 26 £ 13,-0.11
5 31 -0.75 = 0.50, 0.29 43 20,9 £ 8.9, 0.22 28 364 £ 100, 0.13 6 -17.0 & 5.0, -0.04 32 3.0 £ 14,002
Desk Interview 88 0.09 £ 0.15, 029" 88 -35.5 %+ 109,004 88 118 & 4.5, -021 88 733 & 34,-003 88 040 £ 0.28, 0.01
5 -0.29 =+ 0.22, 0.10 2 352 4 1038, 033 2 -10.9 4 4.1,-0.02 21 7.3 + 3.4, 0.08 11 043 4 0.29, 0.16
(a) eGeMAPS
Session Train» Eva]t Extraversion Agreemen} Conscienlious}]ess Neuroticism Openness
Scenario Scenario Dims R2, I8 Dims Rz. I8 Dims R2 r Dims R2, T Dims R2. I8
Interview Desk 75 010 £ 0247, 0267 75 -156 &+ 38,0357 75 257 £ 66,002 75 6.7 & 23,012 75 7.0 + 18,0227
1 35 030 + 0377, 028" 23 -18.0 =+ 4.0, 0.317 15 -38.5 = 9.6, 0.09 2 9.9 4 34,019 18 7.0 £ 18,015
Desk Interview 75 2021 £ 0177, 0.387 75 -168 £ 46,0347 75 6.5 + 2.3, 0.16 75 36 + 13,012 75 047 £ 0.28, 030"
10 055 & 0.31, 0317 16 -17.4 + 4.9, 0.427 1 6.0 + 22,010 13 431 4 1.5, 028" 2 0.22 4 0.16, 0.17
Interview Desk 75 060 % 0.50, 0.27° 75 227 £ 9.1, 031 75 416 £ 110, -0.11 75 173 £ 4.7, 0.1 75 29 + 14,001
s 32 042 & 047, 0417 35 227 4 9.2,0.23 28 39.4 4 9.9, -001 6 -17.1 & 4.6,-0.16 36 22 4+ 11,012
Desk Interview 75 0.08 £ 0.157, 0.48" 75 316 £ 9.9, -0.02 75 -10.5 £ 4.1, 0.07 75 707 & 34,013 75 2021 £ 0.18, 0.06
13 -0.10 & 0.25, 0.45 30 -32.8 & 102, 0.06 3 -10.7 £ 4.2, 0.18 28 72 +33,016 7 -0.79 & 0.52, 0.28"

(b) Non-verbal

situations. Situations in which negative feelings can occur
and lack enjoyment are associated with neuroticism whereas
situations containing pleasant interactions are associated with
extraversion, agreement, and openness [23]], [24]. Additionally,
stressful situations more than neutral interactions can activate
the expression of neuroticism as presented by TAT [21].

2) Perceived Personality Across Scenarios and Sessions:
We report results of personality inference on the scenario
unseen during training in Table For space, we only show
results of eGeMAPS and non-verbal features as they generally
outperform the speaker embedding features; speaker embed-
ding results are in the supplemental material. We observe
that the regressor performs significantly worse with all fea-
tures in this cross-scenario validation despite the training and

evaluation datasets containing the same participants. For most
personality dimensions, the features do not explain any of the
variance. Only the non-verbal feature set explains a minimal
amount of variance in perceived extraversion when training on
the desk interaction and evaluating with the interview interac-
tion, indicating that certain non-verbal behaviors predictive of
extraversion in the desk interaction generalize to the interview
interaction. However, the overall lack of generalizability in
inferring personality emphasizes that the relationship between
speech and personality varies across situations.

The results of personality inference across sessions of the
same conversation scenario are in Table [V] For eGeMAPS fea-
tures, this evaluation setup outperforms the evaluation in which
both the training and evaluation data come from the same



TABLE V
(RQ3) REGRESSION RESULTS FOR PREDICTING PERSONALITY DIMENSIONS WHEN TRAINING ON ONE SESSION AND EVALUATING ON THE OTHER
SESSION OF THE SAME SCENARIO. ROWS IN BOLD HIGHLIGHT THE BEST PERFORMANCE FOR THE CORRESPONDING PERSONALITY DIMENSION ACROSS

BOTH FEATURE SETS. p < 0.01; "p < 0.05.

