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Abstract

Speech-based depression detection provides a non-invasive and low-cost approach for
supporting mental health screening. However, existing deep models often learn acoustic
representations through fixed nonlinear transformations, which limits their ability to char-
acterise gradual, nonlocal, and depression-related time—frequency variations in speech. To
addpress this issue, this paper proposes a Fractional Kolmogorov—Arnold Network (FKAN)
for learning acoustic biomarkers from mel-spectrograms. The proposed FKAN introduces
fractional coordinate encoding to describe non-integer-order temporal-frequency responses,
fractional-gated RBF-KAN blocks to learn adaptive edge-wise functional mappings, and
a prototype-based classifier to construct a depression-related acoustic state space. In this
way, the model not only improves classification performance but also provides functional
and geometric evidence for interpreting acoustic biomarkers. Experiments on two public
depression speech datasets demonstrate the effectiveness of the proposed method. The
FKAN achieves an accuracy of 0.95 and an average F1-score of 0.94 on DAIC-WQOZ, and an
accuracy of 0.94 and an average F1-score of 0.94 on MODMA. Ablation studies, parameter
sensitivity analysis, cross-dataset evaluation, and visualisation results further confirm that
the fractional components and prototype-based state representation contribute to both
robust depression detection and interpretable acoustic pattern analysis.

Keywords: depression detection; acoustic biomarkers; fractional modeling; fractional
coordinate encoding; Kolmogorov—-Arnold networks; speech signal processing

1. Introduction

Depression is one of the most common mental health disorders and has become a
major public health concern worldwide. It affects mood, cognition, social behaviour, and
daily functioning, and can lead to long-term disability when not detected and treated in
time [1]. The World Health Organisation reported that approximately 332 million people
live with depression, and that depression is closely related to suicide risk and impaired
quality of life [2]. In clinical practice, depression assessment still relies heavily on interviews,
self-report scales, and expert judgment. Although these methods are clinically useful, they
can be affected by subjective bias [3], delayed access to care, and the limited availability
of trained professionals. Therefore, objective, low-cost, and easily deployable tools are
increasingly needed to support early screening and continuous mental health monitoring.
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Speech provides a promising way to meet this need. It is natural, non-invasive, and
can be collected with common devices. More importantly, depression often changes how
people speak. Depressed speech may show reduced energy, slower rhythm, longer pauses,
flatter intonation, and altered voice quality [4]. These changes are not always easy for
human listeners to perceive, but they can be captured through acoustic and time—frequency
analysis. Recent studies have shown that speech and voice features can serve as potential
digital or acoustic biomarkers for depression detection [5], although their clinical use still
requires stronger evidence and better generalisation. This makes speech-based depression
detection an important research direction at the intersection of affective computing, speech
signal processing, mental health assessment, and interpretable machine learning.

Existing studies have explored various speech representations for depression detection,
including handcrafted acoustic descriptors [6], spectrogram-based features [7], and deep
representations learned by convolutional, recurrent, attention-based, and self-supervised
models [8]. These methods have improved models” ability to detect depression-related
speech patterns. Some works also use multimodal information [5], such as text, facial
behaviour, and physiological signals, to further enhance performance. However, speech-
only depression detection remains highly valuable because speech is easier to collect and
less intrusive in many real-world scenarios. For this reason, improving the modelling
ability and interpretability of acoustic representations is still a central problem in this field.

Despite recent progress, several limitations remain. First, many deep models learn
powerful representations, but their decisions are often difficult to explain. This is a serious
concern in depression detection, where a model should not only provide a prediction but
also offer clues about the acoustic evidence supporting it. Second, most existing networks
rely on fixed nonlinear transformations or standard temporal-frequency modelling oper-
ations. Such designs may not fully describe the slow, long-range, and non-integer-order
changes that often appear in depressed speech, such as low energy, reduced prosodic varia-
tion, and delayed spectral dynamics. These acoustic changes are usually distributed across
time—frequency regions rather than being isolated local events. Therefore, a fractional mod-
elling perspective may be useful for characterising global and non-integer-order acoustic
variations in depressive speech. Third, many models treat classification as a direct mapping
from features to labels, without explicitly defining a state space in which depression-related
acoustic biomarkers can be observed and analysed. As a result, the learned features may
be effective for prediction but less useful for understanding how depression is reflected
in speech.

To address these issues, this paper proposes a Fractional Kolmogorov—Arnold Net-
work (FKAN) for acoustic biomarker learning in speech-based depression detection. The
FKAN takes mel-spectrograms as input and introduces a fractional-coordinate functional
encoding module to model non-integer-order temporal-frequency responses in speech,
aiming to capture longer-term acoustic changes associated with depression. Based on this
encoding, a fractional-gated edge-wise KAN block is designed to replace conventional
node-wise nonlinear transformations with learnable edge functions, enabling the model to
learn more flexible and more transparent functional mappings. In addition, an affective-
depressive state prototype head maps each speech sample into a compact state space and
performs classification by comparing it with learnable class prototypes. This design links
model prediction with acoustic biomarker interpretation, as the prototype distances, state
distributions, edge-function importance, and fractional-order responses can be further
analysed to explain depression-related speech patterns.

Based on the above design, this work makes the following contributions:
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*  We propose a unified FKAN framework for acoustic biomarker learning in speech-
based depression detection, offering a fractional functional modelling perspective on
depression-related speech representations.

*  We design a fractional-coordinate encoding module and a fractional-gated KAN
block to capture slow and non-integer-order depression-related speech changes using
adaptive edge-wise functions rather than fixed activation patterns.

*  We introduce a prototype-based depression-state classifier that maps speech samples
into an interpretable acoustic state space, thereby improving both detection perfor-
mance and model transparency.

The remainder of this paper is organised as follows. Section 2 reviews related work
on speech-based depression detection. Section 3 describes the proposed model in detail.
Section 4 presents the experimental setup, datasets, implementation details, and evaluation
metrics. Section 5 reports the main results, comparison with baseline methods, ablation
studies, parameter sensitivity analysis, and visualisation results. Section 6 concludes the
findings and potential directions for future work.

2. Related Work

Speech-based depression detection has attracted growing attention because speech
can reflect changes in emotion, cognition, and psychomotor activity. Early studies mainly
relied on hand-crafted acoustic features. Common features included pitch [9], energy [10],
spectral descriptors [11], cepstral coefficients [12], jitter, shimmer, harmonic-to-noise ratio,
and so on [13]. These features were often combined with traditional classifiers such as
support vector machines [14], random forests [15], and logistic regression models. Such
methods offered a clear link between acoustic features and depression-related speech
symptoms, which made them relatively easy to interpret. However, their performance
was strongly affected by feature design, recording conditions, language differences, and
speaker variability. They also had limited ability to model complex temporal-frequency
patterns in continuous speech.

Recent advances in deep learning have significantly improved automated disease
detection and medical decision support across different clinical domains [16-18]. So more
studies began to use neural networks to learn depression-related speech representations
directly from spectrograms or frame-level acoustic sequences. Convolutional networks have
been used to extract local spectral patterns [19], while recurrent networks and temporal
models have been applied to capture changes over time [20]. Attention mechanisms
further improved the ability of models to focus on informative speech segments, especially
when long recordings contained silence, neutral content, or irrelevant acoustic events [21].
These methods reduced reliance on manual feature engineering and improved detection
performance across many settings. However, they often require careful training and can
still overfit when the available clinical data are limited.

