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Abstract
While depression is inherently ordinal, much of the previous
work in depression detection oversimplifies the problem by
treating it as a binary classification problem, ignoring the sub-
tle variations and the order in depression severity. We propose
creating a latent space that contains ordinal information via an
ordinal loss to benefit the learning of depression classification.
Specifically, we define K thresholds for the depression scores,
thereby creating a series of binary classification tasks on differ-
ent levels of depression (e.g., mild vs. non-mild). The ordinal
loss allows the model to capture the relationships between these
levels on top of the binary classification task. Our approach out-
performs current state-of-the-art depression detection methods,
highlighting the importance of considering the inherent ordinal
nature of depression severity.
Index Terms: Speech-based depression detection, ordinal re-
gression, ordinal classification

1. Introduction
Depression is a complex mental health condition that exists on a
continuum, ranging from mild to severe. Prior work has shown
that speech-based depression data is ordinal [1]. However, most
detection models oversimplify this spectrum by reducing de-
pression to binary classification—classifying individuals as ei-
ther “depressed” or “non-depressed”. These models binarize
some standard depression scales, such as the eight-item patient
health questionnaire depression scale (PHQ-8) [2], to determine
whether a person suffers from depression or not. Specifically,
individuals with PHQ-8 scores s ≥ T gt are diagnosed as de-
pressed, where T gt is a predefined threshold in the depression
scale. The binary simplification ignores the subtle variations in
depression severity, as the model learns to distinguish between
just two categories without considering intermediate levels.

Incorporating ordinal information for depression classifi-
cation can be useful. To the authors’ best knowledge, though
previous research has applied ordinal regression for predicting
depression severity [3, 4], ordinal information has not been uti-
lized in depression classification. In this work, we propose an
ordinal-dependent framework, which leverages ordinal data to
equip depression classification models with the ability to per-
ceive depression as a continuous spectrum. We refer to the re-
sulting depression classification model as Ordinal-Dep. Rather
than deciding if a patient is depressed or not by comparing a
score with the predefined threshold T gt, we introduce K addi-
tional thresholds {T k}Kk=1 and incorporate an auxiliary ordinal
loss to complement the classification loss. This multi-threshold
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strategy enables the model to learn a latent representation z that
captures the ordinal relationships between different severity lev-
els (e.g., mild vs. non-mild). By learning representations that
are effective across multiple thresholds instead of being con-
fined to a single predefined threshold T gt, the model can miti-
gate overfitting and better generalize to real-world variations in
depression tasks.

In summary, our contributions are as follows.
1. To the authors’ best knowledge, we are the first to incorporate

ordinal information for speech-based depression detection.
2. We propose a framework that promotes the learning of

latent representations with ordinal information using
deep learning-based ordinal regression for speech-based
depression classification. We empirically showed that
incorporating ordinal information into a depression model
can greatly enhance its performance, effectively mitigating
the overfitting problem and improving generalization.

2. Related Work
2.1. Speech-based Depression Detection

Depression is a common and serious mental health disorder that
leads to significant social, psychological, and economic con-
sequences.1 Speech is a valuable biomarker for detecting de-
pression, as depressed individuals often exhibit slower speech,
lower pitch, and reduced prosody variation, which manifest
in acoustic features like speech rate, tone, pitch, and pauses
[5, 6, 7]. Previous deep learning-based methods for speech-
based depression detection primarily focus on model structure
design [8, 9, 10], addressing bias and overfitting in low-resource
settings [11, 12, 13], and protecting patient privacy [14]. How-
ever, these methods overlook the ordinal nature of depression.
This work aims to leverage ordinal information for speech-
based depression classification.

2.2. Ordinal Regression

Ordinal regression is useful for handling situations where data
has a natural order, e.g., age prediction [15, 16], affective
rating [17], and monocular depth estimation [18, 19]. One
of the foundational approaches in ordinal regression is the
proportional odds model, introduced by McCullagh [20],
which relies on a strong statistical assumption that the odds of
being in a higher category follow a proportional relationship
across all thresholds. Alternatively, ordinal regression can
be reformulated as a series of binary classification problems
using multiple thresholds. This approach has been applied
using perceptrons [21] and support vector machines [22]. For

1https://www.who.int/news-room/fact-sheets/
detail/depression
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deep learning, a common technique is to transform ordinal
regression into multiple binary classifications, where classifiers
are learned to predict whether the input belongs to a particular
category or falls within a given range [15, 16]. This transfor-
mation allows neural networks to leverage their capacity for
high-dimensional feature learning while preserving the ordinal
nature of the output. This work leverages deep-learning-based
ordinal regression similar to [15, 16] for high-dimensional
speech data for the depression classification task.

