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ABSTRACT

Depression is a large-scale mental health problem and a chal-
lenging area for machine learning researchers in terms of the
detection of depression. Datasets such as the Distress Anal-
ysis Interview Corpus - Wizard of Oz have been created to
aid research in this area. However, on top of the challenges
inherent in accurately detecting depression, biases in datasets
may result in skewed classification performance. In this pa-
per we examine gender bias in the DAIC-WOZ dataset using
audio-based deep neural networks. We show that gender biases
in DAIC-WOZ can lead to an overreporting of performance,
which has been overlooked in the past due to the same gender
biases being present in the test set. By using raw audio and
different concepts from Fair Machine Learning, such as data
re-distribution, we can mitigate against the harmful effects of
bias.

Index Terms— Depression Detection, Deep Learning,
Bias, Fairness, DAIC-WQOZ

1. INTRODUCTION

Depression is a mental health disorder that is both common and
costly. Typical emotional symptoms include lasting feelings
of unhappiness, hopelessness, and a lack of interest or enjoy-
ment. The speech of individuals with depression has been
characterised as lifeless or flat, and delivered in a monotone
fashion [1]]. McManus et al. [2] reported in 2014 that 3.8% of
adults in England suffered from depression and, according to
the OECD [3]], the cost of mental health in the UK was around
4% of GDP (€ 106bn) in 2015.

Machine learning techniques have successfully been ap-
plied to many health-related areas [4, 5] and therefore have the
potential to improve depression detection. The Distress Analy-
sis Interview Corpus - Wizard of Oz (DAIC-WQZ) dataset [6]]
was designed to facilitate research into depression detection
and was released as part of the 2016 Audio-Visual Emotion
Challenge (AVEC) [[7]. DAIC-WOZ contains interviews from
189 participants: 57 diagnosed with post-traumatic stress dis-
order or depression, and 132 who are not.

The ground truth labels in DAIC-WOZ are obtained
through a depression diagnosis questionnaire, the Patient

Health Questionnaire 8 (PHQ-8) [8]], which consists of 8 ques-
tions. Every participant represented in DAIC-WOZ answered
the 8 questions by assigning an integer in the range 0 — 3. Once
all the questions are completed, the scores are added together
to give a depression rating, v, where r < 10 is classified as not
depressed and > 10 is classified as depressed.

A Traditional machine learning algorithm, the Support
Vector Machine (SVM), was used by the AVEC 2016 [[7]
organisers as an audio baseline classification system. Since
then, deep learning methods have also been applied to DAIC-
WOZ including Convolutional Neural Networks (CNNs) [9,
10, [11], Deep Neural Netowkrs (DNNs) [12], and Recurrent
Neural Networks (RNNs) [10, [11]]. These often use hand-
crafted input features, such as the spectrogram [11] and the
mel-spectrogram [[10].

However, when machine learning is used to tackle health-
related problems such as depression detection, consideration
must be taken to ensure that these models do not incorporate
bias [13]. Bias can result in subjects with protected character-
istics, such as race or gender being unfairly penalised. This
can occur due to many factors such as poor data collection.

Fair Machine Learning (FML) [14] is an area of research
that explores the idea of fair, unbiased classification, both
theoretically and by case study, in an attempt to work towards
a fairer society through the use of machine learning. We show
that the DAIC-WOZ dataset contains gender bias. We find that
deep learning models based on raw audio are more robust to
gender imbalance than those based on other common hand-
crafted features.

Our paper is organised as follows. Section[2]explores the
background on the DAIC-WOZ dataset and FML, SectionE]
discusses the baseline model architecture, Section [Z_f] explores
our proposed method, and Section [5]explores the bias problem
and how to mitigate against it.

2. DAIC-WOZ, DEPRESSION DETECTION, AND
FAIRNESS

2.1. DAIC-WQZ Dataset

To gather the data for the DAIC-WOQOZ dataset, interviews were
conducted between each participant and a virtual interviewer
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Fig. 1. A typical interview scenario where a participant con-
verses with virtual interviewer on a TV screen. The camera
records the facial movements and the microphone records the
audio of the session.

