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Abstract Recently there has been arising interest in auto-
matically recognizing nonverbal behaviors that are linked
with psychological conditions. Work in this direction has
shown great potential for cases such as depression and post-
traumatic stress disorder (PTSD), however most of the times
gender differences have not been explored. In this paper, we
show that gender plays an important role in the automatic
assessment of psychological conditions such as depression
and PTSD. We identify a directly interpretable and intuitive
set of predictive indicators, selected from three general cate-
gories of nonverbal behaviors: affect, expression variability
and motor variability. For the analysis, we employ a semi-
structured virtual human interview dataset which includes 53
video recorded interactions. Our experiments on automatic
classification of psychological conditions show that a gender-
dependent approach significantly improves the performance
over a gender agnostic one.
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1 Introduction

Recent advances in the field of automatic facial feature track-
ing [1,2] are revolutionizing our ability to analyze and under-
stand nonverbal behavior, and spawning a host of novel
applications. One promising use of this technology is the
automatic analysis of nonverbal behaviors associated with
mental illness. Extensive research in the behavioral sciences
has demonstrated a link between specific psychological dis-
orders, for example depression, and patterns of nonverbal
behavior [3,4]. Recognizing these nonverbal indicators, how-
ever, often relies on the expert judgments of trained clinicians
and are often not easily quantifiable [4]. Automatic detec-
tion of such indicators could assist a clinician by support-
ing his/her observations and by providing a more system-
atic measurement and quantification of nonverbal patterns
both within and across clinical sessions. Additionally, fully-
automated techniques might serve as a pre-screening instru-
ment for patients, complementing the self-reported question-
naires currently used for this purpose.

Many challenges confront the development of robust indi-
cators of psychological illness. There has been some promis-
ing work to overcome those [5,6], but there are still some
limitations to address. First, there has been little work on the
automatic computational analysis side that sheds light in the
gender specific behaviors in illness. Most of the researchers
take a gender-independent approach. There are a few excep-
tions [7], but even in those cases individual indicators have
not being studied separately for the two genders. Second,
existing indicators are often derived from extreme exemplars
of the condition (e.g., severe depression) and may not gen-
eralize to more common forms of the illness. Finally, most
research on automatic detection of distress focuses on depres-
sion and anxiety leaving the condition of post-traumatic
stress disorder (PTSD) less covered. PTSD can cause signifi-

123



18 J Multimodal User Interfaces (2015) 9:17–29

cant impairment in social and occupational functioning [8]; it
is common for war veterans but appears in general population
as well.

In this paper, we show that gender plays an important
role in the automatic analysis of psychological conditions.
We employ a semi-structured interview dataset which con-
tains 53 dyadic interactions with participants from general
population. We identify a directly interpretable and intuitive
set of predictive indicators, selected from three general cat-
egories of nonverbal behaviors: affect, expression variabil-
ity and motor variability. We show that a gender-dependent
approach improves the results of classification for distress
assessment and provides meaningful insight on gender dif-
ferences for depression and PTSD.

The following section describes related work. In Sect. 3 we
introduce the Virtual Human Distress Assessment Interview
Corpus (VH DAIC) dataset. In Sect. 4 we explain our auto-
matic techniques for behavior extraction. We proceed with
gender specific analysis of automatic indicators in Sect. 5,
where we study gender differences for the two conditions of
depression and PTSD. In Sect. 6, we present the classifica-
tion experiments for the two distress conditions, compare a
gender agnostic to a gender-dependent approach and discuss
the results in Sect. 7. Finally, Sect. 8 presents conclusions
and future work.

2 Related work

In this section we describe the two psychological conditions
that we study, namely depression and PTSD. We refer to pre-
vious work on nonverbal behaviors that have been associated
with these two conditions. Furthermore, we look at reports
on gender differences in nonverbal behaviors during illness
and recent work on automatic assessment of depression and
PTSD.

2.1 Definitions for depression and PTSD

2.1.1 Depression

It is one of the most commonly used words in psychiatry, and
it is also one of the most ambiguous. As a symptom it can
mean sadness, but as a diagnosis it can be applied to peo-
ple who deny feeling sad. Major depressive disorder (MDD)
(also known as clinical depression, major depression, unipo-
lar depression, or unipolar disorder) represents the classic
condition in the group of depressive disorders. It is a men-
tal disorder characterized by a pervasive and persistent low
mood that is accompanied by low self-esteem and by a loss
of interest or pleasure in normally enjoyable activities. This
cluster of symptoms was named, described and classified as
one of the mood disorders in the 1980 edition of the Amer-
ican Psychiatric Association’s diagnostic manual. It often

involves clear-cut changes in affect, cognition and neuroveg-
etative functions. A diagnosis based on a single episode is
possible, although the disorder is a recurrent one in the major-
ity of cases. Careful consideration is given to the distinction
of normal sadness and grief from a major depressive episode
[8,9].