2.3. Ordinal Regression for Speech-based Depression

Speech-based depression data has been empirically ordinal [1].
Previous work shows that considering the ordinal relationships
in the predicted scores while predicting the depression score
can improve the performance of depression severity predic-
tion [3, 4]. These approaches are based on traditional ma-
chine learning methods, such as the ranking support vector
machine [3] and ordinal logistic regression [4], to predict de-
pression scores. In this work, we brought the same intuition
that accounts for the ordinal nature of depression data to deep-
learning-based depression detection.

3. Method
Let D = {(Xi, y

gt
i , si)}Ni=1 be the training set containing N

segments/samples. Here, Xi comprises frame-based input fea-
ture vectors of the i-th segment, ygt

i is the binary depression
label (depressed/non-depressed), and si is the depression score
indicating the severity of depression.

The overall framework is illustrated in Figure 1. The latent
representation z is extracted by the encoder f , i.e., z = f(X).
The depression classification head is denoted by e1, while the
depression ordinal head consists of g(·) and e2(·). ok represents
the output from the k-th node of e2. For implementation details,
refer to Table 1.

3.1. Objectives

Depression detection is a binary classification problem, where
the ground truth label ygt is determined based on whether the
ground truth depression score (e.g., PHQ-8) is higher than a
predefined threshold T gt. Specifically, the depression score si
is compared to this threshold to assign the class label, i.e., ygt

i =
1(si ≥ T gt). Given the ground truth label ygt, the depression
detection model can be trained:

Lcls = E(X,ygt)[w1y
gt log p(s ≥ T gt|X) (1)

+ w0(1− ygt) log p(s < T gt|X)]

= E(X,ygt)[w1y
gt log p(y = 1|X)

+ w0(1− ygt) log p(y = 0|X)],

where p(s ≥ T gt|X) and p(s < T gt|X) are the classification
model’s outputs, and w1 and w0 denote the class weights for
the depressed and healthy classes, respectively. The class
weights are computed using the formula: wc = N

Nc
, where Nc

is the number of segments in Class c and N is the number of
training samples.

The depression classification loss Lcls ignores the ordinal
nature of depression by treating depressed and non-depressed
samples as distinct classes, potentially failing to capture the true
underlying structure of the data. To better capture the ordinal
relationships in the depression data, we propose incorporating
additional thresholds and introducing an ordinal loss function,

Lord, which encourages the model to consider the depression
severity. Given s ∈ [smin, smax], we manually define K′ thresh-
olds. These thresholds T k′

’s are uniformly spaced and are given
by

T k′
= smin + k′ · smax − smin

K′ + 1
, k′ = 1, . . . ,K′. (2)

Given a set of thresholds {T k′
}, we define datasets Dk′

=

{(Xi, y
k′
i , si)}Ni=1, where the label yk′

i for each threshold is
determined by yk′

i = 1(si ≥ T k′
). In practice, depend on the

data distribution in D and the defined T k′
, the dataset Dk′

may
be highly imbalanced, which can negatively impact model train-
ing. To enhance threshold effectiveness, we discard highly im-
balanced datasets {Dk′

} with k′ ∈ [1,K′] for some k′, and re-
tain only those thresholds T k′

for which the normalized positive

class weight, ηk′
=

wk′
1

wk′
0

, satisfies the condition 1
l
< ηk′

≤ l,

where wk′
1 and wk′

0 are the positive and negative class weights
for the dataset Dk′

, respectively, and l is a hyperparameter that
bounds the acceptable range of ηk′

. In other words, we keep
the datasets whose thresholds will not lead to a high imbalance
between the positive and negative classes.

Among the filtered thresholds, K thresholds are ran-
domly selected and kept, denoted as {T k}Kk=1. For nota-
tional simplicity, we denote the resulting datasets as Dk =
{(Xi, y

k
i , si)}Ni=1. The binary labels yk

i are then used for bi-
nary classification tasks based on varying levels of depression
severity, for example, predicting whether a sample corresponds
to mild or non-mild depression. These multiple binary classifi-
cation tasks are trained by minimizing Lord:

Lord =
1

K

∑
k

EDk{(1 + (ηk − 1)yk)(ok − yk)2}, (3)

where ηk =
wk

1

wk
0

is the normalized positive class weight of

dataset Dk determined by threshold T k. Here, 1 + (ηk − 1)yk

controls the class weight of the dataset Dk. Specifically, for
samples in Dk with yk = 1, the corresponding class weights
are ηk. For samples where yk = 0, the class weight is set to 1.
Utilizing ηk to address the class imbalance in Dk is crucial, par-
ticularly in imbalanced depression datasets D, where Dk may
exhibit even greater imbalance. Without ηk, the effectiveness
of Lord would be limited.