Recent work has also explored transfer learning [22] and speech pre-trained models.
Models trained on large-scale speech data can provide strong acoustic representations, and
they are useful when depression datasets are small. Features extracted from wav2vec-style
models [23], audio spectrogram transformers [24], and other foundation models have been
used for depression classification and severity estimation. These approaches can improve
robustness and reduce the burden of training a model from scratch. At the same time, their
large model size and complex internal structure make them harder to interpret. Another
important research direction is acoustic biomarker analysis [25,26]. Instead of treating
depression detection as a pure classification task, these studies aim to identify speech
patterns that are related to depressive states. Some works have used statistical analysis or
explainable learning methods to connect model predictions with acoustic indicators. This
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direction is valuable because it can help bridge the gap between automatic detection and
clinical interpretation.

Although current speech-based methods have achieved promising results, several
challenges remain. Depressed speech often shows slowly varying changes rather than
just short, local events. Standard neural networks usually model these patterns through
convolution, recurrence, or attention, but these operations may not fully describe temporal—-
frequency memory in speech. In addition, many models use fixed activation functions
or ordinary feed-forward layers, which limit the transparency of the learned nonlinear
mapping. The final classifier is also commonly implemented as a fully connected layer,
making it difficult to explain how a sample is related to depression or non-depression
states. These limitations suggest that a more interpretable functional representation may
be useful for speech-based depression detection. In recent years, Kolmogorov—-Arnold
Networks (KANSs) [27] have provided a new direction for building neural models with
learnable functional transformations. Unlike conventional multilayer perceptrons, which
use fixed activation functions at nodes, KANs place learnable one-dimensional functions
on edges. This design offers a more flexible way to model nonlinear relations and gives
a natural basis for visualising the learned functions. Because of these properties, KANs
have attracted attention in various machine learning tasks [28,29]. However, their use in
speech-based depression detection is still limited. Existing KAN-based studies are also
rarely designed around acoustic biomarkers or depression-related speech dynamics.

The above studies show that speech-based depression detection has moved from hand-
crafted acoustic features to deep representation learning and pre-trained speech models.
This progress has improved prediction ability, but interpretability and depression-specific
acoustic modelling remain open problems. A model that can learn flexible functional
mappings, capture slow temporal-frequency changes, and map speech into a depression-
related state space would be valuable for both performance and analysis. This moti-
vates the proposed FKAN framework, which combines fractional encoding, edge-wise
KAN representation, and prototype-based acoustic biomarker learning for speech-based
depression detection.

3. Methods
3.1. Overall Architecture of the FKAN

As shown in Figure 1, the proposed FKAN is designed for speech-based depression
detection using mel-spectrograms as input. Given a mel-spectrogram, the FKAN learns
depression-related acoustic patterns via a compact processing pipeline. The architecture
consists of a convolutional frontend, a fractional-coordinate encoding module, a learnable
class token, a stack of KAN blocks, and a prototype-based classifier. The model predicts
whether a speech sample belongs to the major depressive disorder (MDD) group or the
healthy control (HC) group.

Tokens Class Token
EEE

EEE KAN Blocks MED
a8s 3N
c \uti EEE Blo?k 1 &3 )

onvolution B (I e
u_ SEnE FCE Biock| Classifier
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Block L @
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T
(@]

Figure 1. Architecture of the proposed FKAN.

The input mel-spectrogram is first processed by the convolution frontend to obtain
a compact acoustic representation. Instead of applying KAN operations directly to the
original spectrogram, this stage extracts local time—frequency patterns and converts them
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into a sequence of acoustic tokens. Each token represents a local speech region and carries
short-term spectral information. This design reduces computational cost and provides a
stable token representation for subsequent functional modelling stages.

To preserve the time—frequency structure of the token sequence, the FKAN also builds
coordinate information for the corresponding token locations. These coordinates describe
the location of each token in the mel-spectrogram and provide the positional basis for
fractional-coordinate encoding. In contrast to ordinary position labels, the coordinates are
used to generate fractional time—frequency responses. This allows the model to describe
how depression-related acoustic patterns vary over time and frequency, which is important
because depressed speech often shows persistent changes, such as reduced energy variation,
flatter prosody, and slower temporal dynamics.

The acoustic tokens and their coordinate information are then fed into the fractional
coordinate encoding (FCE) module. FCE integrates local acoustic content with coordinate-
dependent fractional responses so that each token contains both spectral information and its
time—frequency functional context. Through this design, the FKAN not only models what
acoustic pattern appears in a local region, but also how this pattern is organised within the
whole spectrogram. The FCE output serves as depression-sensitive token representation
for the subsequent KAN blocks.

After FCE, a learnable class token is concatenated with the encoded token sequence.
This class token acts as a global representation carrier and interacts with the acoustic
tokens during KAN-based transformation. As the sequence passes through the stacked
KAN blocks, the class token gradually aggregates depression-related information from the
whole utterance. This design avoids using simple global pooling as the only aggregation
strategy and allows utterance-level representation to be learned through the same functional
transformation process as the acoustic tokens.

The KAN blocks form the core of the FKAN'’s representation learning stage. Each block
uses learnable edge-wise functions to transform token features, rather than relying only
on fixed activation functions. This structure allows the model to learn flexible nonlinear
mappings for depression-related speech cues while keeping the transformation process
more interpretable. By stacking multiple KAN blocks, the FKAN progressively refines
both the acoustic tokens and the class token, enabling the model to capture local acoustic
variations and higher-level depression-related patterns.

The refined class token is finally sent to the prototype-based classifier. The classifier
maps it into a compact depression-related state space and compares it with learnable class
prototypes. In the binary depression detection task, the two prototypes correspond to
MDD and HC. The prediction is based on the distance or similarity between the speech
representation and these prototypes. Compared with a standard fully connected classifier,
this design provides a clearer link between the model output and the learned acoustic
biomarker space.

3.2. Convolution Frontend

As shown in Figure 2, the convolution frontend converts the input mel-spectrogram
into a compact sequence of acoustic tokens. Given an input spectrogram X € REX1xTxF,
where B is the batch size, T is the number of temporal frames, and F is the number of
mel-frequency bins, the frontend applies a series of lightweight convolutional blocks to
extract local time—frequency patterns. Each block consists of a convolution layer, batch
normalisation, and a SiLU activation. The channel dimensions are gradually increased
from 1 to 192, while the time—frequency resolution is reduced by strided convolutions. A
final 1 x 1 convolution projects the feature map to the token dimension D.
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Figure 2. The architecture of the convolution frontend.

This frontend is used only as a standard acoustic tokeniser. It is not treated as the main
methodological contribution of the FKAN. Its role is to provide stable local representations
before the fractional functional modules and KAN blocks. In this work, the input mel-
spectrogram has the shape [B, 1,500, 64]. After the convolution frontend, the feature map
is reduced to a compact grid with spatial size Ty X F;, where T; = 16 and F; = 4 in the
default setting. The output feature map can be written as

H= fconv(x)/ H e RBXDXTKXFKI (1)

where feonv(+) denotes the convolution frontend and D = 144 is the token dimension. The
feature map is then flattened along the time—frequency grid to form a token sequence.
For the grid location (i, j), wherei € 0, ..., T¢—1landj€0,...,F; — 1, the corresponding
token is obtained by

Zij = H:,:,i,j e RBXD, 2)

By using row-wise indexing, the two-dimensional grid location (i, j) is mapped to a one-
dimensional token index

n=iFy+7j, neo,...,N—-1, 3)
where N = T¢F; is the total number of tokens. The final token sequence is represented as
Z = [Zo,Zl,...,ZN,ﬂ € REXNXD 4)

For the default input size, N = 16 x4 = 64, so the convolution frontend produces
64 acoustic tokens for each speech sample.