2.1.2 PTSD

It is a trauma-related disorder in which exposure to a trau-
matic or stressful event is listed explicitly as a diagnostic
criterion. In some cases, symptoms can be well understood
within an anxiety- or fear-based context; it is clear, however,
that many individuals who have been exposed to a traumatic
or stressful event exhibit a phenotype in which, rather than
anxiety- or fear-based symptoms, the most prominent clin-
ical characteristics are anhedonic (showcasing lack of plea-
sure or of the capacity to experience it) and dysphoric symp-
toms (showcasing unhappiness or uneasiness), externalizing
angry and aggressive symptoms, or dissociative symptoms
[9]. The clinical presentation of PTSD varies. In some indi-
viduals, fear-based re-experiencing, emotional, and behav-
ioral symptoms may predominate. In others, anhedonic or
dysphoric mood states and negative cognitions may be most
distressing. In some other individuals, arousal and reactive-
externalizing symptoms are prominent, while in others, dis-
sociative symptoms predominate. Finally, some individuals
exhibit combinations of these symptom patterns [9].

PTSD and depression often co-occur (in what is known as
co-morbidity) and some researchers suggest they are best
viewed as reflecting a more general underlying condition
known as generalized distress (e.g. see [10]). In the current
article we treat PTSD and depression as distinct constructs
(though we revisit this issue in the discussion section).

2.2 Nonverbal behaviors in depression and PTSD

There has been extensive study in the field of psychol-
ogy about depression characteristics. Ellgring mentions that
a dysphoric state (showcasing unhappiness or uneasiness),
latency in response, motor retardation(or lack of motor), lack
of emotional variability (or lack of facial expressions) and
hostility/aggressive behavior are central to depression [4].
Similar findings are reported by others. Recent work has also
been focusing on particular indicators like Reed et al. that
explore smile under positive stimuli for depressed popula-
tion [11]. These observations fit well into some of the behav-
ioral diagnostic criteria of depression, as mentioned by the
American Psychiatric Association’s diagnostic manual [9] :

– Depressed mood (feels sad, hopeless, appears tearful).
This can be irritable mood for children and adolescents.

– Significant dimish in interest or pleasure.

123



J Multimodal User Interfaces (2015) 9:17–29 19

– Psychomotor agitation or retardation (feeling of restlesness
or being slowed down).

– Fatigue or loss of energy.
– Diminished ability to think or concentrate, or indecisive-

ness.

In contrast with depression, PTSD has not been examined
as extensively. On the clinical side, work on PTSD reports
that anger/aggression are often observed in interactions of
traumatized patients as well as less genuine joy [12]. Those
fit well into some of the main diagnostic criteria of PTSD, as
mentioned by the American Psychiatric Association’s diag-
nostic manual [9]:

– Persistent negative emotional state (e.g. fear, horror,
anger, guilt or shame).

– Diminish in interest /participation in significant activities.
– Feelings of detachment or estrangement from others.
– Persistent inability to experience positive emotions (e.g.

inability to experience happiness, satisfaction or loving
feelings).

– Irritable behavior and angry outbursts towards people or
objects.

– Problems with concentration.

It is very important to note, that human clinitians judge
those behaviors within context and under cultural and social
norms in order to make more accurate assessments. For
example, experiencing sadness because of loss is a differ-
ent case than being chronically depressed; different cultures
showcase different baselines of “normal” behavior, and gen-
ders follow different social norms of “accepted behaviors”.

2.3 Gender differences in behaviors associated
with depression and PTSD

Gender differences in depression have been studied before in
clinical psychology. In particular, Troisi et al. [13] explored
gender differences in clinical interviews with depressed
patients and reported that both male and female depressed
patients showed global restriction of nonverbal expressive-
ness, with hostility being the only behavioral category on
which they scored higher than non-depressed volunteers.
They found differences in nonverbal behavior of males
and females reporting that depressed women showed more
socially interactive behaviors than depressed men and that
their modality of interacting included higher levels of both
nonverbal hostility and submissive/affiliative behaviors.

Gender differences in patients with PTSD have been stud-
ied in clinical psychology [14,15] but are most likely to focus
on the risk factor of the disease among genders, the index
trauma as cause of the disorder and the comorbidity rates
with other disorders. Specifically, it has been reported that

men are more likely to have comorbid substance use disor-
ders and women are more likely to have comorbid mood and
anxiety disorders, although many disorders comorbid with
PTSD are commonly seen in both men and women. There are
a few articles reporting gender differences in the presentation
of PTSD such as: women are more likely to have symptoms
of numbing and avoidance and men are more likely to have
the associated features of irritability and impulsiveness [16],
but overall behavioral differences have been understudied.
One of the main reasons is that data on gender differences
in PTSD among psychiatric patients are scarce because most
clinical studies of PTSD have focused on patients seeking
treatment for a specific trauma that is predominantly gender
related, such as combat or sexual trauma [14].

