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Interpretation of Depression Detection Models
via Feature Selection Methods
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F. Cohn, and Gordon Parker

Abstract—Given the prevalence of depression worldwide and its major impact on society, several studies employed artificial
intelligence modelling to automatically detect and assess depression. However, interpretation of these models and cues are rarely
discussed in detail in the AI community, but have received increased attention lately. In this study, we aim to analyse the commonly
selected features using a proposed framework of several feature selection methods and their effect on the classification results, which
will provide an interpretation of the depression detection model. The developed framework aggregates and selects the most promising
features for modelling depression detection from 38 feature selection algorithms of different categories. Using three real-world
depression datasets, 902 behavioural cues were extracted from speech behaviour, speech prosody, eye movement and head pose. To
verify the generalisability of the proposed framework, we applied the entire process to depression datasets individually and when
combined. The results from the proposed framework showed that speech behaviour features (e.g. pauses) are the most distinctive
features of the depression detection model. From the speech prosody modality, the strongest feature groups were F0, HNR, formants,
and MFCC, while for the eye activity modality they were left-right eye movement and gaze direction, and for the head modality it was
yaw head movement. Modelling depression detection using the selected features (even though there are only 9 features) outperformed
using all features in all the individual and combined datasets. Our feature selection framework did not only provide an interpretation of
the model, but was also able to produce a higher accuracy of depression detection with a small number of features in varied datasets.
This could help to reduce the processing time needed to extract features and creating the model.

Index Terms—depression detection, multimodal analysis, feature selection, datasets generalisation.

F

1 INTRODUCTION

A CCORDING to the World Health Organisation (WHO), major
depressive disorders are an increasing global issue that leads

to devastating consequences [1]. A person living with depression
suffers enormously and functions poorly in everyday life tasks.
Depression is a major contributor to the overall global burden
of disease and is the leading cause of disability worldwide.
Depression is strongly linked with non-communicable disorders,
such as diabetes and heart disease, increased risk of substance use
disorders, and at its worst, it can lead to suicide. Even though
treatments for depression are effective, only 10% of depressed
patients receive such treatments, where one of the barriers to
effective care is inaccurate diagnoses. Misdiagnosed and untreated
depression does not only affect the sufferer at a personal level, but
also affects the employer and the government at an economic level.

Given the prevalence of depression disorder worldwide and
its major impact, several studies attempted to automatically detect
and diagnose depression by employing artificial intelligence mod-
elling. Modelling depression in these studies varied in terms of
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investigated modalities, extracted features, modelling algorithms,
etc. Moreover, depression datasets collected by these studies are
also different in purpose, procedure, and environment. The use of
modelling algorithms with such diverse modalities and their high
dimensional feature spaces, restricts the ability to interpret its re-
sults. Moreover, such differences prevent generalisation and draw-
ing solid conclusions about the effectiveness of the modelling.
Feature selection techniques aim at reducing the dimensionality
of the feature space in order to increase the efficiency of the
modelling. However, the majority of such techniques focus on
reducing the number of features used to select the features with
highest class discriminative power, without giving an insight into
what features are being selected. Similarly, depression detection
modelling studies that used feature selection methods did not pro-
vide the selected features by these techniques, which is important
to interpret and generalise a model to other datasets.

To improve the interpretability and generalisability of depres-
sion analysis modelling, we investigate a novel and robust frame-
work that aggregates the results from different feature selection
methods. That is, we utilise several feature selection methods
to interpret a depression detection model, and analyse their ef-
fect on the classification and generalisation results. We extract
behavioural and functional features from speech, eye activities
and head movement from three depression datasets. By having a
closer look at the features being selected by the feature selection
methods, we hypothesise that; (1) there are features that are
commonly selected by feature selection methods that strongly
distinguish depressed behaviour, (2) that these commonly selected
features are robust to randomness and are consistently selected
within different thresholds of the same feature selection method,
and (3) finding these features can be helpful for generalisable
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modelling of depression behaviour independent of the datasets
and recording process.

To best of our knowledge, this paper is the first to explore an
extensive array of feature selection methods to find the strongest
features for a depression diagnosis. The novelty of this paper is as
follows:

• We perform a comprehensive analysis of feature selection
techniques in the context of depression behaviour from
different family groups of feature selection techniques;
traditional flat feature, dynamic (streaming) feature, and
structural based feature selection techniques.

• We propose a framework to aggregate the results of the
feature selection techniques to increase the robustness
to randomness of the selected features, using different
stability measures. We also propose a new feature selection
stability measure using between thresholds stability.

• We generalise the framework by applying it on differ-
ent depression datasets to select the more representative
features. Then, we investigate the effectiveness of these
features by creating depression severity models using
different depression datasets.

This exploration facilitates the interpretation of depression be-
haviour since it is applied on a clinically annotated matched
control-depressed database using multimodal behavioural analy-
sis. Identifying the most meaningful depression behaviour patterns
is significant since behaviour has been associated with depression-
related symptoms in psychology literature. For this purpose,
the main contribution of this paper is the extensively validated
framework that not only reliably identified the characteristics
of depression behaviour, but also provided an understanding of
recognition model performance and its generalisability.

2 RELATED WORK

Automatic modelling of depression aims at providing an objective
measure for a depression diagnosis. This approach addresses the
issue of misdiagnosing depression, which is considered one of the
main barriers to depression treatments. These studies investigated
several cues of depression analysis including; facial expression,
speech characteristics, head and body movement, brain signals,
linguistic choices for text and speech, etc. The extracted features
from such studies differ between each other even when analysing
the same modality, as well as machine learning techniques used
in these studies varies. Intensive reviews of these studies are pre-
sented in [2] for visual features and [3] for speech features. Recent
research on depression modelling share the same differences.

For example, with the emergence of deep learning techniques,
[4] utilised deep convolutional neural networks (DCNN) to model
depression diagnosis from facial expression. They used facial
appearance and dynamic facial movement as images to fine-tune
two separate pre-trained DCNNs, then fused their results in score-
fusion level. The results of their networks architecture outperform
those of other studies. However, due to the complexity of deep
learning techniques, it is difficult to interpret the features that con-
tributed to such improvement in the performance. Moreover, deep
learning techniques need a huge number of labelled observations.
Therefore, it is common to use pre-trained networks. In that study,
the pre-trained sample was of a general face recognition dataset.
This might have an effect on the diagnosis of depression.

Another study modelled forecasting depression mood based on
self-reported history using a recurrent neural network (RNN) [5].

The study used long-term historical information of a user that in-
cludes; user reported mood, action, medications, sleeping patterns,
etc. The subjects of the study report the information periodically
each day over several months. The study could accurately forecast
severe depression mood up to two weeks in advance. However,
since the information is self-reported, there is no indication of
how such a model would work as an automated system.

Another example of deep learning utilisation for depression
detection is presented in [6], where audio and text features are
extracted from virtual agent-human interaction interviews. A long-
short-term memory (LSTM) neural network model is built using
audio and text features, where it outperformed the baseline result.
Although, it is difficult without further investigation to interpret
the model to know exactly what features contributed to the high
performance.

Using AVEC dataset, [7] investigated three deep learning
techniques as a method of transferred learning in an effort to
increase the diagnosis of depression severity based on visual
cues. Even though their results show similarity to the state-of-
the-art, it does not provide an interpretation of the model and its
effectiveness.

Even without using deep learning, automatic feature extraction
from video signal are not always interpretable. For example, in
[8], dynamic facial feature descriptors are automatically extracted
from the video recording of AVEC depression dataset. Local
binary pattern is extracted from three orthogonal planes to capture
microstructure of facial appearance, where the results histograms
are concatenated. Fisher vector is then used to cluster the features,
and a support vector regression is used for depression severity
modelling. The results showed an improvement from the baseline
and other studies. However, such approaches are difficult to
interpret.

Feature selection methods have been utilised for depression
modelling studies, with the goal of improving the accuracy of
depression diagnosis. Both survey papers of [2] and [3] listed some
studies that utilised feature selection methods. However, such
studies do not report the selected feature set, which would improve
the understanding of the generalisation of their findings, nor report
stability measures and the procedure to increase it. Moreover,
some of these studies used feature transformation methods, where
the actual features that contribute to the modelling cannot be
identified.

For example, in [9], depression diagnosis was investigated
using facial dynamic analysis, where extracted features were
transformed using sparse coding. Sparse coding aims at reducing
the complexity of dynamic features and aims at suppressing the
noise in a feature. Sparse coding is a compression method similar
to feature transformation, where the original features after the
coding cannot be identified. Likewise, in [10], where they used
Principal Component Analysis (PCA), a feature transformation
method, for dimensionality reduction of acoustical and perceptual
speech features to detect depression. In [11], non-linear down-
sampling function for dimensionality reduction was applied on
speech. Even though [12] employed both transformation method
and a voted version of correlation-based as a filter feature selection
method, the selected features based on the filter method were not
reported.

Sharing a similar goal of model interpretation as this current
work, [13] recently developed a method to measure depression
severity automatically using face and head modalities. The facial
features (shape representation) were isolated from head movement
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using barycentric coordinates. They also extract head movement,
where they used feature reduction on the two modalities such as
PCA and mRMR (minimum Redundancy Maximum Relevance).
The face and head movement were presented as a histogram
to interpret the results, where the velocity features of facial
shape representation show strong discrimination power with re-
spect to depression severity. To further this line of research on
interpretability, we analyse depression modelling from features
extracted from speech behaviour, speech prosody, eye activity as
well as head movement in a multimodal manner.

3 BACKGROUND ON FEATURE SELECTION

In general, feature selection methods are categorised to supervised,
when the classes’ labels are known and used to evaluate the
features, and unsupervised, when no labels are available and
features are clustered and evaluated for redundancy. This work
utilises supervised feature selection methods only, since the focus
here is supervised depression detection modelling. Supervised
feature selection techniques aim at finding small and representative
features that differentiate classes from each other. This is done by
removing redundant features and features that do not add value to
distinguish the classes.

There are several categorisations for feature selection methods,
which are based on their applications, input and output data
types (see Table 1). For example, feature selection methods that
evaluate all extracted features at once are under flat (static) feature
category, while feature selection methods that evaluate each ex-
tracted feature as they come available (e.g. online streaming) are
under dynamic feature category. Flat feature selection methods
are traditionally employed in the literature, where their algorithms
assumes that the features are known and extracted in advance.
Dynamic feature selection methods are excellent when the total
number of features are not known in advance, and they evaluate
the new feature to decide (depending on the algorithm) to either
include it, replace an old feature with the new one or ignore it.
Even though the feature space in our investigation is known in
advance, we also chose to apply the dynamic feature selection as
an approach to analyse the selected features by these methods.
Another family of feature selection methods deals with structural
data, where relations between features are learned to construct a
structure (e.g. tree), and then the selected features will be based
on their location in the structure (e.g. a feature that is located in
higher nodes of a tree are more likely to be selected than one in
an isolated branch of the tree).

