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Counterfactual Augmentation for Speech-based
Depression Detection under Data Scarcity
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Abstract— Data scarcity is a common and serious prob-
lem in depression detection, often leading to overfitting
and bias that degrade the performance of depression de-
tectors. We propose a counterfactual augmentation (CF-
aug) framework that generates latent features for speech-
based depression detection under data-scarce conditions.
The generation method is based on exploring how feature
changes affect the outcomes. To this end, we introduce
a counterfactual layer to a deep network to transform the
representation of the original data to its opposite class,
while a group-wise vector quantization module helps the
model explore how the changes in vectors (or entries)
sampled from codebooks affect the outcome. Experimental
results demonstrate that CF-aug can alleviate the overfit-
ting and bias problems caused by data scarcity. Our CF-aug
framework achieves competitive performance compared to
state-of-the-art methods on two depression datasets. We
also demonstrate the potential of CF-aug in other domains
and modalities for medical diagnosis under data-scarce
settings.

Index Terms— Speech-based depression detection; data
scarcity; data augmentation; counterfactuals;

[. INTRODUCTION

Depression is a significant global health issue [1].
Traditional diagnosis methods based on clinical interviews are
time-consuming and subjective [2]. Speech-based automatic
detection offers a promising alternative, as cognitive and
physiological changes caused by depression influence speech
production [3]-[5]. However, data scarcity is a common
challenge in depression detection task, where obtaining large,
diverse depression datasets is often hard due to privacy,
stigma, and legal concerns [6]. The limited availability of
annotated data can cause issues like overfitting. This is because
when there is a lack of diversity in the limited training data,
the models will memorize the training samples rather than
generalize effectively. Moreover, the lack of data can introduce
biases. For example, the work in [7] shows that a depression
model can bias towards speaker features under data scarcity
when speaker labels are correlated with depression labels.

An obvious solution to the problems mentioned is data
augmentation. Data augmentation methods modify data to
introduce variations, which can improve model performance.
Variations can be introduced either by manually designed
perturbations, such as flipping images or using generative
adversarial networks to generate synthetic data with a
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distribution close to the original data [8]. In [9], augmented
samples were introduced by changing the frame-width and
the frame-shift of speech for depression detection. Typically,
these methods generate data for different classes separately
and do not consider the relationships between classes.

Understanding the relationships between different classes
can be useful because it encourages the incorporation of
counterfactual information [10] to medical diagnosis. From
a causality perspective, counterfactuals involve asking “what-
if” questions about how changes or interventions on specific
features might alter outcomes. Using counterfactual informa-
tion, the model can better exploit the underlying mechanisms
that differentiate the positive and negative classes, leading
to more accurate predictions. Importantly, this capability is
crucial to medical diagnosis, where the focus often lies on the
presence or absence of certain features. Understanding how
these features influence diagnostic outcomes helps researchers
build a model that produces interpretable decisions.

Inspired by [11], we propose a counterfactual augmentation
framework (CF-aug) to address data scarcity for speech-based
depression detection. The framework generates counterfactual
samples to promote the model to consider the relationships
between different classes. The key idea is to encourage the
model to learn how the change in features can affect the predic-
tion or outcome of the model. The core component of CF-aug
is a counterfactual layer that generates latent counterfactual
features by transforming the representation of the original data
to their opposite class.' In practice, we apply group-wise vec-
tor quantization (VQ) [12] to discretize the latent features by
selecting specific vectors (or entries) from multiple codebooks.
Therefore, the VQ module facilitates the model to explore how
changing entries in the feature groups affect the prediction
outcomes and gain discriminative power. Meanwhile, the in-
creased diversity helps the model become more robust to data
variations and reduces the risk of bias and overfitting.