2.4 Automatic assessment of depression and PTSD

On the side of automatic assessment of depression there
has been recent work [17,18] that focuses on the automatic
diagnosis of depression from multimodal features, explor-
ing dynamics of the face. While the results are very promis-
ing, feature representations used in most cases do not offer
much intuition in the condition. On that front there has been
promising effort by Cohn et al. [5] achieving 79 % accuracy
using facial actions measured by active appearance model-
ing (AAM) in a population of clinically depressed patients
undergoing treatment. McIntyre et al. [6] also presented an
approach for measuring facial activity as a measure of depres-
sion by grouping face areas, but do not report results. Another
recent article stands out that presents evidence from manual
and automatic analysis of behaviors associated with increas-
ing severity of depression and links with the Social With-
drawal hypothesis [19]. The edge that this work brings is
that it links measured behaviors under depression to a the-
ory on inherent motivation behind those expressions. Also,
previous research has shown that bodily dynamics and specif-
ically head motions, are correlated with affective states when
studied in complex learning scenarios [20]. Recent work has
also shown that relative body part movements is a useful
feature for automatic depression classification [21]. So far
head motions had not been examined in that context with the
recent exception of Girard et al. [19] who report that dimin-
ished head motion (in amplitude and velocity) is observed
with severe cases of depression. One other team has taken
a gender-dependent approach to the automatic detection of
depression: Maddage et al. [7] who classified depression
in adolescents using Gabor wavelet features and compared
gender- independent modeling approach to a gender based
one, finding the latter to improve accuracy by 6 %. However,
their model used only adolescents, with limited population
(8 participants from a clinical setup) and they do not report
any analysis on the behavioral indicators of depression for
the two genders.
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One of the main novelties of this paper is that we study
the conditions in participants recruited by general popula-
tion, which is different than the other studies that use clin-
ical cases. Also, we identify that conditions have gender-
dependent effects on indicators. We extract such indicators
automatically and we show that a gender-dependent approach
improves performance on classification. As additional bene-
fits of this work, we are looking at the aspect of head motion,
that has only recently been covered in that context on the
automatic side, and our work also includes analysis for PTSD
that has been understudied.

3 Virtual human distress assessment interview corpus

In this section, we will describe the Virtual Human Distress
Assessment Interview Corpus (VH DAIC) dataset, which is
a general population distress assessment dataset that follows
similar protocol as the Distress Assessment Interview Cor-
pus (DAIC), described in [22]. The focus of the dataset is
distress assessment of participants and it includes recordings
of multimodal dyadic interactions and information about the
participants’ condition based on a series of pre-study ques-
tionnaires. In this dataset the participants interact with a vir-
tual human in a Wizard-of-Oz paradigm.1 VH DAIC is a
multimodal dataset including audio, video and depth record-
ings of the interaction.

3.1 Configuration

In total the dataset includes 53 participants from general pop-
ulation, who were recruited using Craigslist and met some
basic requirements (age, language, adequate eyesight). By
experimental design, the study sample was biased towards
participants who have been diagnosed at some point in their
life with depression or PTSD. The participant pool covers
different age, gender groups and racial backgrounds. Specif-
ically, the participant pool breaks down to 32 males and 21
females of average age 41.2 years (std = 11.6).

All participants were recorded in the same configuration,
seated in front of a large screen where the virtual human was
displayed. Figure 1 displays the screenshots of the partici-
pant and Ellie (the virtual human) placed side-by-side. The
recording devices include a web-camera (Logitech 920 720p)
aiming at the participant face, a Microsoft Kinect device for
Windows recording upper body video and depth data and a
head-mounted microphone (Sennheiser HSP 4-EW-3) for the
audio. All the streams are recorded in a synchronized manner
using the same recording platform.

1 Sample interaction between the virtual agent and a human actor can
be seen here: http://www.youtube.com/watch?v=ejczMs6b1Q4.

Fig. 1 Screenshot of one of the VH DAIC participants (left) interacting
with the virtual human (right).The interaction was multimodal as it
included both verbal (dialog) and nonverbal interaction (e.g. head nods,
smiles)

3.2 Interaction

The interaction lasted on average about 10 min and it was
of a question-based nature. It started with the virtual human
introducing the purpose and the mode of the interaction and
then asking a series of questions. During this time the par-
ticipant was given time to talk in response to those questions
and the virtual human was displaying listening behavior. The
questions asked were mostly of general content like “what
did you study at school?”, “when was the last time you felt
really happy?” and “do you have trouble sleeping?”. The
virtual human’s question choices, follow-ups and nonverbal
behavior were controlled from a panel by two human ‘wiz-
ards‘ situated in another room.

The interaction was semi-structured in the sense that it
always happened in a question-based manner and the wizards
were mostly following a specific sequence of questions, but
adjusted the follow-up questions (like “Tell me more about
that” or “Why?”) and feedback (laughter or expressions of
empathy like “oh!”) to each individual conversation based
on what was being said.

The aim was for the participants to express themselves nat-
urally and capture all the multiple modalities of their behavior
so the interaction itself was multimodal. Both audio and video
of the participant were streamed live in the wizard room, and
the human wizards were also responding multimodally via
the virtual human by controlling both the verbal and nonver-
bal behaviors. Specifically, the set of nonverbal behaviors that
the wizards controlled included but was not limited to facial
expressions (e.g. smile, frown), head gestures (e.g. nod, tilt)
and body gestures (e.g. lean forward).