Regardless of the categorisations, every feature selection
method uses a different technique/algorithm to evaluate the fea-
tures. Some feature selection techniques evaluate each feature
individually and their contribution in distinguishing the classes
without considering the relationship with other features (e.g. t-
score). Other techniques evaluate the correlation of features with
the class and each other (e.g. Correlation Feature Selection (CFS)).
Some techniques evaluate feature groups instead of individual
features, where the feature group as a whole is evaluated for
selection.

Moreover, feature selection techniques/algorithms differ in the
type of input features to be evaluated, where some methods only
evaluate discrete input data, while others evaluate both continuous
and discrete input data. Based on the output of the method, feature
selection methods can be categorised to ranking features, scoring
features and selecting feature subset. Ranking methods sort the

features based on their importance and value in distinguishing
the classes. Scoring methods output a score for each feature
representing their importance, such that the higher the feature’s
score the higher its value in separating the classes. On the other
hand, methods that output a feature subset do not give a score or
a ranking to individual features, rather they produce a subset of
features that performs better in classifying the classes.

For dynamic feature selection, Scalable and Accurate Online
Feature Selection (SAOLA) [14] and group-SAOLA [15] were
proposed as an online pairwise comparison with a focus on
scalability solutions. Relevancy and redundancy of features are
analysed using mutual information for the decision of including
or excluding them. A continuous comparison between the previ-
ously selected features and the newly arrived feature, where the
feature with lower relevance with the target class is removed.
In the group-SAOLA algorithm, features are divided into groups
(e.g. for image analysis, feature groups like SIFT features and
colour and shape features [15]), and within each group, several
individual features exist. The individual features in a group are
analysed first, where redundant and irrelevant features within that
group are removed. Then the remaining features from different
groups are analysed, where redundant features from other groups
are removed. Online Streaming Feature Selection (OSFS) [16]
and fast-OSFS [17] also use mutual information in verifying
the relevance and redundancy of features. Alpha-investing is a
streaming feature selection method that uses statistical criterion
to analyse the relevancy of newly arrived features [18]. Alpha-
investing dynamically adjusts a threshold on the p-statistic to
controls adding a new feature to the model. That is, if the p-
value of a new feature is greater than the threshold, then the
feature is added to the model. In Alpha-investing, OSFS and fast-
OSFS methods, once a feature is selected it will not be removed.
Instead, the new arriving feature will be evaluated for inclusion
based on its relevance to the class and its redundancy to already
selected features. The above dynamic methods use a α-statistical
significance level to determine the inclusion of a new feature.
Alpha-investing uses dynamically adjusted α, while the others use
a predefined α for inclusion, where in this work it is set to 0.1.
Adaptive group LASSO (AGLasso) (least absolute shrinkage and
selection operator) was proposed to overcome inconsistency in
selecting features from LASSO and group LASSO. The LASSO
method applies a shrinking (regularisation) process by penalising
the coefficients of the variables, where only the variables with
non-zero coefficient are selected. LASSO uses the l1 penalised
least squares criterion to evaluate features, which is the sum of
the coefficients’ absolute values. As a result, many coefficients
will be zeroed under LASSO with high values of a threshold
(selected in advance). Adaptive group LASSO has flexibility
through weighting each coefficient differently to avoid applying
the same penalty, which could result in over and insufficiently
shrinking regression coefficients.

Some feature selection methods learn a structure from the
analysed features to select the best features, including network,
tree, and graph structures, as well as rough sets. Unlike most
traditional methods that are limited to find interactions between
few variables, structure data methods capture high-order interac-
tions between the variables. To learn a network structure from
input features, Bayesian Network using Markov Blanket (MB)
is widely used. We chose two methods from this group namely
the traditional max-min parent children MB (MM-MB) [19] and
state-of-the-art statistically equivalent signature (SES-MB) [20].
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The main difference between MM-MB and SES-MB is that the
latter extends the first by finding multiple subsets of feature that
have statistically equivalent performances. Both methods utilise
Bayesian networks as graphical models in order to give compact
representations of multivariate distributions. The graph composed
of nodes that represent variables, and edges that represent relations
between the variables, either parent or child. MB is derived based
on the parent, children, and any additional parent of children
(spouses) of a node. MB of a feature finds redundant features to be
eliminated, while MB of a target class comprises a set of selected
features. In SES-MB, it is assumed that multiple MBs exists for
a target class, where the best representative set is determined for
final selection.

Tree structure using random forest variations has been also
utilised for feature selection, where five methods were used in this
work. A random forest (RF) is used to measure feature importance
[21], where the features with the highest importance scores are
selected individually. However, this approach does not consider
feature redundancy. Regularised RF (RRF) recursively split data,
then penalise selecting a new feature that has similar gain (e.g.
information gain) to the features used in previous splits [22].
Guided RRF (GRRF) method employs ordinary RF to guide RRF
for selecting the features based on feature importance scores [23].
Selection of grouped variables using random forests was proposed
(GRF), where permutation-based importance measure is used for
each feature group [24]. A most recent approach used Gradient
Boosting for feature selection [25], where sequential trees are used
for learning and regularised by LASSO.

Graph-based feature selection offers similar benefits of struc-
tured data, where the problem feature selection is mapped to an
affinity graph (features are the nodes). Infinite Feature Selection
(Inf-FS) finds a path in the graph that connects a subset of features
to evaluate the importance of each feature while considering
all the possible subsets of features [26]. Infinite Latent Feature
Selection was proposed as an extension of Inf-FS, where rele-
vancy is modelled as a latent variable [27]. Similarly, Eigenvector
Centrality (EigenC) assesses the importance of a feature based on
its centrality and the importance of its neighbours [28].

Rough set theory (RST) has been used for feature selection for
its ability to deal with incomplete knowledge. In feature selection,
RST finds a reduct set of attributes, which is a set of features
that have high accuracy in classification. Several algorithms are
used to find the reduct. Quick Reduct is a well-known method
that uses a greedy search algorithm to select a subset of features
using dependency degree as stopping criteria [29]. Dynamically
Adjusted Approximate Reducts (DAAR) modifies Quick Reduct
method by including an additional stop condition, which is a
random permutation [30]. The near-optimal (nearOpt) implements
fast heuristic algorithms to obtain one near-optimal attribute re-
duction instead of finding all reducts [31].

Traditional feature selection assumes a flat (static) and known
in advance predictors. Flat feature selection are categorised to
filter, embedded and wrappers, where the well-known and widely
used methods in the literature are employed in this work. Filter
methods use statistical (e.g. t-score [32], Chi square [33], CFS
[34]), similarity (e.g. Fisher score [35], ReliefF [36], Spectral
Feature Selection (SPEC) [37]) and information theory approaches
(e.g. mRMR [38], Joint Mutual Information (JMI) [39], Condi-
tional Mutual Information Maximisation (CMIM) [40], Double
Input Symmetrical Relevance (DISR) [41]) to select the best fea-
tures. While embedded (e.g. LASSO [42], L1-SVM [43], Elastic

Fig. 1: Preparation Phase of the Feature Selection Framework

Nets [44], Ridge [45]) and wrappers (e.g. genetic algorithms (GA)
[46], Boruta [47], conditional covariance minimisation (CCM)
[48], recursive feature elimination with a linear SVM (SVM-RFE)
[49], SVM-Backward feature selection [50]) employs classifica-
tion algorithms for evaluations.

4 SELECTING FEATURE FRAMEWORK

In this section, we introduce our proposed feature selection
framework for the interpretation and classification of depression
detection model. Our proposed framework for feature selection
comprise of three main phases, preparation phase (see Figure 1),
feature selection process phase (see Algorithm 1), and aggregation
phase (see Figure 3).

4.1 Preparation Phase
The steps in the preparation phase start with collecting video
recording of subjects (depressed and control). The raw video
recording is analysed to extract several behavioural features from
different modalities. A variety of feature selection algorithms from
different families are implemented to be applied to the extracted
features.

4.1.1 Depression Datasets
The main dataset used in this work is a real-world data collected
in an ongoing study at the Black Dog Institute, as detailed in [51].
For the generalisation purposes, we used two other depression
datasets, University of Pittsburgh depression dataset (Pitt) [52]
and Audio/Visual Emotion Challenge Depression Dataset (AVEC)
[53].

BlackDog: The Black Dog Institute is a clinical research facil-
ity in Sydney, Australia, offering specialist expertise in depressive
disorders. Only subjects who fit the criteria of healthy controls,
as well as depressed patients, are included. All depressed subjects
met the DSM-IV (Diagnostic and Statistical Manual of Mental
Disorders - fourth edition) criteria for either moderate or severe
depression. Quick Inventory of Depressive Symptomatology self-
report (QIDS-SR) [54] was used to score the severity of depres-
sion, (QIDS-SR score of 11-15 points refer to a “Moderate” level,
16-20 points to a “Severe” level, and ≥ 21 points to a “Very
Severe” level). Control participants were also screened for history
of psychiatric and neurological illness. Once subjects were found
to meet the inclusion criteria, they are invited to undergo the
experimental paradigm.
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Participants, both depressed and control, are audio-video
recorded in one session only. The audio-video experimental
paradigm contains several parts, including answering open-ended
questions. The interview is conducted by asking specific open-
ended questions, where the subjects are asked to describe events
in their life that had aroused significant emotions. This item is
designed to elicit spontaneous, self-directed speech and related
facial expressions, as well as overall body language.

In this work, a gender-balanced subset of 30 depressed subjects
and 30 controls were used for the analysis. For depressed subjects,
the level of depression was a selection criterion, with a mean of
19 points (range 14-26 points) of the diagnoses using QIDS-SR
scores. Even though the sample size used here is relatively small,
this is a common problem in similar clinically validated datasets.
Furthermore, from the parts of the experimental paradigm, only
the interview section was analysed for feature extraction.

Pitt: The data are from a subset of 57 participants in a clinical
trial for treatment of depression conducted at the University of
Pittsburgh Medical Center. Treatment consisted of antidepressant
medication (i.e., an SSRI) or interpersonal psychotherapy [52].
Both are evidence-based treatments for depression.

All participants met DSM-IV criteria for Major Depressive
Disorder (MDD) at start of the study. Audio-video recordings
were obtained during depression severity interviews at 7-week
intervals over 21 weeks beginning at week one. HRSD (Hamilton
Rating Scale for Depression) scores of 15 or higher are generally
considered to indicate moderate to severe depression; and scores
of 7 or lower to indicate a return to normal [55].

