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Abstract

Depression is a serious mood disorder, which affects the way
people feel and perform daily activities. Speech is a reli-
able biomarker for diagnosing depression, since depressed peo-
ple present decreased verbal activity productivity and “lifeless”
sounding speech. Existing methods employ unimodal mod-
els, use early, intermediate, or late fusion strategies to fuse
the different modalities, rely on feature extraction, and per-
form their approaches only in the English language. This study
presents a new method for identifying depression from spon-
taneous speech in the Italian language, which uses a cross-
attention layer for capturing the cross-modal interactions, fol-
lowed by a variety of multimodal fusion methods. We also per-
form a multi-task learning framework to explore whether the
prediction of age, education level, and gender help in recogniz-
ing depression. Findings show that our approach yields multi-
ple advantages over existing approaches reaching Accuracy up
t0 95.29%.

Index Terms: depression, spontaneous speech, cross-modal in-
teraction, fusion methods, spectrogram, multitask learning

1. Introduction

The World Health Organization (WHO) states that approxi-
mately 280 million people suffer from depression globally [1].
Depression is a mental disorder, which is characterized by loss
of interest and pleasure for a long period of time. If depression
is not diagnosed early for allowing the person to receive the
suitable treatment, it is a leading factor of suicide. Thus, early
detection of depression appears to be imperative. Research has
shown that speech constitutes a reliable biomarker for detect-
ing depression [2]. Specifically, people with depression present
anomalities in speech, including lower speech rates, less pitch
variability and more self-referential speech. Depression affects
language also [3]. For instance, depressed people use first-
person singular pronouns, negative thinking, and self-focus.
Therefore, employing both speech and transcripts in a multi-
modal setting is a hot research topic nowadays.

Existing research works rely on the extraction of hand-
crafted features and the train of traditional machine learning
classifiers or deep learning approaches [4, 5, 6]. However, ex-
tracting features is a timely procedure requiring expertise on
the specific topic. Additionally, the majority of research stud-
ies uses unimodal approaches for predicting depression using
mainly speech [7]. Although there are studies employing mul-
timodal models, these studies employ early [8, 9], intermediate
[10, 11], or late fusion [12, 13] strategies. In the early fusion
strategy, representation vectors of the modalities are concate-
nated at the input level, while in the intermediate fusion, the rep-
resentation vectors are concatenated during training, thus equal
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importance is assigned to the modalities. In the late fusion strat-
egy, unimodal models are trained independently and decision
voting is applied, i.e., majority voting. The inter-modal interac-
tions cannot be captured through these approaches. In addition,
the majority of research works have tested their approaches only
in English language, thus the acoustic and phonetic content of
data might differ in other languages. Finally, to the best of our
knowledge, no study has experimented with predicting depres-
sion, age, education level, and gender at the same time.

To tackle these limitations, we present a new method for de-
tecting depression from spontaneous speech in the Italian lan-
guage. Specifically, we feed each transcript into a pretrained
Italian BERT model. Each speech signal is transformed into an
image of three channels, namely log-Mel spectrogram, delta,
and delta-delta. Each image is passed through a pretrained
AlexNet [14] model. Next, the textual and image representa-
tions are passed through a cross-attention scaling layer. Finally,
we employ and compare a variety of multimodal fusion meth-
ods, including Multimodal Factorized Bilinear Pooling (MFB),
Multimodal Factorized High-order pooling (MFH) [15], and
more, for fusing the outputs of the cross-attention scaling layer
and predicting depression. Additionally, we introduce multi-
task learning (MTL) architectures to explore if gender, age, and
education level as auxiliary tasks help the primary task (depres-
sion recognition). Results demonstrate the effectiveness of the
proposed approach via an extensive ablation study, as well as
multiple advantages over state-of-the-art approaches.

Our main contributions can be summarized as follows:

* We introduce a method which includes a cross-attention layer
and multimodal fusion approaches.