Table 1. Subdivisions (gender and class) of the DAIC-WOZ.
- ND D Total
Female 27 17 44
Male 49 14 63
Total 76 31 107

(“Ellie”) controlled by a researcher in another room [15]]. The
audio and facial features of the participants were recorded
(Figure[T). The interviews range from 7 minutes to 35 minutes.

For Machine Learning purposes, the DAIC-WOZ dataset is
divided into a training set of 107 files (76 non-depressed (ND)
interviews and 31 depressed (D) interviews), a validation set
of 35 files (23 ND interviews and 12 D interviews), and 47 test
files. The D:ND split for the test set is hidden for competitive
reasons.

To maintain the privacy of the participants, the raw visual
data is not released. Instead, visual features based on the
OpenFace framework [16] and the FACET toolbox [17] were
extracted. Raw audio files, sampled at 16kHz, are provided.

2.2. The DAIC-WOZ Data Imbalance

Huang et al. [18]] highlighted the importance of mitigating any
gender-based dependency in the DAIC-WOZ dataset. Gen-
der imbalance poses a problem if a model uses gender-biased
information to make classifications. They proposed to re-
duce the impact of gender in the DAIC-WOZ by employing
z-normalisation of samples based on gender splits. To do this,
the mean and standard deviation were calculated for each gen-
der in the dataset and then every sample was normalised using
Z = x — u/o, where x is a sample, p and o are the mean and
standard deviation and Z is the normalised sample.
Evaluating Table [} we can see that there is a high-level
class imbalance of roughly 2 : 5 in terms of D:ND interviews:
this imbalance has been well documented [9, [10]. We also
see a gender imbalance in Table[I] While the ratio of D:ND
females is roughly 5 : 8, the ratio of D:ND males in the dataset
is 2 : 7. This shows that the frequency of depression differs
between genders in the dataset, in particular that p(D | g =
f) > p(D | g = m) where g is gender, f is female and m is
male. If a depression model were to learn this relationship, it

might unfairly classify female examples as depressed.

One way to mitigate the gender imbalance is to split the
DAIC-WOZ into two gendered subsets, one containing the
female interviews and one containing the male interviews, and
then train an independent model for each gender [19} 20} 12].
These authors did not notice the gender imbalance as their deci-
sion to build separate models was based on research indicating
that depressive features can differ depending on gender. Deep
learning benefits from large amounts of data so while authors
of [19, 201 [12] reported improved performance by building two
separate models, this may not always be practical or optimal.

To explore principal approaches to tackle bias, we will
explore some recent work on fair machine learning to resolve
the gender bias.

2.3. Fair Machine Learning

In FML, we are interested in making sure that protected groups
such as race and gender are treated equally. One principle that
FML follows is that the expectation of a prediction given some
input together with knowledge of a protected characteristic,
should be equal to the expectation of the same prediction
given the same input but without knowledge of that protected
characteristic [21]]. In other words a model is “sufficient” [21]]
if:

E[Y | f(x), A =E [V | /() ()

where Y is the target label, A is a protected group and f(x) is
the output of some function with input feature vector x. It is
possible that f(z) may include A or a proxy feature.

One FML approach, statistical parity [[14]], is designed to
ensure the statistics of protected groups, such as the False
Negative rate or False Positive rate, are equal. Krawczyk [22]]
mentions several other high-level approaches for ensuring an
unbiased classifier, including data generation techniques such
as sub-sampling. Sub-sampling is the process of equalising
the number of examples from each class in the dataset by
randomly selecting a portion of examples from each class.

3. DEPAUDIONET REPRODUCTION

Our model will be based on the “DepAudioNet” method of
Ma et al. [[10], which is one of the few models in AVEC 2016
to utilise deep learning with audio processing for depression
detection. We were unable to obtain the source code for De-
pAudioNet, so we reproduced the model through details given
in the paper [10] using reasonable assumptions for unspecified
aspects. We will see below that our reproduction achieved
comparable results to those reported in [10]].