Naturally, the interaction with the virtual human, being
a controlled one, yields stimuli with controlled variability
that depend on the complexity of the controls. Although,
generally this could be seen as a constraint, we would argue
that in an experimental dyadic interaction setup it can also be
beneficial by standardizing the set of stimuli the participant
receives, something that is not easily maintainable with a
human interviewer.
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3.3 Psychological condition assessment

For the condition assessment the participants were asked
to fill in a series of questionnaires including among oth-
ers the PTSD Checklist-Civilian version (PCL-C) [23] and
the Patient Health Questionnaire, depression module (PHQ-
9) [24]. PHQ-9 is the nine item self-report scale based directly
on the diagnostic criteria for major depressive disorder in the
Diagnostic and Statistical Manual Fourth Edition (DSM-IV)
[8]. Although such self-administered questionnaires should
not be seen as a substitute for a diagnosis by a trained clin-
ician for decisions regarding treatment, for the present pur-
pose (i.e., identifying individuals likely to be suffering from
depression) it has been shown to have high sensitivity and
specificity (88 %) when compared with clinical diagnoses
[25]. PCL-C is a widely used screening instrument for PTSD
[26,27] , based also on the DSM-IV and shows high sensitiv-
ity and specificity for this clinical condition (0.82 and 0.83,
respectively for detecting DSM PTSD diagnoses) [28]. The
dataset provides extracted scores for PTSD and depression
severity, respectively, as well as a binary decision on the con-
dition (positive or negative) based on the PCL-C and PHQ-9
standards. The database population statistics are shown in
Table 1. For the notation on the table, and moving forward in
this study we would like to clarify that the characterization
PTSD-positive, -negative and Depression-positive, -negative
are based on the questionnaire assessments as mentioned
above. Comparing the scores of PTSD and depression, we
observed a correlation of 0.863, so the two conditions often
comorbid. This practically means that the group of partici-
pants labeled as PTSD-positive (22 people) intersects in big
part with the group of participants labeled as Depression-
positive (17 people).

4 Automatic behavior extraction

In the following subsections we will first motivate our choices
of nonverbal behavior to examine and then we will describe
our approach to extract them automatically. We would like to
mention that even though in this article we focus on modali-
ties extracted by the video stream, VH DAIC is a multimodal
dataset and parallel efforts are exploring automatic indicators
in other behavioral channels such as the voice [29] and verbal
[30].

4.1 Motivation

Based on a collection of various clinical observations [4] and
the DSM diagnistic criteria for the conditions, we identify
three main categories of nonverbal behaviors in interactions
that are indicative of distress:

4.1.1 Affect

Previous work suggests that displays of aggression and hos-
tility are tied to both depression and PTSD [4,12]. Dis-
plays of grief have also been traditionally linked to depres-
sion [4,31]. There are also numerous observations that dis-
plays of joy [11] are diminished in clinically depressed
population. Joy is an expression correlated positively with
self-reports of felt happiness [3] and correlated negatively
with felt grief [32]. One of the diagnistic criteria for
PTSD is inability to experience happiness. On the other
hand, displays of anger and contempt have been found to
have a positive correlation with felt grief [32] and irri-
tability and anger outbursts have been seen within PTSD
symptoms.

⇒ This is a good motivation to look at the intensity of
expressions of Anger, Disgust, Contempt, Joy as measures
of affect, as well as a few related facial action units (AU).

Emotional Variability: The homogeneity of an affec-
tive level and the total facial activity are considered good
indicators of distress. Reduced facial behavior, also men-
tioned as lack of emotional variability, is considered a
valid indicator for depression; and in clinical studies a
’flat, mask like face’ has also been reported as indica-
tor of depression [4]. One could also consider emotional
expressivity as a measure of interactive behavior, lack of
which can be seen in depression and PTSD (diminishing
interest/participation in significant activities such as social
interaction).

⇒ This serves as good motivation to examine intra- sub-
ject emotional variability as a feature, and also the intensity
of a neutral face that can be another measure of ’emotional
flatness’ during the interaction.

Motor Variability or motor retardation has also been
observed in depressed population [4] including reduced hand
gesturing and/or head movements. Reduced eyebrow move-
ments is a special case of this, covered separately in emo-
tional variability. This is a very interesting aspect of nonver-
bal behaviors which is usually neglected in automated analy-

Table 1 VH DAIC population
Gender PTSD positive PTSD negative Depression positive Depression negative Total

Males 10 22 7 25 32

Females 12 9 10 11 21

Total 22 31 17 36 53
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sis for distress indicators. It is a special category mentioned
directly as one of the diagnostic criteria for depression and
can be also linked to loss of energy which is another symp-
tom.

⇒ As a measure of intra-subject motor variability we
will look at the head movement variance during the
interaction.