In addition to the token sequence, the FKAN builds a coordinate matrix to preserve the
time—frequency location of each token. The coordinates of each grid point are normalised
to the range [0, 1] along both the time and frequency axes. For the grid location (i, j), the
normalised temporal and frequency coordinates are defined as

i j
T = , ;= . ®)
T 1 T K1

The coordinate vector of the corresponding token is then given by

Ci,j = |ﬁ§{| (6)

Following the same row-wise indexing rule, the coordinate matrix is constructed as

C=[co,c1,...,en_1]" € RN*2, ?)
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Each row of C stores the normalised time—frequency position of one acoustic token. The
coordinate matrix is not used as a simple positional label. It provides the basis for the
following fractional-coordinate encoding module, in which the model learns coordinate-
dependent functional responses. In this way, the frontend produces two aligned outputs:
the acoustic token sequence Z and the coordinate matrix C. The former describes local
spectral content, while the latter preserves the locations of each local pattern in the mel-
spectrogram. This design allows the following FKAN modules to model both acoustic
content and its time-frequency organisation.

3.3. Fractional Coordinate Encoding

The convolution frontend produces an acoustic token sequence Z € RE*NxD and
a coordinate matrix C € RN*2. Each row of C stores the normalised time-frequency
position of a token. A direct use of these coordinates as ordinary positional labels may
be insufficient for depression detection because depression-related speech changes often
appear as slow and persistent variations rather than isolated local events. For example,
reduced energy fluctuation, flatter prosody, and slower temporal dynamics may extend
across a relatively long region of an utterance. To describe such gradual changes, FKAN
introduces a fractional coordinate encoding (FCE) module, as shown in Figure 3.

Token Features
Z

TV
[ Linear ]

Sigmoid

Gate — Mix — Modulated
G Tok~ens
Z

Token Coordinates

Figure 3. The architecture of the proposed fractional coordinate encoding module.

Let the coordinate of the n-th token be denoted as

Cp = (Tn/ (Pn); (8)

where 7, € [0,1] and ¢, € [0, 1] indicate the normalized temporal and frequency positions,
respectively. FCE constructs coordinate-dependent fractional responses along the time and
frequency axes. Different from fixed sinusoidal position encoding, the fractional orders are
learnable and are constrained to a small range. This allows the model to adapt the strength
of coordinate responses while avoiding an overly dominant positional effect.

For the time branch, FCE uses a set of learnable fractional orders

al = [ucﬁ,océ,...,zx%c], 9)
where K, is the number of fractional bases. Each order is constrained by
a]tc == amax N U(D‘]t()/ k = 1/ e /KCI (10)

where 11;( is a learnable parameter, o(-) is the sigmoid function, and amax controls the
maximum fractional order. In the same way, the frequency branch uses another set of
learnable orders

of = wmax-0(ad),  k=1,... K. 11)

Based on these learnable orders, the time branch generates two directional fractional
coordinate responses:

Puk = (T+e)%, = (1-T+e), (12)

n,
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where e = 1078 is a small constant for numerical stability. The forward response 1,L7;Jkr
describes the position from the beginning of the utterance, while the backward response
1/);; describes the position from the end. This bidirectional design allows the model to
encode both early and late temporal patterns. The frequency branch is constructed in a
similar way:

Wi = gure™, W = (= gure). 13)

Here, 4)5; and 1,L7£k_ describe the coordinate responses from the low-frequency and high-
frequency sides, respectively. These responses are useful because depression-related speech
cues may appear differently across frequency regions, such as changes in spectral balance
or voice quality.

The outputs of the time and frequency branches are concatenated to form the fractional
coordinate basis:

¥, =", tn’_,ll’ﬁﬂr,tpj;’*] € R4, (14)

For all tokens, the basis matrix is denoted as
Y= (¢, ...,y € RV (15)

The fractional basis is then transformed into a token-wise gate through lightweight
nonlinear mapping. As shown in Figure 3, this nonlinear layer contains a linear layer,

RN*D is shared across

layer norm, SiLU and Sigmoid activations. The resulting gate, G €
samples in the batch because it is generated from token coordinates. The gate modulates

the acoustic token sequence through a residual scaling operation:
Z =Z o [1 +tanh(s)(G — 0.5)], (16)

where © denotes element-wise multiplication and s is a learnable strength parameter. The
term tanh(s) controls the modulation range. Since s is initialised with a small value, FCE
only introduces a mild fractional coordinate effect at the beginning of training. The model
can then learn how much coordinate-dependent modulation is needed.

Through this design, FCE does not replace acoustic token features with positional
information. Instead, it softly adjusts the token features according to their fractional
time—frequency responses. The output Z € REXN*D keeps the same shape as the input
token sequence, so it can be directly concatenated with the class token and sent to the
following KAN blocks. The fractional responses describe how token features are modulated
at different time—frequency locations, and may reflect gradual patterns such as reduced
energy variation or slower temporal change. The motivation of FCE differs from that
of conventional positional encoding. Standard positional encoding provides a fixed or
learnable representation of token location, but its relation to acoustic content is usually
indirect. In FCE, each coordinate response follows a learnable power-law form, and the
resulting gate directly modulates the acoustic token features. Therefore, the same position
can have different effects across feature channels.

3.4. KAN Block

After fractional coordinate encoding, the encoded acoustic tokens are concatenated
with a learnable class token and sent to a stack of KAN blocks. The purpose of these blocks
is to refine the token sequence through both token-level interactions and feature-wise
functional transformations. As shown in Figure 4, each KAN block contains two residual
branches. The first branch uses multi-head self-attention to exchange information among
tokens. The second branch uses a fractional-gated RBF-KAN layer to learn edge-wise
nonlinear functions. The attention branch helps the class token collect utterance-level
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information, while the KAN branch improves the functional modelling ability of each
token feature.

Input
i L N
LayerNorm LayerNorm i 0 tanh normalization i
! | @ RBF basis expansion :
Multi-Head Fractional-Gated | @ fractional gate !
Self-Attention RBF-KAN ! |
| : @ edge gate :
Dropout Dropout W @ weighted edge function aggregation :
* 3\ . @ add base linear path and bias :
% \17 Oy StmmTmmTooooooosoooooooooooooooos ’

Output

Figure 4. The architecture of the proposed KAN block.

Let the input of the I[-th KAN block be
Sl—] c RBX(N—Fl)XD/ (17)

where N is the number of acoustic tokens, and the additional token is the class token. The
self-attention branch is written as

Ul=s"14 Dropout(MSA (LN(sl—l))), (18)

where LN(-) denotes layer normalization and MSA(-) denotes multi-head self-attention.
This residual design keeps the original token information while allowing each token to
receive context from other regions of the spectrogram.

The output of the attention branch is then processed by the fractional-gated RBF-
KAN layer:

vl = IC(LN(UZ )), (19)

where K(-) denotes the proposed fractional-gated RBF-KAN transformation. The block
output is obtained by a scaled residual connection:

§' = U' + Dropout(V' © 1), (20)

where ¢ € RP is a learnable channel-wise scaling vector. This parameter controls the
contribution of the KAN branch and helps stabilise training.