* We perform multi-task learning experiments to explore
whether the prediction of gender, age, and education level
lead towards the increase of depression detection’s perfor-
mance.

¢ We compare our approaches with competitive baselines, in-
cluding shallow machine learning classifiers and deep learn-
ing.

* We perform an extensive ablation study to verify the effec-
tiveness of the proposed approach.

2. Related Work

Early Fusion. The study in [9] constructs a graph based on
question-answering pairs. Specifically, a Graph Attention Net-
work is trained. In terms of the multimodal fusion, the authors
employ an early fusion approach. A multitask learning frame-
work is adopted, which predicts the level of depression sever-
ity (regression) and classifies the subject as depressive or non-
depressive. A similar approach is introduced by [8], where the
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authors employ an early fusion approach and concatenate the
representation vectors of audio, visual, and textual modalities.
A multi-task learning framework is trained for classifying the
level of disorder and predicting the disorder score.
Intermediate Fusion. The study in [16] converts speech sig-
nals into spectrogram and uses a VGG16 pretrained model fol-
lowed by Gated Convolutional Neural Networks and one LSTM
layer. The authors pass the BERT embeddings into CNN layers
followed by LSTM layers. The representation vectors of the two
modalities are concatenated for predicting the Patient Health
Questionnaire (PHQ) score. In [4], the authors use articulatory
coordination features (ACFs) derived from vocal tract variables.
A staircase regression approach is used, where an ensemble of
models is trained on multiple partitions of the same training data
set. A hierarchical attention network (HAN) is used for extract-
ing textual representation. Additional features representing the
prosodic information are extracted. The abovementioned fea-
ture representations are concatenated for estimating the depres-
sion severity score. In [10], speech signals are represented as
log-Mel spectrograms and fed into temporal CNNs, while text
is passed through the encoder part of the transformer. Represen-
tation vectors of these two modalities are concatenated for pre-
dicting whether the individual has depression or not. Ref. [11]
adopts a similar approach. DeepSpectrum features are obtained
from speech signals and fed into Temporal Convolutional Net-
works (TCNs) followed by Attention and Dense Layers. The
authors feed the word2vec embeddings into a transformer en-
coder. Finally, the audio and textual vectors are concatenated
into a single vector. Ref. [17] proposes a multimodal neu-
ral network consisting of two branches of LSTMs for extract-
ing textual and acoustic representations. These two represen-
tations are concatenated in one single vector. The authors in
[18] concatenate the audio and transcript representations during
training. The authors in [19] pass the MFCC features through
CNN layers, while the visual and textual modalities are passed
through dense layers. The two representations are concatenated
into one feature vector.

Late Fusion. The authors in [13] use audio, videos, and tran-
scripts and combine the respective representations via a late fu-
sion approach, namely adaptive nonlinear judge classifier. A
majority vote approach is adopted by [12].

Other approaches. In [20], the authors use sentence embed-
dings, log-Mel spectrograms, and facial expressions and em-
ploy ConvBiLSTMs. They fuse the representation vectors by
using an attention layer and state that the proposed approach
outperforms late fusion strategies. A different approach is pro-
posed by [21], where feed-forward highway layers with gating
units are used for controlling the information flow of the differ-
ent modalities. This approach is compared with early and late
fusion strategies. Results suggest that the proposed approach
yields the highest results.

3. Dataset

We use the Androids corpus [22] for performing our experi-
ments. Participants are performing two tasks, namely the read-
ing and interview task. In our experiments, we use data from
the interview task. Specifically, this task consists of 116 spon-
taneous speech samples. All experiments are person indepen-
dent. Audio files are in Italian language. This dataset includes
information about the gender, age, and education level of the
individuals. The populations of depressed and non-depressed
participants have the same distribution in terms of age, gender,
and education. Due to the fact that manual transcripts are not
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provided, we use whisper large-v3 [23], in order to produce au-
tomatic transcripts.