4.2 Selected feature extraction

Based on our observations we focus on elements of affect,
emotional variability and motion variability that can be
extracted automatically. More specifically, we extract the fol-
lowing signals:

Basic expressions of emotion: this group includes {Anger,
Disgust, Contempt, Fear, Joy, Surprise, Sadness, Neutral}
which are the 7 basic expressions of emotion, plus ’Neutral’
face which measures lack of emotions. Most of the 7 basic
expressions are individually tied to indicators in the affect
category, like Joy or Anger, so measuring their intensity is
valuable. Also, looking at the variance of these expressions
all together, is a good measure of emotion variability as dis-
cussed above. In the same category, the intensity of the ’Neu-
tral’ expression is a good measure of emotional flatness, or
lack of emotion.

Action Units: in the analysis we also examine a few related
AU’s in the general eye area: {AU4 (brow lowerer), AU7 (lid
tightener), AU9 (nose wrinkler)} and mouth area: {AU12(lip
corner puller)}. AU4 intensity is a measure of frown and
it appears predominantly in the expressions of anger and
fear. AU7 intensity is a measure of eyelid tightening and can
appear sometimes in anger and joy. AU9 intensity is a mea-
sure of nose wrinkling and it appears mostly in the emotion
of disgust or contempt. Finally AU12 intensity is a measure
of smiling and it appears in joy [3]. We selected these AUs to
support the expressions of anger, disgust, contempt and joy
that we examine as indicators.

Head Gesturing: in this category we extract signals of
head rotation in all three directions {HeadRX (Head rotation-
Up/Down), HeadRY (Head rotation-side), HeadRZ (Head
tilt)}. From these signals we can extract information about
the head gaze and the head rotation variability of a participant
during the interaction.

At this point we would like to mention that the list of
extracted features is not exhaustive, and especially in the
AU group where one can find additional wealth of informa-
tion about expressivity and affect. We extracted this specific
pool of features to showcase particular examples of indi-
cators based on our previous observations. Our exploration
included additional AUs in the mouth area, some of them
linked to depression by previous literature [5], however con-
cerns of noise by mouth movement due to speech, led us to
explore further and report in future work.

4.3 System for automatic sensing

In this paper we investigated nonverbal indicators of depres-
sion and PTSD using visual cues extracted automatically
from the web-camera video aimed at the participant face.
For the analysis of the participant videos we apply a multi-
modal sensing framework, called MultiSense, that has inte-
grated several tracking technologies. The benefit of such a
system is that the multiple technologies can run in parallel in a
synchronized manner allowing for inter-module cooperation
for performance improvement and information fusion. Our
sensing system provides 3D head position-orientation, facial
tracking based on GAVAM HeadTracker [33] and CLM-Z
FaceTracker [1] and basic emotion analysis based on SHORE
Face Detector [34]. In this analysis we also added results from
the Computer Expression Recognition Toolbox (CERT) [2]
for expression recognition and facial AU scores. MultiSense
is a sensing platform employed to quantify nonverbal behav-
iors and it has been developed independently of this scenario.
When available, we used our system’s confidence report on
the output to automatically screen out bad frames when ana-
lyzing the signals. In the next section we explore how dis-
criminative these indicators are for the conditions of depres-
sion and PTSD.

5 Analysis of indicators and gender differences

In this section we analyze the automatically extracted behav-
ior indicators with the following goals: i) to identify indica-
tors correlated with depression and PTSD, and ii) to study the
effect of gender on these indicators. This study will inform
our next set of experiments which focuses on depression and
PTSD classification. In the following subsections, we first
explain our statistical analysis and then showcase the differ-
ences and similarities of our indicators when used to describe
depression and PTSD.

5.1 Statistical analysis

Our goal is to examine the effect of the psychological con-
ditions on our behavioral indicators, to study the differences
and similarities between genders. As a measure of effect size
we use ‘Hedge’s g‘ [35], a descriptive statistic that conveys
the estimated strength of an effect by estimating how many
standard deviations separate the two distribution means. For
the purposes of this analysis we call the direction of that effect
a trend. We consider a Hedge’s g≤ −0.4 to show existence
of at least moderate effect with negative trend (↓). A psycho-
logical condition showing effect with negative trend means
that the depressed (or PTSD-afflicted) population showed
lower intensity on that indicator. Symmetrically, an indicator
with Hedge’s g≥0.4 means that the psychological condition
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Table 2 Example of behavior
indicators showing gender
differences in trend

Bold values indicate p ≤ 0.05

Feature Gender Hedge’s g p value trend

Depression AU4 Males 0.51 0.237 ↑
Females −0.92 0.042 ↓

Disgust Males −0.11 0.791 ∼
Females −0.90 0.046 ↓

Contempt Males 0.04 0.930 ∼
Females 0.86 0.054 ↑

PTSD AU4 Males 0.76 0.050 ↑
Females −1.41 0.003 ↓

Disgust Males 0.84 0.031 ↑
Females −1.22 0.009 ↓

Contempt Males 0.10 0.797 ∼
Females 1.05 0.020 ↑

Fig. 2 Example of behavior
indicators showing gender
differences in trend. In both the
cases of a AU4 in depression
and b Disgust in PTSD, the
conditions have opposite trends
among genders. Statistically
significant differences (p ≤ 0.5)
are shown with a asterisk

has an effect on the indicator with positive trend (↑). Effect
sizes of smaller absolute value than 0.2 are considered to
show negligible effect (∼). We also report the t-test statis-
tical significance ‘p’ of the difference of the distributions
between distressed and non-distressed participants, to com-
plement the Hedge’s g effect size.