Scenario Tra?n Evn}, Extraversion Agreement Conscientiousness Neuroticism Openness
Session | Session | Dims R2 r Dims R2 r Dims R2 r Dims R2 r Dims R2 r
) 5 88 013 + 0297, 0.457 38 029 + 0.187, 0.547 88 026 & 0.147, 056 88 002 + 015", 0267 88 009 £ 017", 0.367
Interview 31 011 4 0317, 0.447 43 032 + 0477, 057" 28 020 4 0.147, 0.517 6 -0.13 4 0.10, 0.05 2 0.02 + 0.20, 0.32°
R ) 88 024 £ 0.117, 0.547 88 0.19 £ 0.107, 0477 88 0.14 % 0,107, 0.407 88 0.04 £ 0.07,0.17" 88 0.12 £ 0.087, 0.36"
27 024 + 0.137, 053" 52 021 + 0.097, 0477 39 0.14 + 0.107, 0417 15 0.06 4 0.09, 0.18" 18 0.18 + 0.06", 045"
| R 88 -0.01 % 0.11, 0187 88 -0.21 & 0.37, 046 88 -0.09 £ 0.14, 0.06 88 0.07 £ 0267, 0387 88 -0.19 £ 0.16, 005
Desk 5 -0.11 % 0.18, 0.09 24 021 + 037, 0.487 2 -0.19 & 0.22, 0.05 21 -0.12 + 035", 029" 1 -037 & 021, -0.09
5 ) 88 009 + 021, 0.14 88 2031 + 036, 0.43 88 008 + 0.14, 0.08 88 002 + 0137, 0277 88 2008 + 0.11,0.10
20 026 + 0.25, 0.09 26 044 + 039, 0.427 0 - 13 0.4 + 0.1, 0.427 1 032 + 0.28, 0.06
(a) eGeMAPS
. Train Eval. Extraversion Agreement Conscientiousness Neuroticism Openness
Scenario Session Session Di Di RrR2, » Di Rr2 Dims R2 Dims Rr2
ims ims L ims v ims v ims v
| 5 75 . 75 026 + 0157, 0.527 75 016 + 0.127, 0.447 75 018 + 0237, 0.03 75 0.15 + 0177, 0.417
Interview 32 025 + 022f, 055" 35 024 + 0.16", 0507 28 0.14 + 0.147, 041 6 -0.26 £ 024, 0.02 36 0.06 + 020, 035"
5 | 7 0.28 + 0.111‘, 0.587 75 028 + 0.137, 056" 75 0.10 £ 0.177, 036" 75 20.12 £ 0.11, 0.03" 75 0.09 + 0.13‘; 0357
35 027 + 0.12%, 0.571 23 025 + 0177, 0.537 15 008 + 0.19%, 0.36" 2 017 % 0.17, 0.07 18 0.12 + 015", 0.37°
] ) 75 007 % 0.14, 0.08 75 -003 + 0217, 0.367 75 2011 % 0.18, 0.09 75 0.15 £ 0287, 0.33j 75 023 % 0.21, 0.08
Desk 13 -0.10 + 0.21,0.10 30 -0.12 + 024, 0.33" 3 021 + 022, 0.02 28 027 + 0.28, 0.29° 7 -0.12 & 0.17, 0.07
5 ) 75 0.05 £ 0.18, o.zlj 75 -0.20 £ 022, 0417 75 0.08 £ 0.17, 0.08 75 005 £ 0.117, 0317 75 0.17 & 0.18, 0217
10 -034 + 0.33, 025" 16 0.03 + 0.18, 0.45" 1 031 % 024, 0.04 13 003 + 0.14,0.17 2 -0.24 & 0.25, 0.1

(b) Non-verbal features

session and scenario (section [V-CT)). This regression explains a
maximum of 32% of the variance in the agreement dimension,
with the performance improvement perhaps due to using the
entire conversation dataset for training rather than nine of ten
folds. On the other hand, regression performance improves
only in the interview interaction with speaker embeddings and
does not improve with non-verbal features.

We still observe that the desk interaction is more predictive
of neuroticism. These results combined with the results from
the cross-scenario evaluation highlight that, within a type
of scenario, there are specific and relatively consistent rela-
tionships between speech features and perceived personality
dimensions. However, the relationships do not generalize well
across different conversation scenarios. These results showcase
the importance of developing affective computing systems that
are adaptable to varying contexts, as a system developed for
one context may not perform well in a different context.

VI. CONCLUSION

We investigated the relationship between perceived per-
sonality and conversational speech using the UbImpressed
dataset, which contains audio of the same participants in
two distint conversation scenarios. Our experiments showed
that perceived personality differs significantly for the same
participants across a neutral and stressful interaction. We
found that features related to loudness, equivalent sound level,
and spectral flux are correlated with perceived extraversion,
agreement, conscientiousness, and openness in the neutral
scenario (interview interaction) and with perceived neuroti-
cism in the stressful scenario (desk interaction). Through a
regression analysis, we demonstrated that eGeMAPS features
explain up to 32% of variance in perceived agreement, and
non-verbal features explain up to 37% variance in extraver-
sion. Furthermore, the desk scenario is more predictive of
neuroticism while the interview scenario is more predictive
of the remaining personality dimensions, which aligns with
existing psychological research. Our consistent results across
two sessions of neutral and stressful interactions emphasize

the relevance of building and evaluating APP systems relative
to the context in which behaviors are observed. Furthermore,
our results stress the importance of context-aware affective
computing systems, which has thus far been understudied.
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