The key component of the block is the fractional-gated RBF-KAN layer. Unlike a
conventional linear layer followed by a fixed activation function, this layer learns a one-
dimensional function on each edge between an input feature and an output feature. Let
x € R be one token feature after layer normalisation, where [ is the input dimension. The
feature is first normalised by

X; = tanh(xi), i=1,...,L (21)

This operation restricts the input to radial basis functions to a stable range and reduces the
influence of extreme feature values.
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For each input dimension, the layer expands ¥; with K, radial basis functions. Given
that RBF centres { ,uk}f;l and width B, the k-th basis response is

X — ti)?
ik = exp(—(lzﬁgk)), k=1,...,K. (22)
Here, B = softplus(w) + Bo, where w is a learnable parameter and By = 0.4. The RBF
centres are fixed and uniformly sampled from a predefined interval [pmin, fmax]:

;’lk = ﬂmin + 7(,Mmax - ,umin)/ k = 1/ e /Ki" (23)
K, —1
In this paper we set pmin = —2, Ymax = 2.
To introduce fractional sensitivity into the edge transformation, the layer computes an
input-wise fractional gate. For each input dimension, the fractional order is defined as

Pi = Pmax ° U(fh), (24)

where ¢; is a learnable parameter, o(-) is the sigmoid function, and pmax = 0.5 is the
maximum fractional order. The fractional gate is then given by

m; = (|tanh(x;)| + €), (25)

where € = 1078 is a small constant for numerical stability. This gate modulates the strength
of RBF responses according to the magnitude of each normalised latent feature. It does
not correspond to a single predefined clinical variable. Instead, it allows different feature
dimensions to exhibit different nonlinear response strengths. Since these features are
learned from time—frequency speech patterns, the gate may improve sensitivity to gradual
depression-related characteristics. Edge importance shows which learned feature relations
contribute more strongly to the decision, but does not correspond to a single predefined
acoustic variable.

In addition to the fractional gate, the layer uses a learnable edge gate to control the
importance of each input-output connection:

€io = U(gi,o)/ (26)

where g; , is a learnable parameter for the edge from input dimension i to output dimension
o. This gate makes the edge functions more selective and also provides a direct way to
analyse edge importance.

The edge-wise function from input dimension i to output dimension o is represented
by a weighted combination of RBF bases:

K

Pio(Xi) = €io Y WioxMitik, (27)
=1

where w; , 1 is the learnable coefficient of the k-th RBF basis. The output feature is obtained
by aggregating all edge functions:

I
yo:Zq)i,o(xi)JraoTerbo, o=1,...,0. (28)

i=1
Here, a, x is a base linear path and b, is a bias term. The base linear path improves

optimisation stability, while the RBF-KAN part learns flexible nonlinear edge functions.
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For the whole token sequence, the same fractional-gated RBF-KAN layer is applied to each
token feature.

3.5. Classifier

After the stacked KAN blocks, the FKAN uses the refined class token as utterance-level
representation for depression detection. Instead of sending this representation directly
to a standard fully connected classifier, the proposed classifier maps it into a compact
depression-related state space and compares it with learnable class prototypes. This design
makes the decision process more interpretable because each prediction can be linked to the
distance between a speech sample and the class prototypes.

As Figure 5 shows, let the final class-token representation be denoted as h € RP, where
D is the token dimension. The classifier first transforms the final class-token representation
h € RP with a fractional-gated RBF-KAN layer. The transformed feature is then passed
through a SiLU activation, layer normalisation, and dropout to obtain a compact state
vector s € R%, where d; = 96. This vector is regarded as the depression-related acoustic
state of the input speech sample. Compared with directly using h for classification, this
step projects the utterance-level representation into a lower-dimensional state space, where
its relationship to the class prototypes is more clearly measurable.

Input —— Fractional-Gated ___ | LayerNorm+ Norm Cosine Similarity
E RBF-KAN SiLU+Dropout S
Euclidean Predicted
Distance Class
[ | .
Class Prototypes —r—r——r—_Norm ‘Residual
(Learnable) : Pc Linear Layer

Figure 5. The architecture of the proposed classifier module.

The classifier maintains a set of learnable class prototypes:
P= [Pl/PZ,‘--/PC]T € RCder (29)

where C is the number of classes and p, € R% is the prototype of the c-th class. In
binary depression detection, the two prototypes correspond to MDD and HC. To compare
the sample state with the class prototypes, both the state vector and the prototypes are
normalised as

A Pc
, = . 30
pC ‘ pc |2 ( )

The cosine similarity between the sample state and the c-th prototype is computed by

Tpe, (31)

where 7 is a learnable scale parameter. This term measures how close the sample direction
is to each class prototype in the normalised state space. To further preserve the geometric re-
lation between samples and prototypes, the classifier also computes the Euclidean distance:

de = |8 — Pely. (32)

A smaller distance indicates that the sample is closer to the corresponding class proto-
type. Since classification logits should be larger for more likely classes, the distance term
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is added with a negative sign. A small residual linear layer is also used to improve
optimisation stability:
s = w/!s+ b, (33)

where w, and b, are the weight vector and bias of the residual classifier for class c. This
branch provides a simple discriminative path during training, while the prototype compar-
ison remains the main decision structure.

The final logit for class c is obtained by combining the three terms:

le = 195 — Ayde + A IS¢, (34)

where A; and A, are weighting factors for the distance term and the residual linear term,
respectively. In the implementation, A; = 0.5 and A, = 0.2. The predicted class is then
given by

§=argmaxcecl,..., Cl. (35)

Prototype distance indicates how close a speech sample is to the learned HC or MDD
acoustic state. Samples closer to the boundary between the two prototypes may show
mixed or weak depression-related acoustic patterns.

4. Experimental Setup
4.1. Data

This study uses two public speech datasets for depression detection: DAIC-WOZ [30]
and MODMA [31]. These datasets differ in recording conditions, participant backgrounds,
and language settings, which makes them suitable for evaluating the robustness of the
proposed method.

DAIC-WOZ contains 189 clinical interview recordings collected by the University of
Southern California Institute for Creative Technologies. Each participant interacted with
a virtual interviewer in a controlled environment. The dataset includes 56 participants
with depression and 133 healthy controls. The recordings are sampled at 16 kHz and are
accompanied by transcripts, acoustic features, demographic information, and depression
labels derived from PHQ-8 scores. MODMA is a multimodal dataset for analysing men-
tal disorders. In this study, we used its audio subset, which includes recordings from
52 participants: 23 outpatients with major depressive disorder and 29 healthy controls.
The patients were diagnosed by psychiatrists according to DSM-1V criteria [32] and the
MINI structured interview [33]. Each participant completed the interview, reading, and
picture description tasks. The recordings were stored in WAV format with a sampling rate
of 44.1 kHz and a bit depth of 24 bits.

For both datasets, only the participant’s speech was retained. Interviewer speech was
removed from the original recordings based on available annotations. Participant segments
shorter than 1 s were also discarded, since they usually contain brief acknowledgements,
hesitation sounds, or noise rather than complete speech responses. The remaining partici-
pant speech segments were concatenated and divided into fixed-length 10 s samples. This
process reduces the interviewer’s influence and provides inputs with a consistent duration.

Each audio sample was converted into a mel-spectrogram before being fed into the
model. The short-time Fourier transform was computed with 2048 FFT points. A Hann
window of 1764 samples and a hop length of 882 samples were used, giving a 50% over-
lap between adjacent frames. The resulting linear spectrogram was mapped to 64 mel
filter banks. During training, SpecAugment [34] was applied to improve model gener-
alisation. After preprocessing, DAIC-WOZ contained 4076 healthy-control samples and
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2515 depression samples, while MODMA contained 1868 healthy-control samples and
1478 depression samples.