5.2 Indicators with differences in gender trends

We start our analysis by focusing on trend differences
between genders. Specifically, we identify two types of such
indicators: (1) the first type describes indicators where the
psychological condition has opposite trends for the two gen-
ders (i.e. there is a gender-dependent crossover interaction).
For example, the condition having a negative effect for males
and positive for females (↓,↑) will be categorized as first
type, and (2) the second type describes indicators where the
condition has effect only on one gender and negligible effect

(∼) on the other gender. This category could include an indi-
cator where the condition shows a positive trend for males,
but no trend(no effect) for females (↑,∼).

Table 2 shows indicators for both the conditions of depres-
sion and PTSD, with gender differences in trends and the
effect sizes of those trends. We see that for frowning (AU4)
both psychological conditions have a statistically significant
effect on the frowning intensity, for both genders. More inter-
estingly, the trends for males and females are going in oppo-
site directions (first type we described). Specifically, as seen
in Fig. 2a, depressed males tend to display more frowning
than the non-depressed males, whereas females display more
frowning when they are non-depressed. Another interesting
indicator is Disgust for PTSD, also shown in Fig. 2b. It shows
that PTSD-afflicted men tend to display more disgust than
non-afflicted males while females display more when they
are non-afflicted than the PTSD-afflicted ones. Table 2, also
shows two cases where the condition has an effect only for
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one gender: Contempt for PTSD and depression and Disgust
for depression, Contempt in particular seems to be signifi-
cantly discriminative for females, with a positive trend, but
not at all informative for males. It is an interesting indicator
because it is the only ’negative’ expression from our set of
behavior indicators that distressed females seem to express
more than non-distressed ones.

Additionally we report that anger intensity seemed to have
a positive discriminative effect for males in the case of PTSD,
average horizontal head direction seemed to have a positive
diagnostic effect on males in depression (depressed males
are significantly facing more downwards), expressions of Joy
and measured AU12 seemed to be diagnostic with negative
effect in the case of males in PTSD (PTSD afflicted males
show less average smile intensity) but remain weak indicators
for the case of females in our dataset. Finally, AU7 and AU9
show similar effect as AU4 (increasing for males in distress,
decreasing for females) and that effect is strong in PTSD.

5.3 Indicators with similarities in gender trends

We also identified indicators where the psychological condi-
tion has an effect with similar trends for both genders. These
cases show negative trend (↓,↓) or positive trend (↑,↑) for
both genders. Table 3 summarizes the effect size of such
indicators. It is interesting to observe that for the indicator of
Head Rotation Variance both the conditions show a negative
trend for both males and females and for both the psychologi-
cal conditions. The case of PTSD can be seen in Fig. 3b. Sim-
ilarly, the Emotional Variance is discriminative with negative
trend for both genders and for both the psychological condi-
tions. The distributions for depression are shown in Fig. 3a.
Additionally, we report that a few other head gesture related
indicators showed common trend between the two genders,
such as lateral head rotation amplitude and standard devia-
tion, horizontal and tilt head rotation standard deviation. In all
of these cases participants with depression and PTSD show-
case less variability in the head rotation in all directions, than
the healthy population. This result is consistent with reports
of reduced head movement during depression [19]. From the

basic emotions, average sadness intensity was the only one
that demonstrated the same trend between males and females,
with both genders expressing significantly less sadness while
suffering from depression or PTSD.

We would like to point out that even though the same trend
is observed for both genders, these indicators can still show
gender-dependent differences. A good example is depicted
in Fig. 3a where the gender has an effect on the Emotional
Variance indicator. Females over all, in both distressed and
non-distressed conditions seem to showcase more emotional
variability than males, a result that agrees with literature
and previous observations in clinical settings [13]. All these
observations serve as a good indication that a gender- depen-
dent approach will benefit the assessment of depression and
PTSD.

6 Classification experiments for depression and PTSD

In this section we test the discriminative power of our
behavior indicators for the conditions of depression and
PTSD by using them as features in a classification exper-
iment. Our experimental hypothesis is that separating the
two genders in a gender- dependent manner improves per-
formance. We base this hypothesis on the observed trends
(sometimes in the opposite direction) from the statistical
analysis described in the previous section. As a result we are
expecting that the discriminative power of these indicators
may increase when separating the two genders. In Fig. 4 we
demonstrate the basis of our hypothesis on two indicators.
One can see that the indicator of average disgust intensity
loses effect when studied in a gender-independent approach.
In the following sub-sections we describe the compared mod-
els, the methodology we follow for the classification experi-
ment and present our results.