Contributions. We propose a novel framework to generate
latent counterfactual features for speech-based depression
detection under data scarcity. We evaluated CF-aug on two
speech-based depression datasets and achieved state-of-the-art
performance. Ablation studies were conducted to demonstrate
the effectiveness of augmented counterfactual features. We
demonstrate that CF-aug can reduce overfitting and bias,
which are detrimental to depression detection when using
small datasets. Notably, CF-aug is not limited to speech-based
depression detection and can be used in other medical

IFor simplicity, we consider two-class problems here.
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diagnosis tasks under the data scarcity scenarios. We also
applied CF-aug to medical imaging for breast cancer detection
to demonstrate the potential of CF-aug in other domains.

[I. BACKGROUND & RELATED WORK
A. Speech-based Depression Detection

Recent work has explored speech-based deep-learning
approaches to depression detection. Architectures such as
fully-connected networks [7], [13], [14], RNNs [15], [16],
CNNs [17], and Transformers [18] have been employed to cap-
ture latent representation of depression from speech. However,
data scarcity poses a major challenge to these models, leading
to bias and overfitting. Researchers have addressed this issue
through techniques like data augmentation [9], sampling [19],
[20], and transfer learning [17], [21]. Our work focuses on
addressing data scarcity using data augmentation to enhance
performance. A detailed comparison with other methods will
be discussed in Section V-B.

B. Data Augmentation

Data augmentation is a common technique for improving
model performance in machine learning tasks. As mentioned
in Section I, data augmentation methods can be divided into
two categories, depending on whether they generate samples
from the same class or different classes.

1) Intra-class Augmentation: This type of augmentation gen-
erates new samples by applying transformations to existing
samples within the same class. The goal is to create within-
class variations to enhance the model’s robustness and gen-
eralization abilities. In computer vision, traditional techniques
in this category include image rotation, scaling, and flipping.
For speech, changing pitch, adjusting the speaking rate, and
adding noise are common augmentation techniques. For text
data, it is a common practice to perform synonym replace-
ment and random insertion. Additionally, generative models
like Variational Autoencoders (VAEs) [22] and Generative
Adversarial Networks (GANs) [23] are effectively for intra-
class augmentation [8], [24], [25].

2) Inter-class Augmentation: This type of augmentation con-
siders the relationship between multiple classes when gener-
ating new samples for all classes. Therefore, for each original
sample, the variations in its augmented samples are not limited
to one class but depend on its relationship with the samples
in other classes. Our method falls into this kind.

Some inter-class data augmentation methods use generative
adversarial networks, such as CycleGAN [26], to transform
representations of one class to another [27]-[29]. For example,
CycleGAN has been used to generate samples of minority
classes to address the class imbalance problem by transferring
samples from the majority class (e.g., happy) to the minority
class (e.g., sad) [27]. However, adversarial models need careful
tuning, and thus, it might not be optimal for scenarios with lim-
ited data. Another approach called Mixup [30] explores inter-
class relationships by positing that linear combinations of input
feature vectors should correspond to similar combinations
of their associated output labels. However, this assumption
may not hold in medical applications. This is because unlike
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Fig. 1. Framework of CF-aug. Elements inside the dashed grey block
illustrate the process of group-wise vector quantization.

computer vision, diseases often present with varying degree of
severity, causing the mixed label to be noisy and misleading.
For example, mixing a severe case with a healthy sample
might yield a mixed label indicating a mild condition.

C. Counterfactual Generation

Counterfactual generation refers to feature perturbation
original feature that results in the model giving a different
decision [11], [31]. Such generated counterfactual examples
are used to explain the behavior of machine learning models,
thereby helping model debugging, increasing models’ inter-
pretability, and enhancing human decision. Generally, given
a machine learning model f and input feature vector af,
counterfactual feature vector £ can be obtained through

optimizing the following objective [31]:

_’I}CF = argmin Ecls(f(m)?yCF) + ||mF - .’B|| ? (1)

where L is a classification loss that encourages the coun-
terfactual €% towards a different label y©¥ other than x'"s
ground truth %', and the second term keeps the counterfactual
close to the original feature vector. Here, letters with super-
scripts ' and C'F' denote original (factual) and counterfactual
data, respectively. In the binary case, yS'" represents the
counterfactual label of the i-th factual sample i, i.e., yf i
1—yF, where y!" € {0, 1}. In this work, we leverage the same
intuition as that in [11], [31] to change the original features
to their counterfactual ones that lead to different outcomes for
data augmentation, aiming to solve the data scarcity problem.