By incorporating additional thresholds, we transform the
original binary classification task into multiple binary classifica-
tion tasks, which encourages the model to learn a finer-grained
latent representation, allowing it to not only predict the exact
class but also capture ordinal information across different levels
of depression. Consequently, the total loss is:

Ltotal = αLcls + βLord, (4)

where α and β are the loss weights that balance the trade-off
between Lcls and Lord.

3.2. Training

We dynamically adjusted the balance between ordinal loss Lord

and classification loss Lcls, implementing a form of internal cur-
riculum learning. Specifically, α was increased linearly from
0.5 to 1, while β was decreased from 2 to 1. Initially, the
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Figure 1: The framework of Ordinal-Dep. Given the latent rep-
resentation z, e1(·) outputs the posteriors of depression and
non-depression. e2(·) implements K binary classification tasks,
with each output ok compared with the ground truth label (0 or
1) of the corresponding threshold T k.

model focused on learning ordinal relationships, refining its un-
derstanding of severity progression before shifting to the de-
pression classification task. This staged learning process en-
sures that the depression classification task benefits from a more
structured latent space shaped by the ordinal loss.

4. Experimental Setup
4.1. Dataset

We evaluated Ordinal-Dep on the DAIC-WOZ corpus [23],
a widely-used dataset for speech-based depression detection
research. It comprises 189 individuals’ interviews. The PHQ-8
scale was used to assess the participants, with scores s ≥ 10
indicating depression (T gt = 10). Figure 2 shows the score
distribution across all speakers in the dataset. DAIC-WOZ
contains training, development, and test subsets. We used the
development set as the validation set and report the results on
the test set. Long utterances were segmented into 3.84-second
chunks, and frame-based Wav2Vec features [24] were extracted
from these segments to serve as input for model training.
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Figure 2: The distribution of PHQ-8 scores across all speakers
in DAIC-WOZ.

4.2. Model Structure

The struture of the modules used in this study are shown in Ta-
ble 1. All modules consist of fully connected layers. The hidden
nodes of f and g employ the tanh activation function. The fi-
nal layer of f is a statistics pooling layer that concatenates the
mean, the standard deviation, and the mean of the first-order
differences between successive feature frames across time.

0 50 100 150 200
Iteration

0.4

0.5

0.6

0.7

0.8

0.9

ce

Baseline
Ordinal-Dep

Train
Val

Figure 3: Training and validation classification losses on the
training set and the validation set.

Table 1: Implementation details of different modules in Ordinal-
Dep. Here, dimin, dimhidden, and dimout represent the input di-
mension, hidden dimension, and output dimension, respectively.

Module (dimin, dimhidden, dimout)
f(·) (512, 264, 116)
g(·) (48, -, 16)
e1(·) (48, -, 2)
e2(·) (16, -, 4)
e3(·) (16, -, 1)

4.3. Training

In the experiments, we set K′ = 15, K = 5, and l = 2.5
by default. The learning rate was initially warmed up from
0 to 3 × 10−3 over the first 10% of the total iterations, and
then decayed following a cosine schedule for the remaining
iterations. Each batch consists of 107 segments, with each
segment randomly sampled from a distinct speaker within the
training set. The model was trained for a total of 200 iterations,
using the Adam optimizer.

4.4. Evaluation

We employed macro-averaged F1-score (MF1), F1-score for the
positive class (F1-pos), and F1-score for the negative class (F1-
neg) for evaluation. The classification decision for each subject
(speaker) was based on the majority votes across the speech seg-
ments of their utterances. Each experiment was run five times
with different initial states, and the average performance across
these five runs was reported.

5. Results
5.1. Main Results

Table 2 (Rows 1-3 & 6) presents a comparison between the pro-
posed Ordinal-Dep and state-of-the-art methods. The results
show that Ordinal-Dep significantly outperforms other work
that does not consider the ordinal nature of depression, high-
lighting the importance of introducing ordinal information to
depression detection tasks.

In our ablation study (Rows 4-6 in Table 2), we also
compare Ordinal-Dep with two frameworks: (1) Baseline:
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Table 2: Main results for the proposed Ordinal-Dep. Rows 1–3 present the results of state-of-the-art methods. Rows 4–5 present the
results of the ablation study. “Regression-cls” represents a detector trained by minimizing a regression loss and a classification loss.
“Ordinal-Dep” was trained by minimizing an ordinal regression loss and a classification loss.