4. Proposed Methodology

In this section, we describe our proposed methodology for rec-
ognizing depression from spontaneous speech. Fig. 1 illustrates
our proposed architecture.

4.1. Single - Task Learning

Text Processing: Since data are in Italian language, we em-
ploy Italian BERT'. Firstly, each transcript is passed through the
Italian BERT tokenizer, where input_ids and attention mask are
returned. Transcripts are padded to a maximum length of 512
tokens, while transcripts with number of tokens greater than 512
are truncated. Next, the input_ids and attention mask are fed to
the Italian BERT model. Let f* € R'*?, corresponding to the
[CLS] token, be the transcript representation, where d = 768.
Speech Processing: We use the Python library librosa [24] for
converting the speech signals into images consisting of three
channels, namely log-Mel spectrogram, delta, and delta-delta.
We use 224 Mel bands, hop length equal to 512, and a Hanning
window. Each image is resized to (224 x 224) pixels. We pass
each image through a pretrained AlexNet [14] model. Let f* €
R'*? be the image representation, where d = 768.
Cross-Attention Layer: Motivated by [25], we design a cross-
attention layer, which returns a pair of scalars, one for each
modality. This pair of scalars allows for scaling the two modal-
ities with respect to each other. One modality is used as a query
for the attention of the other.

In terms of the textual modality, let Q; = FC} ("), Ky =
FC} (f), and V; = FC} (f*). The scaling value, denoted
as S; can be calculated as follows: S; = sigmoid (Qi\'/gz )
In terms of the image modality, let Q; = FCy ('), Ki
FC} (f¥),and V; = FC} (f¥). The scaling value, denoted as

T
QK ).The

outputs of the attention mechanism can be calculated as St x V;
and S; x V;. Note that F'C}, FCy, FCL, FC}, FC,, FC, €
Rdxd'

Similar to [26], we wuse residual connections fol-
lowed by layer normalization, as described via the equa-
tions below: E’t = LayerNorm (St x Vi +ft), EZ =
Layer Norm (S; x Vi + f?).

Next, we pass E, and E; through two shared
fully connected feed-forward networks with a ReLU
activation function )

Ey
Layer Norm (FC;L@

S; can be calculated as follows: S; = sigmoid (

in between, as follows:
(Reru (Feg (£0)))). B/
Layer Norm (FCZL” (ReLU (FCE (El) ) )) R
FC e R FCOp, € R4,

Next, we concatenate E; and Etl (similarly E; and Ei/)
into one single vector, i.e., B = [E:, Et/], B = [Es, Ei/] ,
where Et”, E‘in e R,

Fusion Methods: Next, we employ a variety of fusion methods,

~ /1

and F;

where

. . . . ~ I
which are described in detail below, so as to fuse E
in one single vector:

. ~ 11 ~ 1, .
* Concatenation: We concatenate £; and E; into one single
vector, i.e., z € R*. We use a dropout layer with a rate of

Uhttps://github.com/dbmdz/berts
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Figure 1: Our Proposed Methodology

0.4. We use a dense layer of 128 units.

¢ Gated Multimodal Unit (GMU): We adopt the method in-
troduced in [27], which controls the information flow of
the two modalities towards the final classification. The
equations govering the GMU are described as follows:
ht = tanh (W'E," 4+ %), h¥ = tanh (WYE;" +b*),2 =
c(W3E B+ b*),h = 2« h' + (1 — 2) « h* , where
W WY, W?* € R'™® denote the learnable parameters, and
[.;.] the concatenation operation. h is the output of the GMU.

* MUTAN decomposition [28]

* Multimodal Low-rank Bilinear (MLB) pooling [29]

* MFB [15]

¢ MFH [15]: It is based on cascading two MFB blocks.

e BLOCK [30]: This method is based on the block-term tensor
decomposition [31] and combines the strengths of the Can-
decomp/PARAFAC (CP) [32] and Tucker decompositions.