[1l. METHODOLOGY

A. Framework of CF-aug

Denote D = {(X;,y;)}}¥, as a dataset containing N
sample-label pairs, where X; and y; are the feature vectors
and the label of sample i, respectively. We aim to generate
counterfactual features in the latent space by transforming
the original data representation to their opposite class. The
framework of CF-aug is shown in Fig. 1. The encoder
Enc extracts feature representation zf from the input
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feature vectors X.> A group-wise vector quantization (VQ)
module quantizes the latent vector z to discretized vector q.
Importantly, the counterfactual layer CFL changes the factual
discretized vector g% to the counterfactual vector z%. The
classifier Cls is used to diagnose disease based on the factual
vector g and generated counterfactual vector g©* .

B. Group-wise Vector Quantization

We use a group-wise vector quantization (VQ) module to
obtain a quantized vector q € R? [32]. As shown in the dashed
grey block in Fig. 1, the VQ module maps a continuous vector
z to a discrete vector g, composed of several entries sampled
from the codebooks.

Given C' groups (or codebooks), where the c-th group
contains M entries E, € RE€*M | the probability of selecting
an entry from a group is determined by a Gumbel-Softmax
distribution. Specifically, for the c-th group, the probability of

selecting the j-th entry e; € R¢ from E, given 23

exp((log(m;) + 9;)/7)

S e ({108 (Tm) + gun) /7)’
where 7; is the logit associated with the j-th entry e;, g;
is a Gumbel noise term that introduces randomness, and 7 is
a temperature parameter that controls the smoothness of the
posterior distribution of e;. One entry is sampled from each
codebook based on these probabilities, and the selected entries
are concatenated to get g = concat(ey,...,eq).

Why VQ? VQ can be effective in cases of data scarcity.
This is because VQ acts as a form of prototype learning,
where prototypes simplify the data by representing similar
inputs with discrete entries. Using these entries makes the
model less sensitive to noise and variations in the dataset,
reducing the risk of overfitting and enhancing its robustness
to distribution shifts in the test set. Notably, z°F" shares the
same VQ module as z%, ensuring that both g" and ¢“* are
generated from the same codebooks. This design explicitly
promotes shared generation components between q*” and ¢“ 7',
leading to unified representations. Consequently, VQ makes it
easier to explore how different entries sampled from the code-
books affect the outcomes and prediction. Furthermore, this
structure enables the generation of diverse outputs by allowing
various combinations of sampled entries, thereby improving
the model’s capacity to produce a wide range of variations.

2
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C. Model Training

1) Counterfactual Features Generation: Similar to [31], we
obtain counterfactual features via optimizing the following
loss:

Low=LEg + LED
= Lop(Cls(g"),y") + Ler(Cls(@“"),y“"),  ©)

where Lo denotes the cross-entropy loss, and class weights
are used to address the class imbalance problem. Notably,

2For speech, X can comprises a sequence of MFCCs, filterbank vectors,
or frame-based feature vectors from a pre-trained model.
3For clarity, we omit the group index c and feature vector index 1.

the class weights of £E; and LEE are swapped between
classes, meaning wg = w1CF and wf = ng, where wg and
w; denote the weights for the negative and positive classes,
respectively.