Nineteen participants scored 7 or below at one or more
sessions. For inclusion in the study, we randomly sampled one
low-depression session from each of these participants. We then
randomly sampled a session rated as severe from among an equal
number of randomly selected participants that scored in the severe
range. Thus, the final sample consisted of 38 participants: 19 with
a low-depression session and 19 with a severe-depression session.

AVEC: The Audio/Visual Emotion Challenge (AVEC) is a
subset of the German audio-video depressive language corpus
(AVDLC). In its 2013/2014 versions, AVEC included a challenge
on an automatic estimation of depression level [53]. The database
includes 340 video clips of 292 subjects, with only one person per
clip, i.e. some subjects feature in more than one clip. The speakers
were recorded between one and four times, with a period of two
weeks between the measurements. However, in this work we only
select one session per subject, where the subjects from the severe
and low depression do not cross.

In AVEC dataset, the depression severity is based on the Beck
Depression Index (BDI), which is a self-reported 21 multiple
choice inventory [56]. The BDI scores range from 0 to 63, where
0-13 indicates minimal depression, 14-19 indicates mild depres-
sion, 20-28 indicates moderate depression, and 29-63: indicates
severe depression. The average BDI-level in the AVEC dataset
was 15 points (standard deviations = 12.3).

The AVEC depression database contains naturalistic video and
audio of participants partaking in a human-computer interaction
experiment guided by PowerPoint and contains several tasks
including telling a story from the subject’s own past (i.e. best
gift ever and sad event in childhood).

In this paper, a balanced subset of AVEC database is selected
based on the BDI score. We categorised the recordings in binary
groups indicating severe-depressed where BDI score is more than
29, and minimal-depressed where BDI score is less than 13. Since

there were only 16 subjects with a BDI score more than 29, the
same number of subjects is selected with ascending low BDI
score from 0 to 4. The spontaneous childhood storytelling from
the recording tasks is analysed for feature extraction, in order to
match the spontaneous interview from BlackDog and Pitt datasets.

As can be seen, the datasets differ in aim, depression assess-
ment/scoring method, and recording procedure. BlackDog aims to
compare depressed patients with healthy controls, while both Pitt
and AVEC datasets measure and monitor depression severity. Each
dataset used different depression assessment tools, which made the
depression scores incomparable. In BlackDog and Pitt datasets,
all depressed subjects met DSM-IV criteria initially. In BlackDog,
depression was assessed using QIDS-SR from both depressed and
control subjects. In Pitt, depressed subjects were classified by
their subsequent score on a depression severity interview (HRSD,
which is the gold standard in clinical trials). In AVEC, all subjects
were assessed using a cut-score on the self-report BDI. These
methods correspond to the various ways that depression is assessed
in research and clinical practice. For consistency across the three
datasets, each of the respective scores was converted to its QIDS-
SR equivalent using the conversion table from [57]. Each dataset
is treated and classified as a binary classification task. That is, with
BlackDog dataset the system classifies depressed from control
subjects, while with Pitt and AVEC the system classifies severe
depression from low depression.

4.1.2 Modalities and Feature Extraction
Behavioural patterns (using statistical measures) of subjects’ re-
sponses during the interview (interaction) were extracted from
different modalities, which are; speech behaviour, speech prosody,
eye activity, and head movement. Given the differences not only
between subjects, but also between dataset recording environ-
ments, normalising each extracted feature was performed within-
subject session as described below, and listed in Table 4.

Speech behaviour (SB) (for BlackDog only) Verbal cues
and interaction style observed during clinical interviews showed
significant differences between depressed and control subjects
[58]. Recently, [59] found that speech behaviour features (e.g.
speakers’ turns, laughter) performed better than other modalities’
features (e.g. speech prosody, visual features) in depression sever-
ity modelling. The speech interaction pattern during interviews is
extracted, following the methodology in [51], (which was done
for the BlackDog dataset only due to differences on the other
datasets). For the BlackDog dataset, the interviews were manually
labelled to separate speakers (i.e., research assistant (RA) and the
subject) and to separate several parts of the speech signal for
analysis. A total of 88 speech behaviour features are extracted,
where these features are grouped listed below. For each feature
group, 9 statistical measures are calculated including the average,
maximum, minimum, range, variance, standard deviation, total,
rate, and frequency of occurrence.

Speech prosody (SP): A recent review on the utilisation of
speech prosody features in modelling depression detection and
depression severity showed a great impact of these features in
the accuracy of the model [3]. Statistical functionals from low-
level prosody features were extracted from sounding segments,
following the procedure in [60], where the raw features are
extracted with frame size set to 25ms at a shift of 10ms and
using a Hamming window. The most common features in the
depression detection literature from the fields of psychology and
affective computing were extracted as listed in the feature groups
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below. Following the literature, and to increase the accuracy of
depression detection, the first (∆) and second (∆∆) derivatives
of each low-level feature were also extracted [3]. Then a total of
504 statistical functional features are calculated in session-level,
where 6 statistical measures are extracted for each feature and
its ∆s derivatives that include mean, minimum, maximum, range,
variance and standard deviation.

Eye activity (EB): Eye movements of depressed patient
studies were reviewed in [61], where such features were shown
to have statistical discriminating power between patients with
depressive disorders from controls. Such features were also used
for modelling depression detection, where they show promising
results [62]. Following the methodology of eye feature extraction
in [63], eye activity (e.g. blinking, iris movement) were extracted
using eye detection and tracking model, for each eye in each frame
(25 fps). A total of 126 statistical features (average, maximum,
minimum, variance, and standard deviation) of the feature and its
∆s derivatives were extracted and grouped as listed in Table 4.

Head movement (HB): Studies on depressed patients’ be-
haviour demonstrated a pronounced nonverbal behaviour includ-
ing head movement that reflects depression persistence [64].
Modelling depression detection using head gesture and movement
showed supporting results to other cues [65]. Following the pro-
cedure in [63], we extract 3 degrees of freedom head movement
behavioural patterns from each frame (25 fps). From these pose
features, as well as their velocity and acceleration (∆s derivatives),
we extract a total of 184 statistical features as grouped below. The
statistical measures include maximum, minimum, range, mean,
variance, and standard deviation for the features, its derivatives,
and their changes, as well as maximum, minimum, range, average,
and rate of head direction duration

4.2 Feature Selection Process Phase
In this work, as described in Section 3, we select a variety
of feature selection techniques from each category, which are
listed in Table 1. To ensure fair comparison and evaluation of
the implemented feature selection techniques, all features with
continuous data are converted to discrete data. Moreover, feature
selection methods that output a score for each feature could be
converted to ranking, and ranking could be used to select a feature
subset using a specific threshold. However, the opposite is not
always possible. Therefore, in order to aggregate the results of
the feature selection methods, feature selection output was used to
select a subset of features using a threshold of 10%, as detailed in
Section 4.3. We acknowledge that some feature selection methods
are sensitive to the training sample and to the order of features in
the input data. However, we hypothesise that the features that are
selected by these methods will be either strengthened if commonly
selected by other feature selection methods, or weakened if not
commonly selected by other feature selection methods during the
aggregation phase. That is, the feature aggregation phase ensures a
valid selection of features to increase the stability, interpretability,
and generalisability of the model, and eliminates randomised
factors, sensitivity to training sets, and sensitivity to feature order
of the feature selection methods. This is done using ensembles of
different splits of training data, in multiple rounds of 38 feature
selection methods. Moreover, the methods are evaluated through
two different stability measures for aggregation, to ensure only
features that are robust to these issues will be selected. Similarly
for feature selection methods that select one feature from a group
of redundant features.

TABLE 1: Properties of Implemented Feature Selection Methods

Feature Selection method I O G Ref
Dynamic Group SAOLA D R Yes [15]
Features Adaptive Group LASSO Sp Sb Yes [66]

Fast OSFS C Sb No [17]
OSFS C Sb No [16]
SAOLA D Sb No [14]
Alpha-investing D Sb No [18]

Structured Network MM-MB C Sb No [19]
Data SES-MB C Sb No [20]

Tree RF D R No [21]
Gradient Boosting D R No [25]
RRF D R No [22]
GRRF D R No [23]
GRF D GR Yes [24]

Graph Inf-FS D R No [26]
Infinite Latent D R No [27]
Eigenvector Centrality D R No [28]

Rough Quick Reduct D Sc No [29]
Set DAAR D Sc No [30]

nearOpt D Sc No [31]
Flat Filters Statistics t-score C Sc No [32]
Features Chi square C Sc No [33]

CFS C Sc No [34]
Similarity Fisher Score C Sc No [35]
Based ReliefF C Sc No [36]

SPEC C Sc No [37]
Information MRMR D Sc No [38]
Theory JMI D Sc No [39]

CMIM D Sc No [40]
DISR D Sc No [41]

Embedded LASSO Sp R No [42]
L1-SVM Sp R No [43]
Elastic Nets Sp R No [44]
Ridge Sp R No [45]

Wrappers GA C Sb No [46]
Boruta C R No [47]
CCM C Sb No [48]
SVM-RFE C Sb No [49]
SVM-Backward C Sc No [50]

I: Input type, O: Output type, G: Whether the method evaluate features as groups;
D: Discrete values, Sp: Sparse values, C: Continuous values, R: Rank of features;
Sb: Subset of features, GR: Rank groups of features, Sc: Scores of features;

Therefore, ensembles are used. One way of implementing en-
sembles is by using several feature selection methods on the same
data, then aggregate the selected features from these methods.
Another way of implementing ensembles is by using the same
feature selection method with different parts of the sample data
for training (e.g. hold out). In this work, we follow both ensemble
methods, in two levels. The first level of ensembles is detailed
in Algorithm 1 and described below, while the second level of
ensembles and their aggregation is presented in Section 4.3.