6.1 Models

In the experiments we evaluate the performance of 3 models:
Baseline which uses the majority vote where all observations

Table 3 Example of behavior
indicators showing gender
similarities in trend

Bold values indicate p ≤ 0.05

Feature Gender Hedge’s g p value trend

Depression HeadRot Var Males −0.57 0.185 ↓
Females −0.89 0.047 ↓

Emotion Var Males −0.59 0.166 ↓
Females −0.67 0.128 ↓

PTSD HeadRot Var Males −0.74 0.054 ↓
Females −0.59 0.175 ↓

Emotion Var Males −0.39 0.299 ↓
Females −0.89 0.045 ↓
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Fig. 3 Example of behavior
indicators showing gender
similarities in trend. In both the
cases of a Emotional Variation
in depression and b Head
Rotation Variation in PTSD, the
conditions show same trends
among genders.

Fig. 4 Demonstrating the
interaction of gender and a
psychological condition (PTSD)
and how this affects studying the
whole population. In case (a) of
measured disgust intensity we
observe a cross-over interaction
of gender and the psychological
condition of PTSD. One can see
that as a result the effect of
PTSD on that indicator is lost
when one looks at the
population as a whole. In case
(b) however, where we measure
the average head rotation
variation, the effect of PTSD on
that indicator is similar between
the two genders and thus is
preserved when we look at the
population as a whole

are given the same predicted label, Gender-independent
which is one trained model on the whole population (both
genders), and Gender-dependent which separates two sep-
arate models, trained on separate genders.

In order to be able to compare performance by gen-
der, we tested separately both approaches on the two
groups of ’Males’ and ’Females’. The gender-dependent
models are tested on their respective genders. Our goal
is to identify differences in performance that arise from
the separation of the two genders. For the Baseline and
the gender-independent model, we also test on the whole
population.

6.2 Feature representation

Using the automatic sensing framework described in Sect. 4.C
we extracted the behavioral signals and computed basic sum-
mary statistics for each interaction in our dataset (Sect. 3).
We use the average and the standard deviation of a signal
over the whole interaction as measures of variation of the
behavioral signal over the whole interaction.

In the case of the AUs we also introduced a positive thresh-
olded signal in order to take into account only the frames
where the AU was found active. The Emotional Variation
was computed by aggregating the variances of the 7 emo-
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Table 4 Classification results
for Depression and PTSD. We
show that a gender-dependent
model performs better than a
gender-independent one

Bold values indicate p ≤ 0.05

Population Baseline Gender-independent Gender-dependent
F1 F1 F1

Depression All 0.576 0.722 –

Males 0.610 0.756 0.808

Females 0.512 0.682 0.858

PTSD All 0.540 0.785 –

Males 0.579 0.739 0.811

Females 0.533 0.840 0.908

tions mentioned in Sect. 4.2. For the Head Rotation Vari-
ance we added up the variance of the head rotation in all 3
axes. We also introduced a feature that combines the effect
of the three ’eye-narrowing’ related AUs (AU4-AU7-AU9).
Our final feature pool contained 20 features.

6.3 Classification

As a simple approach, we chose a Naive Bayes classifier 2

which has the advantage of having a limited number of hyper-
parameters. For our experiments we performed a Leave-One-
Participant-Out testing and greedy forward feature selection.
This experimental methodology was designed to show user-
independent results. Each classifier contained two classes:
PTSD versus non-PTSD or depressed versus non-depressed.
As a measure of performance we are using F1 score which
is the harmonic average of precision and recall (averaged for
both labels).

6.4 Results

In Table 4 we show our classification results. The table
compares the results of the gender- independent approach
(gender-independent) with our gender- dependent approach
(gender-dependent) where we train separate models for
men and women. Results show that the gender-dependent
approach performs better for both test groups of ’Males’ and
’Females’. Also, the gender-independent approach performs
better than the baseline for all test groups.

6.4.1 Selected feature analysis

In PTSD classification, the affect of anger, contempt and
some combination of the AU4-AU7-AU9 was prominent.
Also the emotional variation was selected in both the gender
models for gender- dependent classification. In depression
neutral face measure and frowning played important role. In
general the gender- independent approach selected fewer fea-
tures than the gender- dependent models and interesting was

2 http://www.mathworks.com/products/statistics.

the case of gender- independent depression classifier which
seemed to perform the best for the whole population using
only one feature: the neutral intensity which measures flat-
ness of expression.

To showcase the benefit of a gender-dependent approach,
we look at the PTSD-classifier margins for one of these indi-
cators, AU4, when used in the gender-independent model:
0.0985, and when used in the gender-dependent approach: -
0.7326 and 0.6070 for men and women respectively. It seems
that this indicator can offer discriminative information for
PTSD when we take the gender- dependent approach, but
not as much in a gender-independent one.

7 Discussion

Our classification results confirm the trends shown in our
statistical analysis. Specifically, we showed that separat-
ing men and women when assessing their nonverbal behav-
iors improves the performance of classification. Our gender-
dependent classification can take full advantage of behavior
indicators, such as disgust in PTSD and frowning (AU4) in
PTSD and in depression. These indicators showed opposite
trends for men and women. Moreover, the indicators that
show trend for only one gender and don’t affect the other,
may lose their discriminative power in a gender- indepen-
dent classification, or wrongfully transfer their discrimina-
tive effect into the other gender.