The output of the aforementioned fusion methods corresponds
to a vector with dimensionality accounting for 128.

Output Layer: Finally, we use a dense layer consisting of two
units, which gives the final prediction. The cross-entropy loss
function is minimized.

4.2. Multi - Task Learning

According to research, gender [33], age?, and education level
[34] are linked with depression. In this section, we design
a multi-task learning framework consisting of a primary
task, i.e., depression detection (binary classification), and
auxiliary tasks, i.e., gender recognition (binary classification),
estimation of education level (multiclass classification), and
age prediction (multiclass classification). In this approach,
we explore if the auxiliary tasks help the primary task in
increasing its performance. As illustrated in Fig. 1, in
terms of gender recognition, we add a dense layer consist-
ing of two units. In terms of education level recognition,
we add a dense layer consisting of four units. Regard-
ing the age prediction, we define the following age groups:
[19,25],[26,32],[33,39],[40,46],[47,53],[54,60],[61,67],[68,71].
Thus, we add a dense layer consisting of 8 units.

All the tasks are learnt simultaneously and updated by the
following loss function:

L= (1 - — ﬁ - '7) : Ldepression + - Lgender

+ /B ‘ Leducation + v Lage (1)

Zhttps://www.nhs.uk/mental-health/conditions/depression-in-
adults/causes

914

5 where Ldep'ression7 Lgende'm Leducation7 and Lage corre-
spond to the cross-entropy loss function. «, 3, are hyperpa-
rameters denoting the importance we place to each task.

5. Experiments and Results

Baselines.
baselines:

We compare our approaches with the following

* Only transcript: We use a pretrained Italian BERT model and
a learning rate of le-5.

* Only Speech signal: Each speech signal is represented as an

image and fed into a pretrained AlexNet model. A learning

rate of le-5 is employed.

BS1 [22]: This approach segments the audio signal into anal-

ysis windows of 25ms length and extracts features per win-

dow. SVM classifier is trained.

* BS2 [22]: After calculating the feature sets per analysis win-
dows as above, this approach segments the speech signal into
frames of length equal to 128 and passes each frame through
an LSTM layer. A majority vote approach is adopted.

¢ eGeMAPSv02 features (functional): This method trains a

SVM classifier. We use the openSMILE Python toolkit [35].

ComParE_2016 features (functional): This method trains a

SVM classifier. We use the openSMILE Python toolkit [35].

Experimental Setup. In [22], the split of the participants into
subsets to be used for a 5-fold setup is provided. In our study,
we repeat the experiments four times and report the average
and standard deviation over four runs. For Italian BERT and
AlexNet, the learning rate is set to le-5, while for the rest lay-
ers, the learning rate is set to le-4. We train our models for 40
epochs with a batch size of 4. In terms of the MTL setting, we
set a = B = v = 0.1. We use PyTorch for performing our
experiments. All experiments are performed on a single Tesla
P100-PCIE-16GB GPU with the running time ranging from 1
hour to 1.5 hours. For significance testing, we use the Almost
Stochastic Order (ASO) test [36, 37] as implemented by [38].
Specifically, the ASO test determines whether a stochastic order
[39] exists between two models, i.e., A and B. A score (€min)
is calculated representing how far the first is from being signif-
icantly better than the second. When €, = 0, then A is truly
stochastically dominant over B. When €, < 0.5, A is almost
stochastically dominant over B. For €,,in = 0.5, no order can
be determined.

Evaluation Metrics. Precision, Recall, Fl-score, Accuracy,
and Specificity are used to evaluate the performance of the in-
troduced approaches.