For each feature selection method, we follow the same process
to reduce variability that might compromise the comparison or the
aggregation of the results. Some of the feature selection methods
could only apply on discrete data, while others could work on both
discrete and continuous data (see Table 1). To equalise the process
and the comparisons between the feature selection methods, we
discretised the continuous data for all feature selection method.
Discretisation is the process of estimating the number of nominal
values from continuous sample data, and then categorise each con-
tinuous value to its nearest nominal value. Even though advanced
methods for discretisation exists, such as k-means clustering, we
used Sturge’s Rule for its balance between simplicity and avoiding
overestimating the number of class intervals (nominal values).
This choice is also to avoid overfitting the discretisation process on
one dataset since we aim to generalise using different depression
datasets. The formula used for discretisation is K = 1 + log2(n),
where K is the number of class intervals (bins) and n the number
of observations in the set. Since we are using three different
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Algorithm 1: Process of Feature Selection Methods
Data:
data: dataset (samples x extracted features) with labels
M : list of feature selection methods
th: feature cut threshold
Result:
Sfea: Array of subset of selected feature from each method
Stb: Array of stability measure for each method

for m ∈M do
for run← 1 to Runs do

for ensemble← 1 to Ensembles do
train← split(data, holdout) /* random train and
test subsets split */

Dtrain = discrete(train.values) /* convert
continuous data to discrete */

fea = m(Dtrain, train.labels, [th]) /* apply method on
the discretised train subset providing the
labels for supervised feature selection and
threshold if required */

if m is Scoring ||m is Ranking
then /* method m outputs feature ranking or
scoring */

Efea[ensemble] = fea[1...th] /* select top
th features (sorted score/rank) */

else
Efea[ensemble] = fea /* method already
returns 1...th feature subset) */

Rfea[run] = aggr(Efea, th) /* aggregate selected
features from all ensembles */

Stb[m] = stability(Rfea) /* Calculate stability
measure between the selected features of all Runs

*/

Sfea[m] = Intersection(Rfea) /* Get features that
intersection between Runs */

return Sfea;Stb;

datasets of different sizes, we chose n to be the average sample
size between the three datasets. That results in K = 7, which
was kept constant in all feature selection methods as well as for
classification phase for consistency.

Moreover, as discussed earlier, some feature selections rank
the features, score them or select a feature set. We cannot convert
a selected feature set to scores or ranking, while the opposite is
possible. Therefore, all ranking and scores were converted to a
feature set by sorting them and then selecting the top feature based
on a specified threshold. In this work, the threshold is set to 10%
of the total number of the analysed features. We chose 10% to
have a small number of features suitable to our datasets size to
avoid the curse of dimensionality. This threshold is kept constant
in all analysis of the modalities and in the different datasets to
assure consistency in the comparison.

Since most feature selection methods are sensitive to the
training data, several iterations are performed using random train-
ing subsets, then the selected features from each iteration are
aggregated. The aggregation function depends on the output of the
method. For example, if the method outputs a score, an average
score of all iterations is calculated for each feature. Then the
average scores are sorted to select the top scored features. In this
work, we use 50 iterations (ensembles), where in each ensemble
80% of the data samples are split randomly for feature selection
method training. Since the selected features are converted to a
subset for all feature selection methods from each ensemble, the

Fig. 2: Between Thresholds Stability Measure (BTS)

aggregation function in this work is the frequency of a feature
to be selected by all ensembles. Then the top 10% features with
the highest selection frequency are selected. In the case of several
features that had the same frequency at the end edge of the top
10%, the selection of the features will be based on the feature
ID, where the lower ID is selected first. For example, features 14,
255, 509 all have a frequency of 37, and they are the last to be
selected, feature 14 will be in the final selected feature set. This is
done instead of a random selection of these features to reduce the
variability when aggregating features from all methods.

To calculate the stability of a method, the selected features
from separate runs are compared. The aggregated features from the
ensembles of each method are run twice to calculate the stability
measure between the selected features from the two runs. We use
two stability measures for this purpose, the traditional Jaccard
similarity index (JI) (also called Tanimoto similarity), which is
suitable for comparing sets of single points (in our case the
selected features’ IDs). Other stability measures exist to compare
the scores or ranking of features, which are not used in this work.
JI of a method is calculated by the number of overlapping features
between runs, over the number of all selected features from both
runs, as in the following formula:

JI(Mr1,Mr2) =
|Mr1 ∩Mr2|
|Mr1 ∪Mr2|

where Mr1 and Mr2 are the aggregated selected feature
for method M in each of the two runs, respectively. Finally,
the aggregated selected features from both runs are intersected
to select the strongest features of the method. Therefore, the
algorithm concludes by producing the stability measure and the
intersected selected features of the runs.

We also propose another stability measure to evaluate the
stability of a feature selection method to be used in a combination
with Jaccard index. We name the proposed stability measure
as Between Thresholds Stability (BTS) (see figure 2). In this
stability measure, we consider a method to be fully stable when
the top 10% selected features have full overlap with the top 20%
selected features as well as in the top 50% selected features. These
specific thresholds were selected heuristically, with the rationale
of measuring the overlap of top selected features with different
levels of flexibility (too lax, too firm, and in between). Similarly,
the method is considered not at all stable when there is no overlap
between the selected features from different thresholds. Therefore,
the stability is measured based on the number of features that
overlaps with different increasing thresholds over the total number
of features in the smallest threshold, as shown in the following
formula:
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TABLE 2: Summary of Aggregation Levels

Aggregation Description
Method-level Selects the final feature set that is robust to ran-

domness based on stability measures of each feature
selection method.
Gives an insight into the strongest features that dif-
ferentiate depressed behaviour in each modality.

Modality-level Accumulates the strongest features from each modal-
ity and the combined modalities using intersect
(strict) and union (lenient).
Captures both features that interact with other fea-
tures within individual modality and between differ-
ent modalities.
Mainly meant for modelling depression detection, as
well as generalising the selected features on different
depression datasets.

Dataset-level Finds a set of features that could generalise depres-
sion modelling regardless of the dataset using relaxed
intersection.

BTS(M) =
|Mth=10 ∩Mth=20 ∩Mth=50|

|Mth=10|
where M is the feature selection method, and th is the used
threshold. This is performed over the intersected features from
the two runs for each threshold level, where each threshold level
follows Algorithm 1 process.

Moreover, to evaluate the performance of the feature selected
methods they were also compared to a random guess method,
where we follow the same process (ensembles and runs) for a
random feature selection. Stability measures were calculated in
the same way for the random method.

4.3 Aggregation Phase

The process as explained so far, is performed over each feature
selection method to select the most promising features in a feature
space. This is executed on each modality individually (e.g. SB) and
on the combined modalities (All-M). We performed the process
over the full feature space from all modalities (All-M) to find the
strongest features and their interactions when all modalities are
fused. However, this could result in selecting features mostly from
the strongest modality without giving a balance to other modalities
in selecting their strongest features. This could be avoided by
applying the feature selection framework on individual modalities
as well. Furthermore, this will be beneficial for generalisation
investigation, since not all modalities exist in all depression
datasets (i.e. no SB for AVEC dataset procedure).

To select a final feature set for interpretation and modelling, we
perform two-stage feature aggregations in each dataset. The first
aggregation stage is on the feature selection Method-level, while
the second stage is on Modality-level as described below and
summarised in Table 2. For generalisation investigation, Dataset-
level aggregation is performed to select the common features that
are selected from individual datasets.

Method-level Aggregation: The process of methods-level
aggregation is illustrated in Figure 3. Basically, the aggregation
uses both stability measures, Jaccard similarity index and between
thresholds stability, as weights to evaluate each feature selected
by each method, then the average weights of each feature are
calculated. The average weighted features from each stability
measure are then sorted and the top 10% features are selected.
Features that have conflicting stability weights are eliminated

Fig. 3: Method-level Aggregation of Selected Features Using
Different Stability Measures for each Modality
(Top:The bottom matrix of this top-subfigure is calculated based on the voting
of each feature from the top 10%, 20%, and 50% of selected features from
each method. Then, the votes of each feature are multiplied by the BST in
each method. To aggregate the features from all methods, the average of the
weighted votes of each feature is calculated and sorted to select the features
with the top 10% highest weights.
Bottom-left: the selected features from top 10% of a method are multiplied by
the JI of that method. Then the average weights of each feature are calculated
and sorted for the top 10% features to be selected.
Bottom-right: the selected features from both JI and BTS weights are inter-
sected. The final selected features are analysed for interpretation, modelling
and generalisation.)

through an intersection function. The remaining features are the
final selected feature for the modality, which is used for the
interpretation and modelling of depression recognition.

For JI (bottom-left of Figure 3), features that have been
selected by a certain method (indicated by 1) are multiplied by
the JI of that method. Then the average weights of each feature
are calculated and sorted for the top 10% features to be selected.

The process for BTS (top of Figure 3) is slightly different.
The feature selection process of algorithm 1 is performed on
three thresholds, 10, 20 and 50. BTS is calculated for each
method, where the aim is to give higher weight for methods
that consistently select the same features when using different
thresholds. To aggregate the features from the different thresholds
for each method, the frequency of a feature being selected from the
three thresholds is calculated. This is to give a higher frequency
for features that demonstrate consistently in all thresholds. The
frequency of each feature in a method is then multiplied by BTS of
that method to produce a weight for each feature in each method.
Similar to JI step, the average weight of each feature is used to
sort the features to select the strongest 10%.
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Fig. 4: Modality-level Aggregation of Selected Features using
Intersection and Union
(between parentheses is the number of features), SB: Speech behaviour, SP:
Speech Prosody, HB: Head behaviour, EB: Eye behaviour

As mentioned above, the selected features from both JI and
BTS weights are intersected to reduce the features that might
have a conflicting weighting from the stability measures. This will
result in the final selected features for the modality that have been
analysed.

This process ensures that feature selection methods that have
high stability measures would get a higher effect in selecting the
final feature set. The same applies to feature selection methods that
have low stability measures. Methods-level aggregation could also
be done by only selecting methods of high stability by disregard-
ing the feature selection method (weight of zero) with stability
measures less than a certain level (e.g. stability measures of a
method are less than the ones from random selection). We choose
not to disregard any feature selection method used in this work,
as we believe the method weighting procedure will eliminate the
effect of such methods on the overall selected features. This level
of aggregation gives an insight into the strongest features that are
consistently chosen to differentiate depression in each modality.

Modality-level Aggregation: By method-level aggregation,
around 10% of the strongest features from each modality will be
systematically selected, which is performed on individual modali-
ties and the combined modalities. The second stage of aggregation
is to further refine the feature selection to fuse the strongest
features from each modality and the combined modalities for
modelling depression detection (see Figure 4). The feature spaces
between the individual modalities are totally independent, while
each modality shares part of the feature space of the combined
modalities. We assume that running the feature selection process
on the full feature space, beside the individual modalities, will
produce varied features in addition to the ones selected when
applied to individual modalities sub-feature spaces. That is, when
using full feature space, features that have strong correlation with
features from the other modalities will be selected. Moreover,
we also expect that there will be bias toward the strongest sub-
feature space. Therefore, modality-level aggregation assures that
the strongest features are selected from each modality and the
combined modalities to capture both features that interact with
other features from different modalities, as well as the strongest
features from each modality. We perform this aggregation using
two methods: intersect, which is strict, where only features from
individual modalities that intersect with combined ones are se-
lected, and union, which is lenient, where all features that are
selected by individual modalities and the combined ones are

selected. This level aggregation is mainly meant for modelling
depression detection, as well as generalising the selected features
on different depression datasets.