2) Auxiliary Constraint: To prevent the model from prioritiz-
ing the optimization LgE over £8§ through overfitting to the
training data to reach a low classification loss, we introduce
an auxiliary constraint £, to enforce similarity between EgE
and L&

Laux = max (’LgE — Eg]ﬂ ,m) , 4)

where m is a margin that defines the maximum acceptable
difference between L& and L&F. Notably, given the same
classifier Cls, L&, ~ £&F indicate that the overall feature
distributions of the factual data ¢ and generated counterfac-
tual data g©F" are not significantly different. This is because
the expected log-probability is a summary statistic of the
feature distribution with respect to the classifier’s predictions.
Specifically, if

E(y.q)~pr 10g h(y]q) = E(y g)~por logh(ylg), — (5)

where pr and por denote the joint distributions of the factual
and counterfactual data and labels, respectively, then it implies
that the overall feature distributions of the factual data g%
and counterfactual data ¢©F" are similar in how they influence
the classifier’s predictions. Here, h(y|q) is estimated by the
classifier Cls according to variational approximation theory,
and it represents the probability of the true label y given the
feature representation q.
Overall, the total loss is defined as:

ACtotal = Ecls + Acaux- (6)

V. EXPERIMENTAL SETUP
A. Dataset

We evaluated CF-aug on two speech-based depression
datasets. We also demonstrated CF-aug’s potential in medical
imaging using a breast cancer dataset.

a) DAIC-WOZ: The Distress Analysis Interview Corpus
Wizard-of-Oz (DAIC-WOZ) dataset [33] is widely used for
studying and diagnosing depression. It comprises the clinical
interviews of 189 participants who engaged with a virtual
interviewer controlled remotely by a human interviewer.
Participants were assessed using the PHQ-8 scale [34], with
a score of 10 or above indicating depression. The dataset is
officially divided into training, development, and test subsets.
In this work, we validated our method on the development
set and evaluated it on the test set.

b) MODMA: The Multimodal Open Dataset for Mental
Disorder Analysis (MODMA) [35] is a depression dataset de-
veloped by Lanzhou University for research in mental disorder.
MODMA comprises audio and EEG data collected from clini-
cally diagnosed depressed patients and non-depressed controls.
The depressed participants were recruited from the Second
Hospital of Lanzhou University, while the non-depressed
participants were recruited through public posters. The dataset
includes the recordings of 52 subjects engaged in interviews,
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readings, and picture descriptions. Since there is no official
dataset division, we adopted the test set division outlined in
[21], and reserved 20% of the training data for validation.

¢) BreastMNIST: The MedMNIST benchmark [36] offers
a range of medical imaging datasets designed for rapid eval-
uation of machine learning methods in healthcare. Among its
subsets, BreastMNIST focuses on breast cancer diagnosis and
consists of 780 breast ultrasound images (546 training images,
78 validation images, and 156 test images) with a resolution
of 28 x 28 pixels. In this study, we resampled the BreastM-
NIST dataset to include only 50 training samples in order to
explore the versatility of CF-aug under data scarcity beyond
its primary application in speech-based depression detection.

B. Data Preprocessing

For the DAIC-WOZ dataset, we extracted wav2vec features
using a pre-trained model [37] and preprocessed the features
as stated in [38]. For the MODMA dataset, we cut the
waveform files to 3.84-second segments and extracted frame-
based 80-dim filterbank features. For BreastMNIST, all images
were preprocessed by subtracting the mean and dividing by
the standard deviation to mitigate the impact of outliers.

C. Model Structures

This section introduces the model’s structures and their
ablated structures. We set 7 = 1 in Eq. 2, M = 32, and
C = 8 in Fig. 1 for all models with a VQ module.

a) Depression model: We used the depression model to
perform depression detection on DAIC-WOZ and MODMA.
Enc, CFL, and Cls in the depression model comprise fully
connected (FC) layers with the tanh activation function in
their hidden nodes. There is a statistics pooling layer that
concatenates the mean across time, the standard deviation
across time, and the mean first-order difference between
the successive feature frames of the output frame-based
representations from the last layer of Enc to get segment-level
vectors z" € RY. Detailed model settings are shown in Table I.