Row Method Dev Test
F1-pos F1-neg MF1 F1-pos F1-neg MF1

1 FVTC [25] 0.440 0.810 0.625 0.410 0.780 0.595
2 SIDD [12] 0.745 0.866 0.805 0.481 0.721 0.601
3 Spk-Emb [26] 0.510 0.860 0.685 0.500 0.820 0.660
4 Baseline (cls only) 0.488 ± 0.033 0.833 ± 0.006 0.66 ± 0.020 0.300 ± 0.049 0.763 ± 0.017 0.532 ± 0.030
5 Regression-cls 0.644 ± 0.112 0.853 ± 0.014 0.749 ± 0.063 0.400 ± 0.112 0.754 ± 0.025 0.576 ± 0.052
6 Ordinal-Dep 0.690 ± 0.012 0.852 ± 0.002 0.771 ± 0.005 0.580 ± 0.025 0.794 ± 0.011 0.690 ± 0.011

model trained with depression classification loss only; and (2)
Regression-cls: model trained with depression classification
loss Lcls and regression loss Lreg. Note Lreg = E(X,s)(s −
e3(g(z)))

2, where e3(·) is the output of the regression head.
The experimental results in Table 2 demonstrate that incor-

porating ordinal information enhances the performance of
depression classification. In particular, Rows 4 & 6 show that
Ordinal-Dep largely outperforms the baseline, highlighting the
effectiveness of the proposed framework in leveraging ordinal
information. While Regression-cls also utilizes score infor-
mation and seeks to learn a finer-grained latent representation
through mean squared errors, it does not explicitly account for
ordinal relationships. As shown in Rows 5 & 6, Ordinal-Dep
outperforms Regression-cls, demonstrating its superiority
in utilizing score information by emphasizing depression as
ordinal data. We conducted Mann-Whitney U tests [27] to
compare the proposed Ordinal-Dep with both the Baseline
and Regression-cls methods. Figure 4 shows that Ordinal-Dep
demonstrates statistically significant superiority over the two
ablated methods (p < 0.05).
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Method

0.50

0.55

0.60

0.65

0.70

0.75

0.80

0.85

M
F1

p=0.207

p=0.012

p=0.012

Figure 4: Mann-Whitney U tests comparing the proposed
Ordinal-Dep with Baseline and Regression-cls.

We further found that the proposed Ordinal-Dep signifi-
cantly mitigates the overfitting problem in the small DAIC-
WOZ dataset. As illustrated in Figure 3, the training and vali-
dation classification losses for both Ordinal-Dep and its base-
line are compared on the training and development sets of
DAIC-WOZ. While the baseline model exhibits a large gap
between training and validation loss, leading to rapid overfit-
ting, Ordinal-Dep maintains a much smaller gap and ultimately
achieves a lower validation loss. This improvement is likely at-

tributed to the use of ordinal loss, which ensures that the model
is trained not only to predict the exact class but also to respect
the ordinal nature of depression, mitigating the risk of overfit-
ting and potentially improving robustness on unseen data.

Additionally, Ordinal-Dep stabilizes the training of Lcls
(see Figure 3), likely due to the staged training process, which
allows Lcls to begin learning from the structured latent repre-
sentation initialized by Lord (see Section 3.2).

5.2. Effect of K

Table 3 presents the effect of varying the number of thresholds,
K, on the performance of the depression classification model.
While increasing K is theoretically expected to improve
performance by providing a finer-grained ordinal structure,
our results indicate that K = 5 yields the best performance.
Surprisingly, increasing K to 7 results in a decline in perfor-
mance. We hypothesize that this may stem from variations
in depression severity within different segments of speech
from the same individual, suggesting that excessively granular
classification levels may introduce bias. This, in turn, could
negatively impact the model’s accuracy. Moreover, managing
a larger number of thresholds during training may induce
instability, further complicating the learning process.

Table 3: Effect of K on the performance of Ordinal-Dep on
DAIC-WOZ.

K
Dev Test

F1-pos F1-neg MF1 F1-pos F1-neg MF1
2 0.557 0.839 0.698 0.450 0.784 0.617
3 0.689 0.846 0.768 0.563 0.774 0.668
5 0.690 0.852 0.771 0.580 0.794 0.690
7 0.636 0.779 0.707 0.514 0.746 0.630

6. Conclusions
In this paper, we highlight the importance of considering the
ordinal nature of depression data in speech-based depression
detection. We propose a framework that aims to create a latent
space that contains ordinal information via an ordinal loss to
benefit the learning of the depression detection task. By using
the ordinal loss, the model is trained not only to predict the exact
class but also to respect the ordinal nature of depression. The
results show that the proposed method significantly outperforms
state-of-the-art methods and effectively reduces the overfitting
problem in the DAIC-WOZ dataset.
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