Dataset-level Aggregation: Modality-level aggregation pro-
duces feature sets (intersection and union) from individual
datasets. To generalise our proposed approach, and find a set of
features that have high results for depression modelling regardless
of the dataset, we perform dataset-level aggregation. To achieve
this, the selected features from individual datasets are aggregated
by finding the common features between the datasets. We apply
the framework to BlackDog, AVEC, Pitt, and when all datasets
are combined. Worth noting that when all datasets are combined,
no individual normalisation is performed. That is, the raw values
of the features in each dataset are kept as is. Even though the
variations between the raw values in each dataset are high given
the differences in the recording environment, further normalisation
of individual datasets could introduce contamination. Moreover,
allowing such variation in raw values would inspect the robustness
to recording environment differences of our framework once
applied to real-world data. The feature sets from modality-level
aggregation for each dataset are intersected. Given the differ-
ences between the datasets, we anticipate that strict intersection
(agreement of all datasets) will not produce enough features for
a generalised modelling of depression. Therefore, we introduce a
relaxed intersection, to find the finest feature set that has the ability
to generalise to different datasets.

A relaxed intersection is a method used in a variety of applica-
tions, such as constraints satisfaction problems such as localisation
and control of a robot. To avoid an empty intersection of con-
straints, relaxed intersection allows relaxation of few constraints.
The q-relaxation, denoted as ∩{q}Xi, of the sets X1, ..., Xm, is
the set of all x which belong to all Xi’s, except q at most [67].
In q-relaxed intersection, q is set by the application to adjust the
level of relaxation. In other words, if q is set to 0, then the result
is the strict intersection, where the results are only the items that
exist in all sets. While if q is set to the number of sets (m), the
results are the union of all items in the set. In this work, we explore
intersecting the selected features from different datasets and their
effect on depression modelling using different q values for the
q-relaxed intersection.

4.4 Modelling Depression Detection

For modelling depression detection, machine learning techniques,
such as neural networks (NN), are used. In this work, we
use a support vector machine (SVM) to model depression in
a binary classification problem (i.e. severe depressed vs. low-
/non-depressed). Unlike NN and its deep learning variations that
requires huge sample size, SVM is a discriminative method that
learns boundaries between classes even when using small datasets,
while providing good generalisation properties. SVM has only
a few parameters to be tuned (cost and gamma), besides the
kernel function, which balances between simplicity and accuracy.
These characteristics of SVM makes it suitable for our modelling,
especially considering that the modelling is meant to further
evaluation of the selected features.

We use supervised subject-independent scenario for all classi-
fication tasks. The SVM kernel selected in this work is the radial
basis function (RBF), and optimisation for the cost and gamma
parameters is performed by a wide range grid search. The range
is set to -80 to 80 for cost and 80 to -80 for gamma, with wide
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to narrow search steps (40, 20, 10, 5, 2.5, and 0.5). For some sets
of features, SVM was not able to find the optimal hyperplane,
which might be because the range of these features and their
associated labels are too small to be separated. We fixed this for
these sets by further adjusting the parameters search by increasing
the grid range and adding a fine 0.2 step (these instances are
marked with †). Leave-one-subject-out (LOSO) cross-validation
without any overlap between training and testing data is used to
mitigate for the relatively small number of observations in the
datasets. The performance of the modelling is measured in terms
of average weighted (balanced) accuracy. For all modelling tasks,
features were normalised by discretisation (converting continues
data to discrete values). This is performed to be equivalent to the
discretisation step in the feature selection process and to minimise
the differences between the features in the three used datasets used
for generalisation.

For comparisons, the depression recognition is modelled using
full feature space for combined modalities and for sub-feature
spaces for individual modalities, the final selected features from
combined modalities and individual ones, and from random fea-
ture selection method. These comparisons will highlight the effect
of the selected features in modelling depression recognition.

4.5 Generalisation:
To assess the validity of our proposed feature selection framework,
and the robustness to randomness of the selected features in
detecting depression, several generalisation approaches are per-
formed. As an initial investigation, we generalise the results of the
main depression dataset (BlackDog) on the other two datasets by
evaluating the final selected features from the BlackDog dataset,
by modelling depression severity detection using Pitt and AVEC
depression datasets.

Then we generalise the framework and the selected feature
modelling through:

• Applying our proposed feature selection framework on
each dataset individually and as combined. This is to
investigate the features that are commonly selected by all
datasets.

• Modelling depression detection using the selected features
from each dataset and the combined datasets on each other.
This is to evaluate the effectiveness of the selected features
in modelling depression from unseen datasets.

• Performing dataset feature aggregation (Dataset-level) to
explore the ability to generalise the final selected features
to the datasets. This is done through relaxation of intersec-
tion.

5 APPLYING THE FRAMEWORK ON BLACKDOG
DATASET

5.1 Feature Selection Methods Results
Due to the sensitivity of feature selection methods to training
sample, ensembles are used to increase the methods’ stability,
where stability measures evaluate the sensitivity of a method. In
this work, we used Jaccard index as a stability measure, since
the output of all methods is in the form of a subset of features.
We also proposed a new stability measure, which evaluates the
selected features from different thresholds, we name it between
thresholds stability. Feature selection methods were applied on
individual modalities (i.e. SB, SP, EB, HB) and their fusion.

TABLE 3: Stability and Contribution Results of Feature Selection
Methods of 10% Threshold

JI BTS Contribution
Method Stability Avg. Std. Avg. Std. Avg. Std.
Dynamic Group SAOLA 0.61 0.29 0.89 0.15 0.13 0.10

AGLasso 0.94 0.06 1.00 0.00 0.25 0.21
Fast OSFS 0.08 0.04 0.28 0.23 0.01 0.02
OSFS 0.10 0.06 0.39 0.28 0.01 0.01
SAOLA 0.61 0.31 0.79 0.17 0.09 0.09
Alpha-investing 0.07 0.03 0.22 0.19 0.04 0.05

Network MM-MB 0.64 0.12 0.95 0.05 0.65 0.10
Structure SES-MB 0.61 0.15 0.94 0.06 0.57 0.16
Tree RF 0.56 0.30 0.94 0.05 0.54 0.18
Structure RRF 0.37 0.15 0.85 0.10 0.47 0.22

GRRF 0.59 0.14 0.97 0.05 0.56 0.10
GRF 0.53 0.45 0.80 0.45 0.22 0.13
Gradient Boosting 0.69 0.11 0.97 0.06 0.47 0.18

Graph Inf-FS 0.88 0.07 0.97 0.04 0.53 0.05
Structure Infinite Latent 0.73 0.09 0.93 0.05 0.20 0.13

EigenC 0.05 0.04 0.06 0.08 0.00 0.01
Rough Quick Reduct 0.46 0.14 0.91 0.09 0.42 0.15
Set DAAR 0.59 0.21 0.98 0.02 0.50 0.20
Theory nearOpt 0.59 0.15 0.92 0.06 0.38 0.19
Filters t-score 0.93 0.09 1.00 0.00 0.40 0.35

Chi square 0.83 0.07 1.00 0.00 0.51 0.14
CFS 0.74 0.25 0.90 0.14 0.35 0.24
Fisher Score 0.91 0.06 1.00 0.00 0.49 0.25
ReliefF 0.84 0.10 1.00 0.00 0.40 0.19
SPEC 0.34 0.07 0.74 0.36 0.03 0.04
MRMR 0.62 0.23 0.86 0.13 0.23 0.22
JMI 0.77 0.03 1.00 0.00 0.40 0.27
CMIM 0.63 0.18 0.99 0.02 0.33 0.21
DISR 0.85 0.10 1.00 0.00 0.45 0.25

Embedded LASSO 0.84 0.15 0.97 0.04 0.55 0.13
L1-SVM 1.00 0.00 1.00 0.00 0.44 0.18
Elastic Nets 0.92 0.09 0.97 0.03 0.58 0.13
Ridge 0.78 0.09 0.99 0.02 0.36 0.10

Wrappers GA 0.45 0.21 0.54 0.25 0.16 0.11
Boruta 0.79 0.09 1.00 0.00 0.63 0.08
CCM 0.80 0.08 1.00 0.00 0.46 0.11
SVM-RFE 0.76 0.11 0.99 0.03 0.44 0.09
SVM-Backward 1.00 0.00 1.00 0.00 0.06 0.07

Random 0.03 0.04 0.10 0.14 - -
Results are in term average (avg.) and standard deviation (std.) of individual

modalities and their fusion.
* results in Bold are the maximum results in each feature selection group
JI: Jaccard Index, BTS: Between Thresholds Stability, Contribution: is the

percentage of features that are included in the final feature set

The aim is to find the strongest features from each modality
and to find the features that have a strong interaction between
the modalities, respectively. We evaluated the stability of each of
the features selection methods in fused and individual modalities.
The average (Avg.) and standard deviation (Std.) of JI and BTS
stability measures are presented in Table 3.

Moreover, to evaluate the contribution of each feature selection
method to the final selected features (listed in Table 4), we count
the intersecting features between the ones selected by that method
and the final selected features. That is, the overlap between the
top 10% features that are selected by each method, and the final
aggregated features from all methods are calculated in terms of
percentage. The higher the overlap of the features from a single
method with the final feature set, the higher the contribution of
that method to the overall aggregation. The aim is to evaluate each
method contribution against its stability measures. Moreover, the
contribution is calculated for fused and individual modalities (see
Fig. 4), where the average and standard deviation are shown in
Table 3. Comparing the average of JI and BTS of feature selection
methods with a random selection method shows variation in the
methods’ stability. A large standard deviation indicated a high
fluctuation of stability between the modalities, where it indicates
the sensitivity of the feature selection method to the features of
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the analysed modality.
Several feature selection methods performed relatively close

to the random method, such as Alpha-investing, Eigenvector
Centrality, OSFS, and fast-OSFS. Even though Alpha-investing,
OSFS, and fast-OSFS had low stability, the other dynamic feature
selection methods (e.g. SAOLA) have high stability performance.
That might be due to their approach to removing already added
features if a stronger feature is found. Because Alpha-investing,
OSFS, and fast-OSFS methods are strict in removing an already
selected feature, their stability is affected and their sensitivity to
the training sample was pronounced. This indicates that dynamic
feature selection methods, in general, are suitable for our dataset
and that these specific methods might need tuning for our fea-
ture space (e.g. parameterisation). Similarly for the graph-based
feature selection methods, where Eigenvector Centrality had low
stability compared with the other two methods in the same family.