b) Breast model: The breast model was trained to perform
breast cancer classification on BreastMNIST. The Enc of our
breast model consists of five convolutional (Conv) layers. Each
Conv layer uses a 3 x 3 kernel with stride 1, followed by 2D
batch normalization and relu activation. Max pooling (2 x 2
kernel, stride 2) was applied after the 2-nd and 5-th Conv
layers. Following the Enc, we applied FC layers to reduce the
dimensions of the latent vectors. The first FC layer transforms
the 1024-dimensional vectors from the last Conv layer to 32
dimensions, followed by relu activation. The second FC
layer transforms the 32-dimensional vectors to 64 dimensions,
resulting in our final latent representation z¥ ie.,d = 64. The
details of the settings of Conv layers can be found in Table II.

¢) Baseline (BL) model: We trained BL models using ££
without augmenting counterfactual features, meaning only
Enc, VQ and Cls in Fig. 1 were kept. Note that comparing
BL to CF-aug is particularly valuable for assessing the impact
of counterfactual sample augmentation, as both models use
the same structure for inference.

TABLE |
THE NETWORK STRUCTURE (INPUT, HIDDENS, OUTPUT) OF DIFFERENT
MODULES. THE NUMBERS INSIDE THE SQUARE BRACKETS INDICATE
THE NUMBER OF HIDDEN NODES IN MULTIPLE LAYERS.

Network Structure

Module Depression Model Breast Model
Enc 512, 264, 16 -
Cls 48, [256, 64, 32], 2 64, 128, 2
CFL 48, [256, 128, 256], 48 64, 32, 64
TABLE Il
THE SETTINGS OF CONV LAYERS IN OUR BREAST MODEL.
Index Layer Kernel size Stride (Input, Output)
1 Conv2d 3x3 1x1 (1, 16)
2 Conv2d 3x3 1x1 (16, 16)
3 Conv2d 3 x3 1x1 (16, 64)
4 Conv2d 3x3 1x1 (64, 64)
5 Conv2d 3x3 1x1 (64, 64)

d) Regular baseline (R-BL) model: Since VQ is not
commonly used in depression detection, we also reconfigured
CF-aug into R-BL, consisting only Enc and Cls, which aligns
more closely with typical deep learning-based depression
detectors [7], [9], [19].

D. Metrics

We used a set of evaluation metrics, including Macro-
averaged Fl-score (MF1), Fl-score for the positive class (F1-
pos), Fl-score for the negative class (F1-neg), and accuracy
(Acc). For the depression detection task, we applied a majority
voting strategy for the final classification. We conducted five
independent runs of each experiment and reported the mean
performance.

E. Network Optimization

We used the Adam optimizer for all experiments, training
each model for 100 iterations. For the depression detection
task, during each iteration, we trained the model on a batch
of randomly sampled segments, with one segment selected
from each speaker in the training set. We used a learning
rate of 102 for the DAIC-WOZ dataset and 3 x 103 for
the MODMA dataset. The batch size in the breast cancer
classification task was 64, and the learning rate was fixed
at 10~*. We implemented a cosine scheduling strategy for
learning rate adjustments, i.e., the learning rate was linearly
increased from O in the first 10% of iterations, followed by
a cosine-shape reduction in the remaining iterations. Early
stopping was applied based on the MF1 on the validation set.

V. RESULTS
A. Effect of Counterfactual Features

The results for CF-aug and its ablated structures on DAIC-
WOZ, MODMA, and BreastMNIST are shown in Tables III,
IV, and V, respectively. Overall, CF-aug consistently outper-
forms its ablated structures, R-BL and BL, across all three
datasets, including both the speech-based depression task and
the breast cancer classification task. These results demonstrate
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TABLE IlI
ABLATION STUDY ON DAIC-WOZ DATASET.
Validation Test
F1-pos F1-neg MF1 Acc F1-pos F1-neg MF1 Acc
R-BL 0.513+0.110 0.7714+0.038 0.6421+0.055 0.693+0.034 | 0.37440.104  0.7304+0.051  0.552+0.052  0.628+0.051
BL 0.56740.155 0.837+£0.030  0.702+0.092  0.7654+0.054 | 0.3514£0.066  0.7304+0.075  0.541£0.063  0.622+0.080
CF-aug | 0.681£0.017 0.846% 0.014 0.764+0.013  0.793+ 0.014 | 0.512+0.061  0.748+0.080  0.630+0.068  0.67040.081
0.80 2.4
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Fig. 2.  Validation classification losses L. of BL and CF-aug for  Fig. 3. Plots of depression class separation and speaker class separa-