Our results reflect findings in clinical and social stud-
ies that support the claim that men and women demon-
strate different nonverbal behaviors when depressed [13].
There are intrinsic differences in nonverbal behaviors among
genders [36], sometimes amplified or attenuated by social
norms and gender-related expectations [37,38]. However,
one should be cautious about the interpretation of such phe-
nomena. For one, elicited behaviors are often influenced by
the interaction style [39] and the lack of or plethora of stim-
uli. Secondly, on the automatic part of the feature extraction,
one should take into consideration the possibility of tracker
gender bias when designing the indicators. Besides the dif-
ferent challenges introduced by sex (ex. facial hair on men),

123

http://www.mathworks.com/products/statistics


J Multimodal User Interfaces (2015) 9:17–29 27

shape and appearance features may be influenced by gender,
so one must be careful when constructing features that rely on
those. In the feature list we chose for our analysis we chose
to represent information that should not rely on gender like
head movement, and AUs that are globally defined.

The interaction style becomes a very important factor to
control, since parameters like the gender of the interviewer
or -in our case- the interviewer being a virtual agent, can
affect the genders’ perception [40]. As mentioned in Sect.
3.2 by introducing a virtual human as the interviewer we
are attempting to standardize the interaction and minimize
the variability of the given stimuli. For example, the virtual
human can deliver the same question in the exact same way
(executed with the same controlled animation and verbal-
ized in the exact same way) among participants. This way
one can reduce the effect of one more external factor in the
dyadic interaction and hopefully isolate differences in behav-
ior that are caused by other factors such as psychological ill-
ness or other inherent motivations. During our experiments,
we used consistently the same female virtual human (Ellie).
Understandably, this choice can have a different effect on
the different genders, but at this point we prioritized having
a consistent setup.

In addition to the above gender related differences, some
psychological conditions like depression and PTSD have dif-
ferent base rates among the two genders [41], thus making
it difficult to produce balanced populations for studies, and
this could be seen as an additional motivation why gender-
dependent analysis might be beneficial. We would like to
point out that besides increasing the PTSD or depression
classification accuracy on the whole population, we are hop-
ing that the gender analysis can help shed some more light
into the internal motivations that cause a distressed person to
express or avoid certain behaviors. One interesting result,
showcasing less sadness while in depression seems non-
intuitive but fits very well the nonverbal social withdrawal
hypothesis as seen in previous work [19]. In general, we
observed most gender differences in the category of expres-
sions of emotions, while head movement variation showed
similarities. Perhaps motivations to express or avoid cer-
tain communicative behaviors are subject to different mental
processes in men and women while in depression, whereas
reduction of overall movement (i.e. motor retardation) is a
neurological effect of the illness common in both genders.
The work presented in this article does not attempt to answer
such questions, only to motivate them by gender-dependent
analysis.

At this point, we would like to mention that the introduced
gender-dependent approach does not hinter nor discourages a
fully automatic approach for producing indicators for depres-
sion and PTSD. Gender recognition can be performed auto-
matically. As a proof of concept, we evaluated the perfor-
mance of our system’s real-time gender detection (based on

SHORE Face Detector [34]). By using the first 3sec of the
video interactions our system correctly classified 84% of the
participant genders. This number could be improved if we
add audio information.

The analysis in this article treated PTSD and depression
as distinct clinical conditions, though it should be noted
that both conditions frequently co-occur. Indeed, our sam-
ple showed similar rates of comorbidity to what has been
reported in other studies. Some researchers have gone as far
as to argue that PTSD and depression are simply manifes-
tations of the same underlying disorder and that it is not
meaningful to distinguish the two conditions [10]. Others
argue that it is highly meaningful to differentially distinguish
between these conditions and recommend distinct treatments
depending on whether one or both conditions are present [42].
It would be straightforward to extend our methods to dis-
tinguishing between different conditions and it might be
possible to find nonverbal behaviors that help differentiate
“pure” vs. comorbid participants (e.g., participants suffering
only depression vs. those comorbid for both depression and
PTSD). Our current sample size precluded such an analysis
but, given sufficient data, this would be useful direction to
explore.

8 Conclusion

We identified a directly interpretable and intuitive set of
automatically extracted indicators for depression and PTSD.
This set includes the quantitative analysis of three gen-
eral categories, namely affect, expression variability, and
motor variability, and ties to the predominantly manually
assessed observations within the field of clinical psychol-
ogy. Moreover, we show that a gender-ependent analysis
of nonverbal indicators allows for deeper insights into typi-
cal behaviors, which would otherwise be obscured within a
gender-independent analysis by interactional effects between
the psychological condition and gender. Our experiments
revealed that gender-dependent models outperform gender
agnostic approaches and improve results for both investi-
gated psychological conditions.

One possible future direction of this work is to analyze
the context of interaction and the effect of affective stimuli
on the discriminative power of behavioral indicators. Fur-
ther, we plan to explore indicators based on a dynamic and
multimodal observations by incorporating additional modal-
ities, such as audio, body gestures/posture as well as con-
text/lexical patterns.
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