It is worth noting that although each participant recording was segmented into mul-
tiple 10 s samples, the cross-validation split was performed at the participant level. All
samples from the same participant were kept in the same fold. Therefore, no participant
appeared in both the training and test sets.

4.2. Loss

The proposed FKAN was trained with a classification loss and a lightweight regulari-
sation term. The classification loss encouraged the model to predict the correct depression
label, while the regularisation term improved the sparsity of KAN edge gates and prevented
the class prototypes from collapsing in the learned acoustic state space.

For a training sample with label y € 1,. .., C, the model produces a logit vector

1= [lll l2/~ . ~/lC]r (36)

where C is the number of classes. In the binary depression detection task, C = 2, corre-
sponding to MDD and HC. The classification loss is defined as the cross-entropy loss:

exp(ly)

Lee = —log ———""—.
« chzl exp(lc)

(37)

This loss directly optimises the probability assigned to the ground-truth class.

To improve interpretability, the FKAN applies a regularisation loss to the edge gates
in all fractional-gated RBF-KAN layers. For the m-th layer, let ef}, = c(g7}) denote the
learned gate value of the edge from input dimension i to output dimension o (mentioned

in Section 3.4). The edge regularisation of this layer is defined as

Iy O I, O
m m 1 m m
2 2 ejy + A2 Z 2 [—eZ’o log(efy, +€) — (1 —efy) log(1 — el + e)], (38)
m i=1o0=1 LnOm i=10=1

where I, and Oy, are the input and output dimensions of the m-th layer and € = 10~8. The
first part encourages sparse edge connections, and the second part encourages each gate to
become more confident. These two constraints make the learned edge functions easier to
analyse. In our implementation, A; = 2 x 102 and A, =2 x 107°.

We further used a prototype separation loss to avoid prototype collapse. Given the
normalized class prototypes P, P2, . .., Pc, this term is written as

1

c 2
Lproto == Z (f’z—rf’]) : (39)

j=Ti#

agle}

I
—

It penalises high similarity between different class prototypes and helps maintain a clearer
depression-related state space.
The final training objective is

M
L= L+ Z Lemdge + )\pﬁprotO/ (40)
m=1

where M is the number of fractional-gated RBF-KAN layers used in the KAN blocks and
the classifier. The prototype separation weight is set to A, = 10~*. This objective enables
the FKAN to learn discriminative depression-related representations while preserving edge
functions and class prototypes that are suitable for interpretation.
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4.3. Training Details

The proposed model was developed with PyTorch for Python 3.10. All experiments
were conducted on a server with an AMD Ryzen Threadripper 2990WX CPU and an
NVIDIA RTX TITAN GPU. The random seed was set to 42 in all experiments. The model
parameters were optimised using Adam [35]. The initial learning rate was set to 1 x 10~4
and was updated during training using a step-decay strategy. At each decay step, the
learning rate was multiplied by 0.9. The batch size was set to 48, and the model was trained
for up to 100 epochs. The number of fractional coordinate bases and RBF bases was selected
during model development using training and validation data only. The test folds were not
used for hyperparameter selection.

4.4. Evaluation Metrics

To evaluate the performance of different models, four commonly used metrics are
adopted, including precision, recall, F1-score, and accuracy. In the binary depression
detection task, MDD is treated as the positive class, and HC is treated as the negative
class. Let TP, TN, FP, and FN denote true positives, true negatives, false positives, and false
negatives, respectively.

Precision measures the proportion of correctly predicted MDD samples among all

samples predicted as MDD:
TP

TP + FP’
Recall measures the proportion of correctly detected MDD samples among all real
MDD samples:

Precision = (41)

TP

Recall = TP EN (42)
Fl-score is the harmonic mean of precision and recall:
2 x Precision x Recall

Fl = precision + Recall 43)

Accuracy measures the overall proportion of correctly classified samples:
TP + TN
Accuracy = 45 TN FP 1 EN (44)

5. Results and Analysis
5.1. Results on DAIC-WOZ

Table 1 presents the subject-independent 10-fold validation performance of the FKAN
on the DAIC-WOZ dataset, while Figure 6 provides the corresponding confusion matrix.
The FKAN achieves an overall accuracy of 0.95 & 0.007, showing stable performance
across different validation folds. This result indicates that the proposed model can capture
depression-related acoustic patterns from DAIC-WOZ despite the natural variability in
interview-based speech. For the HC class, the model achieved a precision of 0.93 & 0.012,
recall of 0.99 + 0.003, and an F1-score of 0.96 = 0.006. The confusion matrix shows that 4051
HC samples were correctly classified, with only 25 samples incorrectly assigned to the MDD
class. This indicates that the FKAN produced few false positive depression predictions
under the current decision setting. For the MDD class, the FKAN reached a precision of
0.98 £ 0.006, a recall of 0.88 - 0.017, and an F1-score of 0.93 &= 0.009. Among all of the MDD
samples, 2222 were correctly detected, while 293 were misclassified as HC. Although the
high MDD precision indicates that predicted depressive samples were generally reliable,
the lower recall shows that the current decision setting may have missed some depressive
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cases. Therefore, sensitivity should be carefully balanced against the risk of false alarms in
screening-oriented applications.

Table 1. The 10-fold test results of the proposed method on the DAIC-WOZ dataset. The number
after “+” denotes the standard deviation.

Class Precision Recall F1-Score Accuracy
HC 0.93 £0.012 0.99 £ 0.003 0.96 £ 0.006
MDD 0.98 £ 0.006 0.88 £ 0.017 0.93 £ 0.009 095 £ 0.007

4000
3500
25 3000

- 2500

-2000

True Label

- 1500
MDD - 293 -1000

-500

\2\0 @é)
Predicted Label

Figure 6. Confusion matrix of DAIC-WOZ dataset.

Table 2 presents a reference-level comparison between FKAN and several recent
depression detection methods on the DAIC-WOZ dataset. These methods use different
acoustic inputs, including MFCCs, spectrograms, waveform signals, mel-spectrograms,
CQT features, and HuBERT representations. Because the compared studies may differ in
preprocessing procedures, participant splits, and other experimental settings, the results
should not be interpreted as a strictly controlled benchmark. Instead, the table summarises
the values reported in the original studies to provide contextual reference. Under the
protocol used in this work, FKAN achieves an average Fl-score of 0.94 4- 0.007 using only
mel-spectrograms. This value is higher than the reported scores of CNN-ANN, GNN,
DMPE, LTD-Conformer, and AMAST. CNN-ANN reports an average F1-score of 0.90, while
GNN reports 0.92 using MFCC, FO, and CQT features. DMPF and LTD-Conformer report
average Fl-scores of 0.80 and 0.87, respectively, using waveform input and combined
mel-spectrogram and HuBERT features. AMAST is the closest reported method, with
F1-scores of 0.94 for HC and 0.90 for MDD. FKAN obtains 0.96 and 0.93 for the two classes
under the present evaluation setting. These comparisons suggest that FKAN is competitive
with recent approaches, while a unified reproduction under the same preprocessing and
subject-level split would be needed for a strict fairness assessment.
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Table 2. Comparison with other models on the DAIC-WOZ dataset. The number after “+” denotes
the standard deviation.