depression detection and breast cancer classification. The number of
training samples used in Fig. 2(b) is 50.

TABLE IV
ABLATION STUDY ON THE MODMA DATASET.
Method F1-pos F1-neg MF1 Acc
R-BL 0.681£0.048  0.663+£0.069  0.672£0.054  0.674+0.054
BL 0.7254£0.028  0.790£0.045  0.758£0.035  0.763£0.038
CF-aug | 0.770£0.043 0.810£0.036  0.790£0.038  0.793+£0.037

the effectiveness of using augmented counterfactual features to
improve model performance.

Reduce Overfitting. As shown in Fig. 2, CF-aug achieves
lower validation losses on both tasks, suggesting that it can
effectively mitigate the overfitting problem under data scarcity.
This reduction in overfitting is likely due to the generation of
counterfactual features, which introduces greater variability in
the training data. This added variability acts as a regularization
mechanism, preventing the model from memorizing specific
patterns in the original dataset.

Reduce Bias. The work in [38] highlights the bias problem
towards speaker features on DAIC-WOZ under data scarcity.
We investigated the speaker class separability and depression
class separability of BL and CF-aug in the latent space q’
to assess the impact of speaker features on both models.
Class separability refers to how well the encoder distinguishes
between samples from the same class and those from differ-
ent classes [39]. Higher speaker class separability indicates
a greater reliance on unintended speaker features, whereas
higher depression class separability reflects a better capability
to differentiate between depressed and non-depressed sam-
ples. As shown in Fig. 3, BL shows a consistent increase
in speaker class separability, suggesting an unintended bias
towards speaker-specific features. This bias indicates that BL
may be overly focused on distinguishing between speakers
rather than the target task of depression detection. Conversely,
CF-aug maintains low speaker class separability, effectively

tion on Daic-woz dataset.

TABLE V
ABLATION STUDY ON THE BREASTMNIST DATASET.
F1-pos F1-neg MF1 Acc
R-BL 0.786+0.020  0.503+0.026  0.645+0.020  0.701£0.022
BL 0.796+0.023  0.5064+0.032  0.651+0.025  0.71240.027
CF-aug | 0.815£0.018 0.5114£0.024 0.663+0.019  0.73240.018

mitigating speaker-related biases. Although BL exhibits higher
depression class separability than CF-aug, we attribute this to
an over-reliance on speaker features, which may lead to poor
generalization across different speakers. CF-aug mitigates this
bias by generating opposite-class samples in the latent space
by recombining feature entries in the codebooks, effectively
reducing the associations between certain features and the
specific depression class. During this recombination process,
CF-aug allows speaker features to be exchanged between
different speakers, reducing the model’s tendency to overfit
to speaker-specific characteristics and ensuring a stronger
focus on depression-related features. While recombining fea-
ture entries from codebooks has potentials to reduce bias
by disrupting spurious correlations in the training set, this
effect is not always guaranteed. Its effectiveness may vary
depending on factors such as the nature of the task and the
characteristics of the dataset. Consequently, controlling pre-
identified confounding factors (or spurious features), such as
speaker identity features in speech-based depression detection,
based on prior knowledge, may yield more robust results.