Results. Results are reported in Table 1. We observe that the



usage of BLOCK as fusion method leads to the best perform-
ing model outperforming the rest approaches in Accuracy and
F1-score by 1.21-21.99% and 1.32-22.23% respectively. Multi-
modal models perform better than unimodal ones verifying our
initial hypothesis that the usage of multiple modalities improves
detection performance. The concatenation mechanism achieves
the worst results compared with the other fusion methods, since
it assigns equal importance to each individual modality. We be-
lieve that MFB outperforms MFH, since the MFH method is
developed by cascading two MFB blocks, thus appears to be
complex for our limited dataset. We hypothesize that GMU

Table 1: Performance comparison among proposed models and
baselines. Reported values are mean =+ standard deviation. Re-
sults are averaged across four runs (5-fold setting). (x) means
that €min < 0.1, T means that €min < 0.2, I means that
€min < 0.3, %% means that €min < 0.4, and 1T means that
€min < 0.5. We are not able to perform statistical test regard-
ing baselines in [22], since the authors have not provided the
results obtained over individual folds.

Evaluation metrics

Architecture Precision Recall Fl-score Accuracy _ Specificity
Unimodal approaches
Only transcript 94.72F 91,78 * 93.04T 92.49F 93.51%*
+5.38 +5.77 +3.77 +3.97 +6.96
Only Speech signal 80.73% 85.70% 82.49% 80.52% 74217
+12.12 +9.57 +8.51 +8.97 +16.87
¢GeMAPSV02 79.05% 85.46% 81.67% 80.20% 76.64
£13.50 +7.92 +9.69 £10.11 +15.26
ComParE2016 86.03* 92.29 88.82* 87.97* 84927
+8.92 +3.96 +5.31 +4.93 +9.49
Baselines reported in [22]
73.50 74.50 73.60 73.30 -
+16.10 +13.20 +13.60 +10.60 -
BS2 85.80 86.10 84770 83.90 =
+£3.10 +£2.70 +£0.90 +1.30 -
Single - Task Learning
Concatenation 9151%* 9335 .11t 91467 90.91T
+8.74 £5.99 £5.54 +6.05 +1048
GMU 94.10%* 93.41 93.38%* 92.34F 92.33%*
+9.51 +6.61 +6.25 +7.22 +11.91
MLB 95.95 91.82%F 9357 92.96** 95.33
+7.69 +6.31 +5.37 +5.94 +9.71
MUTAN 93.75F 94.46 93.82°%* 92.75%* 90.78%*
+8.76 +£5.57 £5.71 +6.79 +13.07
MFH 95.04** 027971 9375%* 92.04F 91.28**
+6.62 +5.01 +4.46 +5.56 +17.76
MFB 94.68%F 93.63 93.95% 93.18%F 92.53%*
+8.19 +4.63 +5.32 +6.13 +10.66
BLOCK 97.30 9452 95.83 95.29 96.42
+4.43 +4.52 +3.81 +4.23 +6.04
Multi-Task Learning
Gender; Education, Age 96.14 93.24 94381 940871 9631
+5.02 +6.95 +3.65 +3.45 +4.86
Gender; Education 9722 022877 o451 TT 94077 T 95.95
+5.14 +6.82 +4.65 +5.03 +9.35
Education, Age 94.41% % 93.63 03.74% % 93627 T 93.5611
+7.24 +5.97 +4.52 +4.48 £8.05
Gender, Age 96.55 92511 T 94307 T 93.84TT 94.53
+4.87 +6.09 +3.72 +4.25 +13.05
Gender 94.61%* 93.29 93.61%* 9320%* 93.68TT
+9.28 +7.18 +6.51 +6.81 +10.63
Education 94.22%* 93.04 93.44% 93.00%* 92.03%*
+9.16 +7.27 +£7.34 +7.31 +1241
Age 94.99% 92327 T 93.34% 92.56F 93.427 T
+7.46 +6.72 £5.09 +5.85 +10.79

achieves a poor performance, since it controls the information
flow without capturing so effectively the cross-modal interac-
tions. We observe that single-task learning settings perform
better than multi-task learning ones. This can be justified by
the fact that depression is a mental disorder, which can happen
to anyone. There are many causes of depression, e.g. stress-
ful events, personality, health issues (cancer), loneliness, etc.
According to statistical test, our best performing model is al-
most stochastically dominant in terms of accuracy over all the
approaches, except for Only speech signal, where €min, = 0.
We are not able to perform statistical tests with [22], since the
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results obtained over individual folds are not available.