Illustrated in Bold, Table 3 shows the highest stability method
in each group. For dynamic features, adaptive group lasso shows
high average stability as well as a low fluctuation between modal-
ities compared to other methods in the same group. For the other
method groups, most methods performed similarly to the other
methods in the same group (except for RRF, SPEC, and GA).

The highest standard deviation of stability was obtained
from GRF, which indicates different stability results from each
modality. Further investigation showed that its stability from HB
modality was equivalent to random level. Since GRF evaluates
feature groups, this could indicate that grouping HB features need
further tuning. On the other hand, SAOLA, group SAOLA, and
CFS had a high standard deviation of stability, where the lowest
stability was obtained from using the fusion of all modalities.
That might indicate that these methods are sensitive to the size
of feature space and their increased feature interaction. Finally,
RF high standard deviation of stability is sourced from SP and
HB modalities. The common characteristic between these two
modalities is that some features are missing a lot of information
from most observations (i.e. only 1-2 observations had values for
some of the features). Since all methods are exposed to the same
features, we believe that this observation highlights the sensitivity
of the method to sparse features. This indicates that our proposed
method is robust to such sensitivity issues, and is able to eliminate
the features that could be selected of methods that are sensitive
to the sparsity of the features, the order of the features, training
sample, etc.

On the other hand, methods that had the highest stability are
L1-SVM and SVM-backward. Closely investigating the selected
features from these two methods, we realised that the features
being selected are the first 10% of features and the last 10% of fea-
tures, respectively. This might indicate the inability of the SVM
to find any separating hyperplane in these cases, or unsuitability
for our discretised features to these methods. SVM based methods
could find difficulties in finding optimal hyperplane either because
of an inappropriate type of kernel function or because the feature
ranges associated with their labels are too small to be separated.
These issues can be fixed by changing the kernel function and/or
adjusting the parameters to adapt the margin according to the
features. In this note, L1-SVM uses a linear regression SVR with
l1 as a penalty, and the SVM-backward method uses a radial basis
function (RBF), both with default parameters, which might have
affected their performance. On the other hand, SVM-RFE uses a
linear kernel SVM, has lower stability compared with SVM-based
methods, but produces a variant selected features, which might

indicate the suitability of a linear kernel SVM to our features
compared to SVR and RBF kernels. Even though parameter
optimisation is recommended for SVM based methods, we kept
the default parameters for fair comparisons with the other feature
selection methods in this work. We also selected several SVM
based methods that have different kernels and penalty approaches
to have a variety of feature selection methods.

It is expected that a strong feature selection method (one
with high stability) would have a higher contribution in the
final selected features compared to weak methods. For example,
SVM-backward has high stability measures and yet had a very
low contribution. Given that the inaccurate results of the SVM-
backward, the high stability is mistaken, our framework proved
to be robust to false high stability. As can be seen from Table 3,
methods that have a high contribution to the final selected features
are the ones that have high stability measures and low fluctuations
of different modalities.

In summary and to highlight the strongest feature selection
methods in our dataset, adaptive group lasso followed by t-score
had the highest stability measures, while MM-MB and Boruta
had the highest contribution to the final selection. Moreover,
most groups of feature selection method were suitable for our
dataset, where a few other methods could benefit from parameter
optimisation to increase their stability.

5.2 Interpretation of Selected Features

The proposed framework in this work aims at aggregating the
selected features from feature selection methods to increase the
robustness to randomness of the final selected features. This will
not only help in increasing the modelling accuracy, but also will
provide an interpretation of the model and its ability to generalise
to other depression datasets. The aggregation phase is performed
in two levels, method-level, and modalities-level.

The method-level is applied to the selected features from each
method for individual and fused modalities. The aim for applying
on individual modalities is to find the strongest features from
each modality, while the aim for applying on the fused modalities
is to find the strongest features with a focus on the interaction
between features from different modalities. On the other hand,
the modalities-level aggregation is combining the final selected
features from each modality and the fused one. This is performed
as an intersection (strict), to narrow the features to the distinct
ones, and a union (lenient) to capture all distinct features from
individual and fused modalities and their interactions. The idea
behind this level of aggregation is to find a set of features to be
used for modelling depression and test its ability to generalise in
different (unseen) depression datasets. The final selected features
of both aggregation methods are shown in Table 4.

Applying the proposed framework on fused modalities with a
10% threshold resulted in 87 features. As can be seen in Table
4, most of these features (64 features) are from speech behaviour
modality, followed by speech prosody. Since speech behaviour
features are expensive to extract (given the annotation effort),
it is worth investing in automatic approaches to extract such
features. Moreover, this also emphasises the importance of speech
interaction in depression detection and their inclusion in any
dataset collection procedure. Within the SB features, sounding and
silence segments were the weakest features, where only the total
duration and number of segments were selected to be informative.
This might be due to their redundancy with other features that
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TABLE 4: Final Selected Features in each Feature Group for each
Modality after Aggregation Phase in BlackDog Dataset

Aggregation Method-level Modality-level
Modality All-M SB SP EB HB ∩ ∪

Feature Groups # (902) (88) (504) (126) (184)

SB First Response 9 9 4 4 9
Total Response 9 9 9
Overlap Speech 9 9 3 3 9
Overlap Laugh 9 9 2 2 9
RA interaction 9 9 9
Subject Speech 9 8 8
Subject Laugh 9 6 6
Sounding 11 2 2
Silence 11 2 2
Speech Rate 3 1 1

SP F0 18 13 13
HNR 18 4 4
Voice Probability 18 3 3
Jitter 18
RMS energy 18
Voice Quality 18
Log Energy 18 2 2
Shimmer 18 2 2
Intensity 18
Loudness 18
Formants (1-6) 108 11 14 9 16
MFCC 216 3 10 3 10

EB Left-Right mov. 30 1 3 1 3
Up-down mov. 30
Openness rate 30
Blinking 12 1 3 1 3
Looking Duration 24 6 6

HB Yaw mov. 60 4 7 3 8
Roll mov. 60 4 4
Pitch mov. 60 3 6 2 7
Mov. counts 4

Total Selected features 87 9 48 12 17 28 145
∩: Intersection of features, ∪:Union of features

already extract such features (e.g. subject speech). For SP feature
group, formants features (specifically the second derivative ∆∆)
were the strongest features aside from SB features.

Even though the selected features from fused modalities
showed that speech behaviour is the strongest modality, it also
shows that feature selection methods are biased towards it. In
order to reduce this bias, we applied our feature selection frame-
work to individual modalities to identify their strongest features
independently. Having only a 10% threshold, the selected features
from individual modalities are listed in Table 4. SB final selected
features concentrated on first response and overlap features. Pro-
longed response to the questions is found in depressed patients,
which might be an indication of psychomotor retardation, while
less overlap speech is found in depressed subjects as an indication
of decreased interaction [58]. In line with the literature [68],
SP features showed that fundamental frequency (pitch), formants
and MFCC feature groups to be the most informative features
for depressed patient speech, which indicates a monotone and
psychomotor retardation that lead to a tightening of the vocal tract.
HNR features indicating breathiness, voice probability indicating
monotone voice, speech energy, and shimmer indicating sounding
irregularity were also from the fine selected features. However,
voice quality which is another sign of monotonic speech, and
jitter which is another measure of sounding irregularity, were
not selected, as widely reported in the literature. This might be
an indicator of redundancy and a stronger predictor from similar
features, such as voice probability and shimmer, respectively.

Even though EB feature group had only two features selected
from the fused modalities, given the 10% threshold, a few more
features were selected from EB as an individual modality. The two
strongest features were the average left-right iris movement and

the average blinking duration. These two features are found to be
higher in depressed subjects [62]. Duration of looking direction
was also found be a strong predictor for depression, where the
duration of looking down and left are the main features, which for
the depressed participant are signs of avoiding eye contact with
the interviewer [62].

HB features have a stronger influence than EB features when
selecting features from all fused modalities. Seven features were
selected in the fused modalities, where five of which are com-
monly selected by analysing the HB individual modality. For yaw
head movement (nodding no), average duration of looking left as
well as features from the speed of movement are the strongest
features. For pitch head movement (nodding yes), features from
the speed of movement are the strongest features. Similar to
yaw and pitch head movement, head roll (tilting) features from
the speed of movement are the strongest features. Similar to
left eye gazing, head looking left might be an indication of eye
contact avoidance, while slow head movements are an indication
of psychomotor retardation, which are characteristic behaviour of
depressed subjects [65].

Results of modality-level feature aggregation are presented in
the last two columns in Table 4. The intersection method aims
to find the distinct features commonly selected from individual
and fused modalities, which resulted in only 28 features from the
original 902. However, this method ignores the interaction be-
tween features within the same modality and between modalities.
Therefore, a union approach overcomes this issue by capturing
such interactions, even though it selects more features than the
specified 10% threshold. The aim of this method is to refine the
selected features for depression modelling and generalisation as
shown in the next sections.

5.3 Effect of Selected Features on Classification
To inspect the effect of the final selected features after the aggre-
gation phase, we model depression detection using (1) all features
without selection (All-F), (2) using randomly selected features
(following the same process of Algorithm 1) and (3) using the
final selected features. The accuracy results are presented in Table
5. Overall, our framework of feature selection showed significant
gain in term of classification performance in both method-level
and modality-level aggregations compared to random selection
and without selection of features.

Even though the paper’s aim is to find robust, and discrimina-
tive features for depression that can be interpreted and generalised
to different datasets, we analyse the classification results and the
number of features selected by each feature selection method1.
This analysis showed a variation of the number of selected features
from one method to another, and the classification results. Some
single methods outperformed the classification results from the
framework selected features. However, their performance was not
consistent between modalities. Nonetheless, this analysis could be
helpful if the goal is to increase the accuracy of the model.

Using method-level in the aggregation phase shows sig-
nificant improvement in classification results in most modalities
compared to using all features (All-F) and randomly selected
features, with two exceptions. For EB modality, similar classifi-
cation results were obtained from both all features (All-F) and the
selected features. The second exception is that SP classification
results from selected features had a slight improvement compared

1. https://sites.google.com/view/featureselectionframework
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TABLE 5: Classification Results using Different Aggregations of
Feature Selection on the BlackDog Dataset

Modality/ All-M SB SP EB HB ?∪ ∩ ∪
Features
All-F 75.00 76.67 60.00 65.00 61.67† - - -
Random 75.00 66.67 76.67 38.33 48.33 - - -
Selected 86.67 81.67 78.33 65.00 56.67 81.67 85.00 78.33
?∪: Features Union from individual modalities (excluding combined modality),
∩: Features Intersection from all modalities, ∪: Features Union from all modalities
†: A fine (0.2) steps grid search was used to find the best parameters

to randomly selected features. Surprisingly, a significant improve-
ment in classification results was obtained from randomly selected
features of SP compared to when using all features (All-F). For
HB, the optimal hyperplane was not reached from the original grid
search, hence the need to further refine the SVM parameters for
HB features. This might be because of the sparse nature of some of
the features in SP and HB (i.e. only 1-2 observations had values
for some of the features. In the case of SP, randomly selected
features might have the effect of removing some of these features
that caused the drop in recognition rate. Nonetheless, the constant
improvement from the selected features indicates the success of
our framework to select the strongest predictors of depression even
with the small number of selected features (10% of total features).