Method Feature(s) Year F1-Score (HC/MDD) F1-Score (Average)
CNN-ANN [36] MEFCC and Spectrogram 2024 0.90/0.89 0.90

GNN [6] MEFCC, FO and CQT 2024 - 0.92

DMPF [37] Waveform 2025 - 0.80
LTD-Conformer [8] Mel-Spectrogram and HuBERT Feature 2025 0.88/0.86 0.87

AMAST [7] Mel-Spectrogram 2025 0.94/0.90 0.92

FKAN (ours) Mel-Spectrogram 2026 0.96/0.93 0.94 £ 0.007

5.2. Results on MODMA

The performance of FKAN on the MODMA dataset is presented in Table 3, with
the confusion matrix shown in Figure 7. Under the 10-fold validation setting, FKAN
obtains an overall accuracy of 0.94 & 0.014. This result shows that the proposed model
maintains strong performance on another depression dataset, even though MODMA differs
from DAIC-WOZ in data collection conditions and subject characteristics. For the HC
class, the model achieves a precision of 0.93 & 0.019, a recall of 0.97 + 0.015, and an F1-
score of 0.95 £ 0.013. The confusion matrix shows that 1813 HC samples are correctly
classified, while 55 samples are incorrectly predicted as MDD. This indicates that FKAN
can identify most healthy speech samples and maintains a low false alarm rate. For the
MDD class, FKAN reaches a precision of 0.96 £ 0.018, a recall of 0.91 £ 0.026, and an
Fl-score of 0.94 £ 0.016. Among the MDD samples, 1351 are correctly detected, and 127
are misclassified as HC. Compared with the HC class, the lower MDD recall indicates
that missed depressive samples remain more common than HC-to-MDD false positives.
This pattern may reflect the acoustic heterogeneity of depressive speech, as some MDD
participants may exhibit speech characteristics similar to those of the HC group. In addition,
the current decision boundary appears relatively conservative for MDD prediction, helping
limit false alarms but potentially increasing missed detections. The confusion matrix
confirms that the classification errors are not heavily biased toward one class. The number of
HC samples misclassified as MDD is much smaller than the number of correctly recognised
HC samples, and most MDD samples are also detected correctly. This balanced behaviour is
important for practical depression screening because the model should avoid both excessive
false alarms and severe missed detections.

1800
1600
HC 1400
- 1200

- 1000

-800

True Label

- 600

MDD -

-400

-200

Predicted Label

Figure 7. Confusion matrix of MODMA dataset.
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Table 3. 10-fold test results of the proposed method on the MODMA dataset. The number after “+”
denotes the standard deviation.

Class Precision Recall F1-Score Accuracy
HC 0.93 £ 0.019 0.97 £ 0.015 0.95 £+ 0.013
MDD 0.96 £ 0.018 0.91 £ 0.026 0.94 + 0.016 0.94 = 0.014

Table 4 reports the comparison between the FKAN and recent baseline methods
on the MODMA dataset. The FKAN obtained the best average Fl-score of 0.94 + 0.014,
outperforming the compared methods. Compared with CNN-ANN, the average Fl-score
rose from 0.89 to 0.94. The class-wise results follow the same trend, with the HC F1-
score increasing from 0.91 to 0.95 and the MDD Fl-score increasing from 0.88 to 0.94.
This indicates that the improvement was not caused by a bias toward the majority or
the upper class, but reflects a more reliable separation between healthy and depressive
speech. Similar conclusions can be drawn from the comparison with GNN and DMPE. GNN
reaches an average F1-score of 0.89 using MFCC, F0, and CQT features, and DMPF reports
0.77 using waveform input. In contrast, the FKAN achieved higher accuracy with only
mel-spectrograms, supporting the effectiveness of its time—frequency modelling strategy.
AMAST remains the strongest baseline in this group, with an average F1-score of 0.91 and
class-wise F1-scores of 0.92 for HC and 0.89 for MDD. The FKAN increased the HC and
MDD F1-scores to 0.95 and 0.94, respectively. The larger improvement in MDD suggests
that fractional-coordinate encoding and edge-wise KAN transformations help capture
subtle and variable acoustic patterns associated with depression.

Table 4. Comparison with other models on the MODMA dataset. The number after “+” denotes the
standard deviation.

Method Feature(s) Year F1-Score (HC/MDD) F1-Score (Average)
CNN-ANN [36] MFCC and Spectrogram 2024 0.91/0.88 0.89

GNN [6] MFCC, F0 and CQT 2024 - 0.89

DMPF [37] Waveform 2025 - 0.77

AMAST [7] Mel-Spectrogram 2025 0.92/0.89 0.91

FKAN (ours) Mel-Spectrogram 2026 0.95/0.94 0.94 £ 0.014

5.3. Cross-Dataset Generalization

Figure 8 shows the cross-dataset generalisation results of the FKAN. When the model
was trained on MODMA and tested on DAIC-WOZ, 3546 HC samples and 1861 MDD
samples were correctly classified, while 530 HC samples were predicted as MDD and
654 MDD samples were predicted as HC. Even under this domain shift, the FKAN still
preserved a clear separation between the HC and MDD samples. The result suggests that
the model not only learns dataset-specific patterns but also captures acoustic cues that can
transfer across corpora. This behaviour is related to the design of the FKAN, which encodes
fractional coordinates to model gradual time—frequency changes, and the KAN blocks learn
flexible edge-wise functions rather than relying on fixed nonlinear transformations.

When the FKAN was trained on DAIC-WQOZ and tested on MODMA, the model cor-
rectly classified 1700 HC samples and 1182 MDD samples, misclassifying 168 HC samples
and 296 MDD samples. This direction gave fewer errors than the MODMA-to-DAIC-WOZ
setting, which may be because DAIC-WOZ provided a broader training distribution and
helped the model learn more general depression-related acoustic patterns. In both direc-
tions, most errors arose from MDD samples being misclassified as HC, suggesting that
some depressive speech patterns remained close to healthy speech when transferred across
datasets. The prototype-based classifier helped reveal this behaviour because uncertain
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samples were likely to lie near the boundary between the MDD and HC prototypes in the
learned acoustic state space.
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-1000 -400
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(a) trained on MODMA, tested on DAIC-WOZ (b) trained on DAIC-WOZ, tested on MODMA

Figure 8. Confusion matrix for cross-dataset test.

5.4. Ablation Study

Table 5 reports the ablation results on DAIC-WOZ and MODMA. To clearly evaluate
the contribution of each component, six variants were constructed from the full FKAN. To
distinguish fractional modelling from general positional information, FCE was replaced
with a learnable position embedding (PE) while keeping the remaining architecture un-
changed. In the “w /o FCE” case, the fractional coordinate encoding module was removed,
and the acoustic tokens from the convolution frontend were directly concatenated with
the class token before being sent to the KAN blocks. In the “w/o Fraction Gate” case, the
RBF-KAN structure was retained, but the fractional gate in the edge function was removed,
so the edge response was only determined by the RBF basis and the learnable edge gate. In
the “RBF-KAN — MLP-FEN” case, the fractional-gated RBF-KAN layer in each KAN block
was replaced with a conventional feed-forward layer with fixed nonlinear activation. For a
stronger comparison, the RBF-KAN layers were also replaced with standard Transformer-
FEN layers while all other components remained unchanged. In the “Classifier — FC Layer
case”, the prototype-based classifier was replaced with a standard fully connected classifier,
and the class-token representation was directly mapped to the output logits.

Table 5. Results of the ablation study.