Ablation Study. In this section, we perform a series of abla-
tion experiments to explore the effectiveness of the best per-
forming architecture. Results are reported in Table 2. Firstly,
we experiment with removing both the cross-attention layer and
the fusion methods. Results show that a decrease of Accuracy
(€min = 0.25) and Fl-score by 3.14% and 2.59% (€min =
0.27) respectively. Secondly, we remove the cross-attention
layer and pass the outputs of Italian BERT and AlexNet through
the fusion methods. Findings suggest that Accuracy and F1-
score drop by 3.19% (€min = 0.16) and 3.01% (€min = 0.16).
Thirdly, we replace the shared layer with two non-shared ones
and observe that Accuracy presents a decrease accounting for
2.36% (€min = 0.31), while Fl-score is decreased by 2.26%
(émin = 0.26). Next, we remove the concatenation mecha-
nisms in the cross-attention layer and pass the outputs of Lay-
erNorm through the fusion methods. Findings suggest that Ac-
curacy and Fl-score are decreased by 1.68% (€min = 0.45)
and 1.69% (€min = 0.38) respectively. Finally, we remove the

Table 2: Ablation Study. (x) means that €min < 0.1, T means
that €min < 0.2, I means that €pmin < 0.3, *x means that
€min < 0.4, and tt means that €,,in < 0.5.

E ion metrics

Architecture Precision Recall F1-score Accuracy Specificity
- Cross-Attention and 92774 94.66 93.24% 92.15% 9035%
Fusion Methods

+11.29 +541 +6.87 +8.15 +15.75
— Cross-Attention 92997 93.16 92827 92.107 92.08%

+8.22 +5.68 +5.19 +5.47 +9.44
Not shared 96.21 91.66%* 93.57% 92.93% 94.69

+5.51 +8.01 +4.80 +5.56 +7.75
< Concatenation in g5 ygxx 93.33 od14%*  o3er T 95.03
Cross-Attention Layer

+7.73 +5.39 +4.72 +5.19 +8.88
~ Shared feed forward g 3k 95.52 94.60 oa00tt  9220%*
and LayerNorm

+821 +4.88 +445 +5.04 +11.01
Proposed Approach 97.30 94.52 95.83 95.29 96.42

+4.43 +4.52 +3381 +4.23 +6.04

shared layer followed by LayerNorm and thus pass the outputs
of Add & LayerNorm directly through fusion methods. Results
show that Accuracy drops by 1.29% (€min = 0.45).

6. Conclusion and Future Work

In this paper, we present the first study utilizing a cross-attention
scaling layer and multimodal fusion methods in a single neural
network for detecting depression from spontaneous speech in
the Italian language through speech and automatic transcripts.
This is also the first study experimenting with a multi-task learn-
ing setting to investigate if the prediction of gender, age, and
education level as auxiliary tasks aid the depression detection
task (primary task) in increasing its performance. Results show
that our introduced approach improves competitive baselines in
Accuracy by 1.21-21.99% and in F1-score by 1.32-22.23%. Re-
sults also show that the introduced single-task learning model
outperforms the multitask learning ones. Finally, we perform an
ablation study, where we remove several parts of the proposed
architecture and observe differences in performance. Findings
show degradation in performance in terms of Accuracy by 1.29-
3.19%. However, this study comes with some limitations. We
did not perform hyperparameter tuning due to limited access to
GPU resources. Additionally, we tested our approaches only in
one dataset. In the future, we plan to use Neural Architecture
Search methods for finding automatically the best performing
architecture. Also, explainability and self-supervised learning
are some of our future plans.
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