Modality-level in the aggregation phase also shows improve-
ment compared to when using all features (All-F). A classification
of the union of features selected from the individual modalities
(?∪) was also explored to be compared with the classification
results from selected features from fused modalities (All-M). The
union of individual modalities features (?∪) performed as high
as the highest modality (81.67%), which is the SB modality in
terms of the classification results. This is also significantly higher
than using all (All-F) and random features from fused (All-M) and
individual modalities. This is another indication of the importance
of capturing the speech interaction in depressed patients. Nonethe-
less, as indicated, a slight reduction in the classification results in
the feature union from the individual modalities (?∪) compared
with the case of using selected features from fused modalities
(Selected All-M). This might indicate a loss in some features that
have a strong interaction with other features in other modalities.

Selecting only features that are commonly selected in in-
dividual modalities and the fused case (∩), results in signifi-
cant improvement in classification results compared to individual
modalities. However, this also results in a slight reduction from
using selected features from fused modalities (Selected All-M).
Given that the final selected features from the intersection method
(∩) are only 32% (28 of 87) of the selected features from the fused
modalities (Selected All-M), the reduction in classification results
is acceptable.

By performing a union function on features selected from
the fused modalities and the individual ones (∪), we aimed at
capturing both the interaction between features from different
modalities with each other, and the strongest features in each
modality. Even though the classification results using the union
of selected features (∪) performed better than all ((All-F All-
M)) and randomly selected features (Random All-M), it had a
lower performance than selected features from fused modalities
(Selected All-M) and the intersection of selected features (∩),
which was unanticipated. The number of features selected in the
union features (∩) is 145 features, while it is 87 for the (selected
All-M). Inspecting the features that have been included in the

58.3

71.9

79.080.0

75.0

68.4

76.7
75.0

76.3

Av
er

ag
e 

Ac
cu

ra
cy

50.0

60.0

70.0

80.0

90.0

BlackDog AVEC Pitt

All (814) Intersection (19) Union (81)

Fig. 5: Generalisation Results using Final Selected Features from
BlackDog Dataset (without SB) to other Depression Datasets
(the number of features used for modelling are between parentheses))

(∩) set showed that 36, 10 and 12 features are from SP, EB, and
HB modalities respectively. Given that the majority of the added
features are from SP, the classification results of the (∩) set had
the same accuracy. This could indicate that the model was skewed
to the dominated features from the SP, compared to the somewhat
balanced modalities from the other feature sets.

Finding the best level of feature intersection (relaxation of
intersection) could help balance this issue to improve the clas-
sification results while selecting the strongest features and their
interaction. However, since the features from individual modalities
are from entirely separate feature spaces, a relaxation of inter-
section cannot be performed in this case. Adjusting the feature
selection framework to include feature ranking even for methods
that produce feature set, could help further evaluation of each
feature to refine the selection.

5.4 Generalising BlackDog Selected Features

It could be argued that the selected features from BlackDog are
trained on the same dataset (seen data), which could introduce
contamination of the classification results. We acknowledge this
risk, however, the sample size in BlackDog would not allow for
a validation set. To test the generalisability of the final selected
features from the BlackDog dataset, we model depression severity
detection (high/low depression) on AVEC and Pitt datasets. Since
AVEC dataset collection procedure was based on computer-human
interaction, there are no speech behaviour interaction features to
be extracted. Therefore, for both AVEC and Pitt only the selected
features from SP, HB, and EB are used for the modelling and
compared when using all features. For BlackDog dataset, re-
modelling was performed excluding SB modality for comparison.
The generalisation results are illustrated in Figure 5.

In the BlackDog dataset, the results show a reduction in
classification results compared to when including SB (Table 5),
which emphasises the importance of SB features in modelling de-
pression. The low classification results from the BlackDog dataset
when SB features are removed might be due to the observed sparse
features in SP and HB, as mentioned earlier, which hindered the
SVM algorithm from finding the optimal hyperplane. Nonetheless,
a similar pattern of classification results was observed when using
the intersection and union of selected features, where intersection
performed slightly better than the union.

Unlike the BlackDog dataset, using all features for modelling
depression detection in AVEC and Pitt datasets achieve high
classification results. The reason behind this might be that AVEC
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and Pitt datasets did not have the same sparsity observation for
the same features as in the BlackDog dataset, which could be due
to the differences in the datasets signals, protocols, devices, etc.
For AVEC, both the intersection and union of selected features
performed similarly, which was slightly higher than when using
all features. This indicates that the selected features from our
proposed framework generalised to AVEC without losing discrim-
inative depression features. On the other hand, for the Pitt dataset,
the intersection and union selected features could not out-perform
the classification results of using all features. One explanation
might be the differences between the datasets’ environment and
procedure, even though we have taken all possible measures to
normalise for these differences. In particular, the subjects with low
depression scores in the Pitt dataset were professionally diagnosed
with scores ranging between 1-5 (average=2), while the self-rated
AVEC low depression score ranges between 0-2 (average=1),
and it is zero for the BlackDog dataset (healthy control). The
differences between these diagnoses could be another reason
that the selected features did not have a similar generalisation
power in Pitt compared to AVEC. Nonetheless, the difference in
classification results between using the full feature space (814
features) and the union features (81 features) in the Pitt dataset is
not significant (2.7% absolute).

On a positive note, the results from AVEC and Pitt in regard
to selected union features from different modalities indicate that
the features selected from the BlackDog dataset were able to
generalise. Moreover, comparing the intersection and union re-
sults from the three datasets, the union selected features had a
higher ability to generalise with satisfying performance on unseen
datasets, given the reduction in the number of features. This
confirms that the selected features have a distinguishing strength
to detect depression.

6 GENERALISING THE FRAMEWORK

Following the success of generalising the results of our feature
selection framework from BlackDog dataset to other depression
datasets, we chose to investigate the generalisation ability from
other datasets to each other. We perform this through running
the same procedure on individual datasets and when combined
to select the strongest features. The selected features from each
dataset are then used for modelling depression in each dataset
individually. Finally, we perform a dataset-level aggregation using
relaxation of intersection to explore the level of feature intersec-
tion that would produce the good classification results on all the
three datasets and when combined.

6.1 Datasets Selected Features
Applying our proposed feature selection framework on different
datasets results in selecting features from each dataset (see Table
6). For BlackDog dataset, we have re-run the framework excluding
SB modality to have fair comparisons with the other datasets.
As with BlackDog dataset, two approaches of modality-level
aggregations are performed and compared.

Intersect approach is a strict method to aggregate the features
selected from different modalities. However, this strictness shows
the distinct features. Applying this method in different datasets,
show that F0, HNR, MFCC, left-right eye movement, eye gaze
direction, and yaw head movement feature groups are the most
commonly selected groups. In this method, up-down eye move-
ment, head movement frequency, intensity, loudness, jitter, and

TABLE 6: Selected Features using our Framework on Different
Depression Datasets

Modality-Level Aggregation
Feature Group Intersect Methods Union Methods

Dataset # BD AV Pitt AD BD AV Pitt AD
SP F0 18 11 16 2 5 16 18 10 15

HNR 18 3 1 4 4 6 10 14 6
Voice Probability 18 2 3 3 9 5 5
Jitter 18 1 1
RMS energy 18
Voice Quality 18 6 1 1 6 1 3
Log Energy 18 1 2
Shimmer 18 2 3 2 3 2 7 2
Intensity 18 1
Loudness 18
Formants (1-6) 108 14 15 8 23 22 5 10
MFCC 216 9 5 9 15 10 9 23 20

EB Left-Right mov. 30 2 1 3 3 3 1 5 3
Up-down mov. 30 1 1 2 2 2
Openness rate 30 5 2 1 2 6 2 1
Blinking 12 3 1 1 5 1 2
Looking Durations24 5 1 5 7 6 3 6 9

HB Yaw mov. 60 3 1 4 3 7 5 8 5
Roll mov. 60 4 2 4 7 12 9
Pitch mov. 60 2 2 3 6 5 7 5
Mov. count totals 4 1 3
Total #features 814 55 53 43 58 97 105 113 97

*BD: BlackDog dataset, AV: AVEC dataset, AD: All Datasets combined

energy feature groups were not selected in the majority of the
datasets, which indicates either a weak contribution in depression
or redundancy with other already selected features. Differences
between the datasets exist in selected feature groups in the in-
tersection method. The feature groups that were not selected for
BlackDog dataset, voice quality and eye openness rate, while for
AVEC they are shimmer, eye blinking, and pitch head movement,
and for Pitt it is formants.

Union approach of the modality-level aggregation is more
lenient than the intersection approach, where all features that have
been selected from individual and fused modalities are selected.
Commonly non-selected feature groups between the datasets are
the same as in the intersection approach. However, the commonly
selected feature groups between the datasets included extra groups.
Specifically, formants features from Pitt dataset were included in
this method. It was unexpected that none of the formants features
were selected in Pitt in the intersection method since formants
have been widely reported in the literature for their importance.
Therefore, their inclusion in the union method is satisfactory, even
though only a few features were included.

As can be seen from the pattern of selected features from
the different datasets in Table 6, our framework demonstrates
a generalisation potential. When applying the framework to the
combined datasets, most feature groups were selected, except for
the ones that were commonly not selected by individual datasets.
This shows that the proposed framework is robust to randomness
and able to capture the distinguishing features even with the
variations in the datasets.

6.2 Modelling and Generalising Selected Features

The selected features from one dataset were used to model
depression severity detection on other datasets, to examine the
generalisability of the selected features and the framework. The
classification results using features selected from each dataset on
other datasets are illustrated in Table 7.