Dataset Item Precision Recall F1
w/o FCE 0.9318 0.9057 0.9186
FCE — PE 0.9387 0.9135 0.9259
w /o Fraction Gate 0.9442 0.9175 0.9307

DAIC-WOZ RBF-KAN — MLP-FFN 0.9169 0.8948 0.9057
RBF-KAN — Transformer-FFEN  0.9298 0.9081 0.9188
Classifier — FC Layer 0.9256 0.9029 0.9141
Full FKAN 0.9606 0.9386 0.9476
w/o FCE 0.9185 0.9056 0.9120
FCE — PE 0.9262 0.9142 0.9202
w /o Fraction Gate 0.9324 0.9183 0.9253

MODMA RBF-KAN — MLP-FFN 0.9048 0.8921 0.8984
RBF-KAN — Transformer-FFN  0.9176 0.9038 0.9106
Classifier — FC Layer 0.9136 0.9019 0.9077
Full FKAN 0.9480 0.9422 0.9445

The full FKAN achieved the best results on both datasets, with F1-scores of 0.9476
on DAIC-WOZ and 0.9445 on MODMA. Removing FCE reduced the F1-score to 0.9186
and 0.9120, respectively, showing that the coordinate-dependent fractional response helps
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model depression-related time—frequency patterns. Replacing FCE with a learnable position
embedding improved the results to 0.9259 and 0.9202, but still remained below the full
FKAN. This suggests that the gain is not solely due to positional information but also to the
proposed fractional-coordinate modelling. Ordinary acoustic tokens alone are less effective
at capturing the slow, persistent changes often found in depressed speech. Removing
the fractional gate also caused clear degradation, with F1-scores of 0.9307 on DAIC-WOZ
and 0.9253 on MODMA. Since the RBF-KAN structure was retained, this gap mainly
reflects the contribution of fractional modulation to the edge functions, supporting the
need for adaptive non-integer-order responses. The largest drop occurred when RBF-
KAN was replaced with MLP-FFN, where the F1-score fell to 0.9057 on DAIC-WOZ and
0.8984 on MODMA. Replacing RBF-KAN with Transformer-FFN improved the F1-scores
to 0.9188 and 0.9106, but the FKAN still underperformedunder the same setting. This
indicates that edge-wise functional representation is more suitable than conventional feed-
forward transformation for distinguishing subtle acoustic differences between MDD and
HC speech. Replacing the prototype-based classifier with a fully connected layer also
weakened performance, with F1-scores of 0.9141 and 0.9077. This suggests that the acoustic
state prototypes contribute not only to visualisation but also to classification, as they form
a clearer depression-related state space.

5.5. Model Complexity

Table 6 reports the computational complexity of the FKAN. The inferences are based
on the CPU mentioned in Section 4.3. The model contains 699 K trainable parameters,
indicating that FKAN maintains a compact scale. This is mainly because the convolutional
frontend is lightweight, the token grid is reduced in size, and the KAN blocks operate on
compact token features rather than the original high-resolution spectrogram. The compu-
tational cost was 318 M FLOPs per sample in the test dataset, with an inference time of
13.01 ms and a peak memory usage of 24 MB. These results indicate that the FKAN does not
rely on a large backbone or a heavy pre-trained speech model to obtain strong depression
detection performance. The class token also avoided expensive global aggregation over the
full spectrogram, while the fractional coordinate encoding introduced only a small gating
module. Edge-wise KAN functions improved the model’s representational capacity, but
the overall cost remained moderate because they were applied after tokenisation.

Table 6. Model complexity analysis.

Item Value
Number of Parameters 699 K
FLOPs 318 M
Inference Time 13.01 ms
Memory Usage (Peak) 24 MB

5.6. Parameter Sensitivity Analysis
5.6.1. Basis Number

Figure 9 shows the effect of basis number on FKAN performance. For the fractional
coordinate basis (K. in Section 3.3), the best performance was achieved with a basis size of 6,
yielding F1-scores of 0.9476 on DAIC-WOZ and 0.9445 on MODMA. When the basis number
was reduced to 2, the Fl-scores decreased to 0.9217 and 0.9248, respectively, indicating that
too few coordinate bases are insufficient to describe depression-related time—frequency
changes. Increasing the basis number from 2 to 6 improved performance on both datasets,
supporting the motivation for using multiple fractional-coordinate responses to model
gradual acoustic variations. When the basis number was further increased to 8 and 10,
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the performance started to decline. DAIC-WOZ decreased to 0.9423 and 0.9315, while
MODMA decreased to 0.9342 and 0.9267. This suggests that excessive coordinate bases
may introduce redundant positional responses and weaken generalisation.

The right part of Figure 9 presents the influence of the RBF basis number on the
KAN blocks. The model achieves the highest F1-score when the RBF basis number (K; in
Section 3.4) is 4, reaching 0.9476 on DAIC-WOZ and 0.9445 on MODMA. With only 2 RBF
bases, the edge functions had limited flexibility, and the F1-scores decreased to 0.9338 and
0.9189, respectively. When the basis number exceeded 4, performance showed a downward
trend, but the two datasets exhibited slightly different sensitivities. On DAIC-WOZ, the
F1-score decreased from 0.9392 at 6 bases to 0.9254 at 10 bases. On MODMA, the F1-score
changed from 0.9368 to 0.9321 and then dropped to 0.9216. This trend shows that the KAN
edge functions need a suitable level of complexity. A small number of bases cannot fully
model subtle acoustic differences between MDD and HC speech, while too many bases
may make the edge functions overly flexible for limited clinical speech data.

—s— DAIC-WOZ| ’ 0.9189 —s— DAIC-WOZ

—e— MODMA —e— MODMA

091 1 1 1 1 1 091 1 1 1 1 1

2 4 6 8 10 2 4 6 8 10
Fractional Coordinate Basis Number RBF Basis Number

Figure 9. Effect of basis number on FKAN performance across DAIC-WOZ and MODMA.

5.6.2. Fractional Order

Figure 10 presents the effect of the maximum fractional order on FKAN performance.
The left part shows the results of amax, which controls the strength of fractional coordinate
responses in FCE. When amax was set to 0.2, the F1-scores were 0.9224 on DAIC-WOZ and
0.9158 on MODMA, indicating that a weak fractional coordinate response is not sufficient to
describe depression-related time-frequency changes. As amax increased, the performance
improved steadily and reached the best results at #max = 0.8, with F1-scores of 0.9476 and
0.9445 on the two datasets. When a2 Was further increased to 1.0, the Fl-scores decreased
t0 0.9382 and 0.9351. This result shows that the fractional response range should be selected
carefully. A moderate upper bound provides sufficient coordinate modulation, whereas
an excessively large range may overemphasise positional responses and interfere with the
acoustic content of the tokens.

The right part of Figure 10 shows the influence of pmax, which controls the maximum
fractional order in the KAN edge gate. The model performed best when pmax = 0.5,
achieving Fl-scores of 0.9476 on DAIC-WOZ and 0.9445 on MODMA. A smaller value,
such as pmax = 0.1, weakened the fractional modulation of edge functions, leading to lower
Fl-scores of 0.9326 and 0.9249. Increasing pmax to 0.3 improved the results, but further
increases beyond 0.5 caused a clear decline. At pmax = 0.9, the Fl-scores dropped to 0.9308
and 0.9287. This trend indicates that the fractional gate helps KAN edge functions adapt
to depression-sensitive acoustic features, whereas excessive modulation may make edge
responses overly sensitive to feature magnitude. The results support the design choice of
using a limited fractional order in the proposed FKAN.
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Figure 10. Effect of maximum fractional order on FKAN performance across DAIC-WOZ and MODMA.