DepAudioNet [[10] extracts mel-spectrogram features from
audio files using a Hanning window with windows size w =
1024, and hop size h = 512. Each feature is then normalised
according to the z-normalisation (Z = = — /o) where 7 is the
normalised feature, x is the input feature, 1 and o are the mean
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Fig. 2. DepAudioNet architecture from [10]. D is depth
(number of feature channels), L is length, K is the kernel size,
S is the stride length, and P is the zero padding.

Table 2. Reported F1-Score results of several methods using
the unaltered DAIC-WOZ dataset. LR is the learning rate
update factor and C is the number of convolutional filters.

Model LR C FIND) Fl@®D) Flavg

Ma et al. [10] N/A 1 .700 520 .620
Reproduced [10] 2 1 725 .520 .622
Reproduced [[10]] 3 1 .750 b1l .631
Proposed 2 1 713 479 .596
Proposed 3 1 744 451 597
Proposed 2 2 738 510 .624
Proposed 3 2 .765 .568 .667

and standard deviation are calculated across all dimensions of
the input feature to give scalar values.

Ma et al. [10] randomly crop every feature to the same tem-
poral length as the shortest feature. To account for the D:ND
imbalance, they then randomly sub-sample the ND features in
order to train with an equal number of D and ND examples.
They then split every resulting feature into multiple segments
of size seg = 120 to be used as input for DepAudioNet.

Figure[2[shows the overall network architecture (after [[10]]).
The learning rate (LR) was initialised to 0.001. We experi-
mented with the frequency of updating the LR (decrease every
e = 2 or e = 3 epochs) as no details were given in the paper
[10]]. We used the Adam optimiser [10], F1-Score to measure
the accuracy of the model, and Binary Cross Entropy Loss to
update the network weights.

As we can see from Table [2] the performance of our re-
production of the method of [10]] with LR = 2 is comparable
with the performance reported by Ma et al. [10], and slightly
improves with LR = 3.

4. PROPOSED RAW AUDIO METHOD

To test the robustness of the mel-spectrogram features against
the gender imbalance of the DAIC-WOZ, we introduce a new
method, which uses raw audio and compare against the repro-
duced DepAudioNet model.

Our proposed method follows the pre-processing outlined
in Section [3] except that we use raw audio as our input instead
of extracting a mel-spectrogram. The entire pre-processing

algorithm is defined in Algorithm|[I]

Algorithm 1: Data Processing Algorithm

Result: Each file in the training set is cropped and
segmented

l. =file crop length;

for i in input do

start = rand(0, length(i) — ;) - crop start;
end = start + [,. - crop end;
i = i[start:end] - cropped input;

seg = segment length;
if feature is raw audio then

| h = hop size;
else

| h=1
end
s = seg X h;

Output = {i[0 : s],i[s : 2s], ..., i[ns : ns + 1]};
end

To account for the raw audio input, the parameters of the
convolutional filter were adapted to K = 1024, S =512, P =
0, where K is the kernel size, S is the stride length, and P
is the zero padding. These values were chosen so that the
output dimensions of the convolutional filter would match
those used by Ma et al. [10]. We also experimented with
an additional convolutional filter added after the first with
parameters ' = 3,5 =1, P = 1: these are C = 2 in Table[2}

4.1. Results of Proposed Method

Our proposed raw audio method using a single convolutional
filter (C = 1) performed well in classifying ND examples but
suffered in classifying D examples. However, when we added
an extra convolutional layer (C = 2), our proposed model
performed as well as, and even surpassed, the reported perfor-
mance of DepAudioNet [[L0] and our reproduced versions.

In the next section we will evaluate the effect of gender
bias in the DAIC-WOZ and show that using raw audio as input
appears to add robustness against this type of bias.