B. Comparing with Other Methods

As shown in Tables VI and VII, CF-aug achieves state-of-
the-art performance on both the DAIC-WOZ and MODMA
datasets. FRAUG [9] augments samples by generating
multiple views of the same speech segment through frame
width and shift adjustments, helping the model focus on
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TABLE VI
COMPARING WITH OTHER METHODS ON THE DAIC-WOZ DATASET.
Validation Test
Method | £y \6s  Flneg MF1 | Fl-pos Flmeg MFI
FRAUG [9] - - 0.656 - - 0.479
LECE [40] 0.692 0.818 0.755 - - 0.553
SIDD [7] 0.741 0.866 0.805 0.481 0.721 0.601
Mixup [30] 0.675 0.796 0.736 0.466 0.680 0.573
CF-aug 0.681 0.846 0.764 0.512 0.748 0.630
TABLE VII
COMPARING WITH OTHER METHODS ON MODMA DATASET.
Method F1-pos Acc
DCL (Audio) [41] 0.615 0.615
GNN-SDA (Audio) [21] 0.766 0.788
Mixup [30] 0.753 0.770
CF-aug 0.770 0.793

invariant depression features across different views. However,
this method is weak at introducing diversity and reducing bias,
as it only creates variations from the same data without adding
new samples. In the worst case, it can reinforce existing biases
present in the original data and fails to generalize effectively.
CF-aug outperforms FRAUG on DAIC-WOZ, likely due
to introduced variation via combining entries selected from
different feature groups and its potential ability to reduce bias.

Domain adaptation methods (DCL [41] and GNN-
SDA [21]) are designed for transferring knowledge from a
source domain to a target domain to enhance detection per-
formance. CF-aug achieves performance comparable to DCL
and GNN-SDA on the MODMA dataset while using less data.
Unlike DCL and GNN-SDA, which typically require at least
one additional dataset for adaptation, CF-aug does not rely on
additional data, making CF-aug more efficient.

Given that speaker features are identified as a disturbing
factor in the DAIC-WQOZ dataset for depression detection [7],
both SIDD [7] and LECE [40] aim to minimize the impact of
these features on model decisions. As analyzed in Section V-A,
CF-aug can also reduce the impact of speaker features. Impor-
tantly, it is not necessary for CF-aug to pre-identify these dis-
turbing factors. CF-aug outperforms SIDD [7] and LECE [40],
likely because it also reduces the impact of other unidentified
factors and benefits from the increased diversity of data in-
troduced by generated samples. However, directly controlling
pre-identified disturbing factors, as done in SIDD [7] and
LECE [40], remains a robust and straightforward approach.

We also implemented the Mixup method to compare with
CF-aug, as both methods involve combining features for
augmenting data. As mentioned in Section II-B, mixing
different classes can introduce label noise, leading to
misleading model training. We conducted experiments using
Mixup on different classes and the same class. However,
the models failed to learn meaningful patterns in all three
datasets when mixing different classes, likely due to the
introduction of label noise. Therefore, we only present the
Mixup’s results in Tables VI, VII, and VIII, focusing on
cases where samples were mixed within the same class in
the original space. The experimental results indicate that
CF-aug consistently outperforms Mixup across all datasets.

This performance gap can be attributed to two reasons: 1)
Mixup’s effectiveness will be limited if it only mixes samples
from the same class, restricting its ability to establish smooth
decision boundaries between different classes. This limitation
could make it harder for the model to capture and handle
uncertainty; and 2) Mixup mixes entire samples directly,
which can limit its ability to generalize across diverse feature
sets. In contrast, CF-aug can combine features from different
groups more effectively, suggesting its flexibility in merging
information, which contributes to its superior performance.

Moreover, we applied several standard augmentation tech-
niques—such as Flip, Affine, and Mixup—to BreastMNIST
and found that CF-aug consistently outperformed these tech-
niques in terms of accuracy (see Table VIII). This demon-
strates CF-aug’s superior effectiveness and its potential for
enhancing performance in medical imaging tasks.

TABLE VIII
COMPARING WITH OTHER AUGMENTATION METHODS ON
BREASTMNIST.