5.7. Visualization
5.7.1. t-SNE Analysis

Figure 11 visualises the learned acoustic state representations of the FKAN using
t-SNE on DAIC-WOZ and MODMA. In both datasets, the HC and MDD samples formed
two largely separated regions, indicating that the proposed model learned discrimina-
tive depression-related representations rather than merely fitting the final classification
boundary. The class prototypes were also located near their corresponding sample clusters,
showing that the prototype-based classifier provides meaningful reference points in the
learned state space. On DAIC-WOZ, the HC samples spanned a broader region, while the
MDD samples were more concentrated on the right side, with only a few boundary samples
between the 2 groups. On MODMA, the two classes were also clearly separated, though
the distribution was more scattered, consistent with the domain differences observed in
previous experiments.

Beyond calculation and visualisation, these distances provide a sample-level measure
of decision confidence. A sample that is close to one prototype and far from the other has
a clearer class assignment, whereas similar distances to both prototypes indicate a more
uncertain case. This information can support error analysis and future analysis of changes
in depression-related speech states.
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Figure 11. The t-SNE analysis on two datasets.

5.7.2. FCE-Modulated Feature Response

Figure 12 visualises the FCE-modulated feature response on the tokenised time-
frequency grid. The plotted variable was obtained from the token features after fractional
coordinate encoding, in which the FCE gate softly modulated each acoustic token based
on its normalised time—frequency coordinate. The response was averaged over the feature
dimension and then reshaped into a 16 x 4 token grid, so each cell reflects the average
modulation strength at a specific time—frequency location. Figure 12a,b show the average
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response maps of the HC and MDD samples, while Figure 12c shows their difference. The
two groups shared a similar global structure, suggesting that FCE preserves a common
acoustic organisation rather than introducing arbitrary positional distortion. At the same
time, the difference map shows clear group-dependent variations. Compared with HC,
MDD shows relatively stronger responses in the middle-to-high frequency regions and
weaker responses in several low-frequency temporal regions. This pattern indicates that
FCE captures class-related changes in the distribution of acoustic information across time
and frequency. Such behaviour is consistent with the FKAN’s motivation, since depression-
related speech cues are often expressed as gradual changes in energy, prosody, and spectral
balance rather than isolated local events. The visualisation, therefore, provides evidence
that FCE contributed to interpretable time—frequency modulation, helping the model learn
depression-sensitive acoustic representations.

HC MDD MDD - HC
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0.04
. 12.5
0.45
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c c 040 £
o 5 o I o 5 0.00
£ 15 E
= [ 035
5.0 X 5.0 002
.
: 0.30 :
0.04
0 1 2 3 0 1 2 3 0 1 2 3
Frequency index Frequency index Frequency index

@ (b) ©

Figure 12. Visualisation of the FCE-modulated feature response on the tokenized time—frequency
grid. (a,b) show the average response maps over the HC and MDD groups. (c) is the group difference
between MDD and HC.

5.8. Sensitivity Test for Pre-Processing Settings

Table 7 evaluates the sensitivity of the FKAN to several pre-processing settings. For
mel resolution, 64 mel bands achieved the best Fl-scores on both datasets. Using 40
bands may have removed useful spectral detail, while 80 bands provided no further
benefit and slightly reduced performance. For segment length, 10 s gave the best results.
Shorter segments contained less temporal context, whereas longer segments may have
introduced more within-sample variation and reduced representation consistency. The
effect of FFT size differed slightly across datasets. DAIC-WOZ performed best with a
1024-point FFT, while MODMA performed best with a 2048-point FFT. This difference
is consistent with their sampling rates and recording conditions. The FKAN maintained
competitive performance under the tested pre-processing settings, while the adopted
configuration balanced performance and input resolution.

Table 7. Sensitivity of the proposed method to different pre-processing settings. Bold text indicates
the settings we have adopted.

Item Setting DAIC-WOZ F1 MODMA F1
40 0.9368 0.9321
Mel Bands 64 0.9476 0.9445
80 0.9427 0.9394
5s 0.9342 0.9286
Segment Length 10s 0.9476 0.9445
15s 0.9409 0.9378
512 0.9349 0.9275
FFT Size 1024 0.9476 0.9389
2048 0.9418 0.9445
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6. Conclusions

This paper presented the FKAN, a fractional Kolmogorov—Arnold network for in-
terpretable speech-based depression detection. The proposed framework learns acous-
tic biomarkers from mel-spectrograms by integrating fractional coordinate encoding,
fractional-gated edge-wise KAN blocks, and a prototype-based depression-state classifier.
The fractional-coordinate encoding introduces non-integer-order time—frequency responses
to describe gradual, persistent acoustic variations in speech. The fractional-gated KAN
blocks further replace fixed node-wise nonlinear transformations with adaptive edge-wise
functional mappings, enabling more flexible modelling of depression-related acoustic pat-
terns. In addition, the prototype-based classifier maps speech samples into a compact
acoustic state space, where the relationship between each sample and the MDD or HC
prototype can be explicitly analysed.

Experiments on two public depression speech datasets demonstrated the effectiveness
of FKAN. On DAIC-WOZ, the FKAN achieved an accuracy of 0.95 and an average F1-score
of 0.94. On MODMA, it achieved an accuracy of 0.94 and an average Fl-score of 0.94. These
results show that the proposed fractional functional modelling strategy delivers strong,
stable performance across different speech datasets. The comparison with recent baseline
methods further confirmed the FKAN’s advantage in learning discriminative acoustic
representations from mel-spectrograms. Ablation studies verified the contributions of frac-
tional coordinate encoding, fractional-gated KAN blocks, and the prototype-based classifier.
Sensitivity analysis showed that moderate basis numbers and fractional orders are more
effective than overly simple or overly strong settings, suggesting that fractional responses
should be carefully controlled when modelling depression-related speech dynamics. Cross-
dataset evaluation further indicated that the learned representations exhibit some degree
of transferability across different recording conditions and participant populations.

The visualisation results also showed that the FKAN provides useful interpretability
for acoustic biomarker analysis. The learned prototype space yielded meaningful distribu-
tions of the MDD and HC samples, while fractional modulation patterns and edge-function
importance provided additional evidence for understanding class-related acoustic differ-
ences. These findings suggest that the FKAN is not only an effective depression-detection
model but also a promising framework for connecting fractional functional representations
with interpretable acoustic biomarker learning. Although the FKAN achieved promising
results on two public datasets, these findings should be interpreted as research evidence
rather than clinical validation. Further evaluation on larger, more diverse, and prospec-
tively collected clinical datasets is needed before the method can be considered for practical
use. Therefore, future work will further validate the proposed method on larger and more
diverse clinical datasets, extend the framework from binary detection to continuous depres-
sion severity estimation, and improve its robustness under cross-language, cross-device,
and real-world recording conditions. The current model uses mel-spectrograms as its only
input. Although this representation provides useful time-frequency information, it does
not explicitly preserve detailed dynamics. In addition, the tokenisation stage compresses
local time—frequency details. Future work will extend the FKAN to multi-feature speech
representations that combine mel-spectrograms with waveform, phase, prosody, and voice-
quality features. We will also evaluate the FKAN on larger external datasets and recordings
collected under more diverse acoustic conditions, together with clinician-guided validation,
to further assess its generalisation and clinical relevance.
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