Since the framework is re-applied on BlackDog dataset with-
out SB modality, reduction in classification results is observed,
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TABLE 7: Classification Results for each Datasets based on
Features Selected from Different Datasets

Classification Features Selected From
On BlackDog AVEC Pitt All Datasets

Dataset All-F ∩ ∪ ∩ ∪ ∩ ∪ ∩ ∪
(814) (55) (97) (53) (105) (43) (113) (58) (97)

BlackDog 58.3 81.7 76.7 71.7 61.7 56.7 65.0 76.7 75.0
AVEC 71.9 71.9 75.0 87.5 84.4 68.8 65.6 71.9 78.1
Pitt 78.9 73.7 76.3 65.8 71.1 84.2 86.8 76.3 84.2
All Datasets 74.6 71.5 73.8 65.4 73.1 69.2† 70.8† 76.2 75.4†
Average 70.9 74.7 75.5 72.6 72.5 69.7 72.0 75.3 78.2
∩: Features Intersection, ∪: Features Union, All-F: All extracted features
(the number of selected features is between parenthesis)

emphasising the power SB features have in detecting depression.
Using the features selected from BlackDog to model depression
detection on the unseen datasets, a satisfactory performance was
seen compared with using all features given the huge reduction
in feature space. Modelling using AVEC selected features outper-
formed modelling using all features in BlackDog and AVEC, but
not in Pitt and combined datasets. At the same time, modelling
using Pitt selected features could not generalise to other datasets.
This might be due to the difference in Pitt procedure, where the
subjects are in a treatment session with their therapist, while
in AVEC and BlackDog they interact with a computer and a
person they have just met, respectively. Therefore, the behaviour
and interaction of the subjects in Pitt might significantly differ
from that in BlackDog and AVEC. Moreover, the high and low
depression range in Pitt subjects is higher than the ones in Black-
Dog and AVEC, which might influence the intensity of subjects’
behaviour. The selected features from the combined datasets were
able to generalise on the other datasets and outperform using all
features. As expected, features selected from one dataset are able
to outperform using all features in the dataset itself. When using
the combined datasets, the selected features were able to generalise
to all individual datasets, including the combined one. It might
be argued that this is caused by overfitting the selected features
of a dataset to model depression on the same dataset. However,
we believe that the use of random split for training and the use
of ensembles have reduced the effect of overfitting, especially
considering that some selected features applied on unseen datasets
were able to generalise adequately (e.g. BlackDog features on
modelling AVEC and vice versa). Further investigation of mod-
elling selected features from two datasets on the third could verify
this aspect, which will be done in future work. Comparing the
generalisability of the intersection and union features, on average
union features has slightly higher classification results than the
intersection features. This could indicate that the flexibility of
the union approach on including relevant features increases their
ability to generalise to other unseen datasets even with a huge
reduction in the feature space. This leads to the next section,
where we investigate the effect of the level of flexibility on datasets
generalisability.

6.3 Dataset-Level Feature Aggregation
After applying the feature selection framework to individual and
combined datasets, different features were selected from each
feature group. In dataset-level feature aggregation, we aim to
further refine the selected features and confirm their ability to
generalise to different datasets regardless of their variation. For
this level of aggregation, we employ q-relaxed intersection, with
different values for q to explore the finest feature set that has

TABLE 8: Selected Features from Different Depression Datasets
using Dataset-Level Aggregation

Dataset-Level Aggregation
Feature Group Intersect Features Union Features
Relaxation of Intersection # q3 q2 q1 q0 q3 q2 q1 q0

SP F0 18 17 14 3 18 17 15 9
HNR 18 6 4 2 17 13 5 1
Voice Probability 18 4 1 12 6 3 1
Jitter 18 1 1
RMS energy 18
Voice Quality 18 6 2 6 4
Log Energy 18 1 2
Shimmer 18 5 2 1 9 3 1
Intensity 18 1
Loudness 18
Formants (1-6) 108 29 6 1 43 14 4
MFCC 216 29 9 49 11 2

EB Left-Right mov. 30 6 2 1 9 2 1
Up-down mov. 30 1 5 2
Openness rate 30 7 1 9 2
Blinking 12 4 1 5 2 1
Looking Durations 24 12 5 1 13 7 4

HB Yaw mov. 60 7 4 13 7 4 1
Roll mov. 60 5 1 15 9 6 2
Pitch mov. 60 6 1 11 7 5
Mov. count totals 4 1 3
Total #features 814 147 53 9 0 241 106 51 14

*q#: is the level of intersection relaxation using q-relaxed method

the ability to generalise for modelling depression detection. Since
we have 3 datasets and 1 for the combined, the q values in our
investigation ranges from 0 (full intersection) to 3 (full union). The
number of intersecting features from intersect and union modality-
level aggregation from each dataset is detailed in Table 8.

Modality-level aggregation was performed in two approaches:
intersection and union. Since the selected features from these
two approaches differ in their aim and generalisation ability, we
explore dataset-level aggregation in both of them. This is not to
confuse the reader with the q-relaxed intersection in the dataset-
level aggregation. For the q-relaxed intersection on the intersect
features, when q is set to 0 (full intersection), the resulted feature
set became empty, which is expected given the strictness of
the intersect approaches from both modality-level and this level.
Setting q value to 1 (i.e. agreement of all sets except 1), nine
features remains, that include features from F0 (average, minimum
and minimum ∆), HNR (minimum and range), shimmer (max-
imum ∆∆), formants (2nd formants minimum), left-right eye
movement (minimum), and eye gaze looking direction (maximum
duration of looking down). With the increase of q value, more
relaxation is introduced and therefore more features are included.
Yet, the number of features being selected from each feature
group indicates the strength of the feature group in distinguishing
depression.

On the other hand, the q-relaxed intersection of the union
features, a value of 0 set to q produced 14 features. These
features introduced more feature groups and eliminated some
others compared to q1 in the intersect features. These features
include minimum, variance and standard deviation of F0 and
both its derivatives, HNR minimum second derivative, average
yaw and roll head movement and average speed of roll head
movement. Since union features are already lenient, it can be
noticed that the number of features is larger than the intersect
features. Nonetheless, from the number of features selected in
each group, it can be concluded that the strongest feature groups
in characterising depression are F0, HNR, formants, MFCC, eye
gaze direction, and head movement.
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TABLE 9: Classification Results for each level of q-relaxed
Intersection

All-F Intersect Features Union Features
q3 q2 q1 q0 q3 q2 q1 q0

Dataset (814) (147) (53) (9) (0) (241) (106) (51) (14)
BD 58.3 71.7 80.0 78.3 - 75.0 75.0 73.3 51.7
AVEC 71.9 81.3 81.3 78.1 - 75.0 78.1 75.0 78.1
Pitt 79.0 81.6 81.6 81.6 - 84.2 76.3 76.3 68.4
All Datasets 74.6 76.2† 75.4 74.6 - 76.2† 75.4† 75.4† 61.5
Average 71.0 77.7 79.6 78.2 77.6 76.2 75.0 64.9
†: A fine (0.2) steps grid search was used to find the best parameters

6.4 Modelling Dataset-Level Features
We model depression severity detection using the refined selected
features from the dataset-level aggregation. This is done using all
level of q-relaxed method to assess the best level of relaxation in
generalising and modelling depression (see Table 9).

Given that a value of 3 set to q-relaxed intersection means full
union, the features selected in this relaxed level outperform using
all features in all three datasets in both intersect and union features,
and therefore, prove to have a generalisation ability. However,
finding the optimal hyperplane using these sets of features were
found with a fine search on the combined dataset, which could
indicate a small margin of separation using these features. The
raw values of the datasets were kept without further normalisation
before combining the datasets, yet an optimal hyperplane was
reached when using all features. On the other hand, a value of 0 for
q-relaxed intersection results in a very small feature set from the
union features (14 features) and an empty set for the intersection
features. The results of q0 on union features did not generalise
compared to when using all features set, except for AVEC dataset.

The q-relaxed intersection on different relaxation levels on the
intersect features show improvement from using all features in
all datasets, regardless of the reduction of the feature set size.
For example, q1 on intersect features results in a feature set of 9
features, yet the classification results were marginally equal to q2
with 53 features. The same applies to the relaxed intersection on
union features, except for the Pitt dataset with q2 and q1 levels. It
can be concluded that even when the intersect features are strict,
the model has better generalisation power to detect depression
severity than is the case when using union features and all features.
Considering the reduction in feature set size with the relaxation
levels in the intersect features, q1 has the most satisfactory results.

7 CONCLUSION

In an effort to create an interpretative model of depression severity
detection, we utilised feature selection method to identify the
feature set that has not only a strong discrimination power in this
task, but also has a generalisability to other depression datasets.
For this purpose, we proposed a feature selection framework to
select the most distinctive features using diverse feature selection
methods from different families (i.e. streaming, structured and flat
feature selection methods). We generalise the aggregated features
from the framework from and on different datasets. The main
findings are:

Feature Selection Methods and Framework: The proposed
framework proves to be robust to randomness in selecting the fea-
tures from different feature selection methods. We used stability
measures to weigh the features selected from each method before
aggregating the final selected features. Some feature selecting
methods had a false high stability measure, where the framework

was steady on selecting the features and limited the contribution of
these feature selection methods. Structured data feature selection,
in particular, network and tree-structured, were suitable for our
feature space, which resulted in high stability and contributions
from these methods.

Interpretation: After several levels of aggregations, features
that have a high distinguishing ability for depression severity were
identified. Subject speech behaviour and interaction prove to be
the strongest in depression detection, however, not all dataset col-
lection procedures included such interaction (i.e. AVEC). There-
fore, generalisation of the approach on different datasets excluded
the SB modality. The strongest speech prosody feature groups
were F0, HNR, formants, and MFCC, while for eye activity
modality they were left-right eye movement and gaze direction,
and for head modality, it was yaw head movement.

Classification & Generalisation: The effectiveness of the
selected features from different aggregation levels was investi-
gated through modelling depression and generalising in different
depression datasets. A feature set of 9 was able to generalise and
outperform the modelling when using all feature space. Therefore,
it could be concluded that the proposed framework has the ability
to generalise on different and unseen datasets.

A limitation of this current work is the relatively small
datasets, which did not allow a validation subset to reduce the
contamination of seen data. However, to remedy and reduce
the effect of this issue, several measures have been taken into
consideration. First, feature selection methods were performed
on 50 ensembles of several random splits of the training data
(20% holdout). Second, these ensembles were run twice, where
the intersecting features between the runs are selected. Third, the
selected features from one dataset were used for generalisation
on other unseen datasets. Even though future work could aim
at investigating the effectiveness of the selected features on new
depression datasets or new samples, acquiring such datasets is
difficult, especially given the confidentiality of such datasets.

Nonetheless, improvement of the framework could be per-
formed by identifying a threshold of feature selection methods for
inclusion/exclusion. Moreover, refinement in the algorithm could
include the rank/score of features as weight in the final feature
selection. For simplicity, the current framework only uses binary
weight (0: not selected, 1: selected).
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