F1-pos Fl-neg MF1 Acc
Affine 0.751+0.034  0.466+0.013  0.609+0.022  0.662+0.034
Flip (Horizontal) | 0.771£0.009  0.526+0.021  0.645+0.014  0.690+0.012
Flip (Vertical) 0.7814+0.015  0.509+0.026  0.645+0.016  0.697+0.016
Mixup 0.800+0.023  0.5261+0.028  0.6631+0.024  0.71940.027
CF-aug 0.8154+0.018  0.51140.024  0.663+0.019  0.73240.018
VI. DISCUSSIONS & CONCLUSIONS

Depression detectors often struggle to learn meaningful
diagnostic features due to overfitting and bias caused by data
scarcity. These incorrect predictions can have serious real-
world consequences, highlighting the significance for devel-
oping robust models. In this study, we propose a CF-aug
framework that generates counterfactual features for speech-
based depression detection to address data scarcity. Exper-
imental results show that CF-aug achieved state-of-the-art
results on two depression datasets and effectively mitigated
overfitting and bias problems. Additionally, we highlight CF-
aug’s potential in other medical diagnostics, including breast
cancer detection in medical imaging.

We also discusses the limitations of CF-aug. Since the
BreastMNIST dataset contains more training samples than
depression datasets, it was used to evaluate the effectiveness
of CF-aug with varying training set sizes.

a) Limited in generating out-of-distribution samples: CF-aug
increases data diversity by generating samples by recombining
entries in feature groups. This approach benefits datasets with
limited natural variations, but it struggles to produce truly out-
of-distribution (OOD) samples. Since larger datasets inherently
possess greater natural variation, additional in-domain varia-
tions introduced by CF-aug will have a diminished impact. As
a result, CF-aug’s effectiveness is more pronounced in small
datasets. As shown in Table IX, CF-aug is less effective with
larger training sets (approximately 500 samples) compared to
scenarios with fewer samples (50 and 200 samples). In addi-
tion, CF-aug might still underperform on OOD test sets. For
example, CF-aug may struggle to detect depression in patients
from countries outside the training set due to distributional
shifts introduced by variations in language or accent.
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TABLE IX
EFFECTIVENESS OF CF-AUG WITH VARYING TRAINING SET SIZES, AS
MEASURED BY ACCURACY ON THE BREASTMNIST DATASET. “ALL"
MEANS USING ALL TRAINING SAMPLES (546 IMAGES) PROVIDED IN
BREASTMNIST.

# of training samples
50 200 All
BL 0.71240.027 0.75540.025 0.8414+0.013
CF-aug 0.73240.018 0.78540.009 0.8494-0.022

b) Lack of causal knowledge integration: Similar to the
limitation in [11], CF-aug generates counterfactual features
without explicitly considering causal relationships in the data.
The lack of causal knowledge can result in counterfactual
features that may not be valid or interpretable in the real world.
Addressing this issue will be left to future work.

¢) Task and dataset-specific limitations of VQ: CF-aug relies
on the VQ module for generation. However, the effectiveness
of VQ can vary across tasks and datasets. For example, in
fine-grained image segmentation tasks, such as detecting
subtle variations in medical imaging for early disease
diagnosis, VQ may lead to the loss of critical details essential
for accurate analysis. Therefore, its application should be
carefully evaluated based on the specific requirements of the
tasks and datasets.

Although the VQ module may be less effective in some
tasks and datasets, we want to highlight its potential in causal
structure design. This is because VQ can be viewed as a form
of soft intervention, contrasting with traditional interventions
that involve setting a variable to a specific value [10]. It can
serve as a tool for networks to perform interventions to infer
potential causal relationships. Therefore, we recommend that
future research in causal discovery consider incorporating VQ
module(s) into their designs, as VQ may be valuable for iden-
tifying indicators and features that are robustly and causally
linked to disease states from complex, high-dimensional data,
such as speech and imaging.
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