5. EXPERIMENTATION WITH GENDER BALANCE

We saw in Table [T| (Section that the number of training
examples varies according to class (D/ND) and gender (fe-
male/male). While Ma et al. [[10] addressed the high-level
D:ND class imbalance by sub-sampling the ND examples, they
did not consider gender imbalance. Following the approach of
Krawczyk [22] we employ data re-distribution in the form of
sub-sampling to achieve gender balance for model training.
We sub-sample the training data by splitting the data into
the four quadrants in Tablem (f, D), (f, ND), (m, D), (m, ND).
We then randomly sub-sample every quadrant with respect to



Table 3. Results of our reproduced and proposed models showing the effect of gender balancing by utilising the sub-sampling
data re-distribution method from [22]. LR is the learning rate update factor, C is the number of convolutional filters in the model,
and Gender Balance denotes whether the data sub-sampling was applied (Y) or not (N).

Row Model LR C | Gender Female Male F1 Total

Update Balance | Flavg F1(ND) F1(D) | Flavg F1(ND) Fl1 (D) | Average
1 Reproduced [10] 2 1 N .616 .620 611 .535 .800 270 .622
2 Reproduced [10] 2 1 Y .610 725 .495 531 .736 .326 .582
3 Reproduced [10]] 3 1 N .675 .708 .641 .504 782 .225 631
4 Reproduced [10] 3 1 Y .615 774 .455 .439 .700 179 .538
5 Proposed 2 1 N .509 .586 432 .682 827 .538 .596
6 Proposed 2 1 Y .643 .736 551 .600 .663 .536 .626
7 Proposed 3 1 N .bo7 .645 .469 .612 .829 .394 .b97
8 Proposed 3 1 Y .631 .730 532 .602 676 .529 .623
9 Proposed 2 2 N .599 .648 .550 615 817 412 .624
10 Proposed 2 2 Y .643 737 .550 097 .670 .523 .622
11 Proposed 3 2 N .648 .680 .616 .648 .822 474 667
12 Proposed 3 2 Y .676 783 .569 .596 .695 497 .647

the quadrant with the fewest examples, in this case depressed
males (m, D). Following this process, our training data equally
represents every quadrant found in Table

5.1. Results of Gender Balance

The results after training the models with and without data
sub-sampling (Gender Balance = N/Y) are shown in Table
[B] The performance of our reproduced versions of Ma et al.
[[10]] (rows 1 and 3 respectively) drop after we employ gender
balance sub-sampling (rows 2 and 4 respectively) from .622
to .582 (row 1 to row 2), and .631 to .538 in (row 3 to row 4).

Our results using raw audio vary. While using one convolu-
tional filter (rows 5 and 7 respectively), we see a performance
boost (rows 6 and 8 respectively) after applying gender balance
sub-sampling. But the addition of the second convolutional
filter (row 11) shows a drop in performance of 2% after sub-
sampling (row 12). However, this sub-sampled performance
(row 12) still outperforms every other experiment listed in
Table[3l We can also see that the additional convolutional filter
(row 9) exhibits stable performance before and after gender
balance sub-sampling (row 10). These results suggest that raw
audio may be more robust to gender imbalance on this dataset
than using the mel-spectrogram.

6. CONCLUSION

We have studied potential gender bias in the DIAC-WOZ
dataset. We showed that leaving the dataset unaltered can
result in skewed performance due to the gender imbalance.
We showed that gender imbalance can be mitigated against
through sub-sampling. This fairness constraint helps the clas-
sifier to learn in an unbiased manner.

We found that using raw audio can provide a classifica-
tion that is more robust to gender imbalance than the mel-
spectrogram. Using raw audio outperformed all reported re-
sults in this paper using the mel-spectrogram.

In future work it would be interesting to extend the work
in this paper to other datasets which exhibit gender-bias. This
would provide a more concrete understanding of the robust-
ness of different features against dataset bias. In addition,
it would be useful to examine the robustness of other popu-
lar hand-crafted features such as the Mel-Frequency Cepstral
Coefficient (MFCC).

Our source code is available]
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