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Abstract

Past work in multimodal depression detection has focused almost
entirely on a single dataset with limited socioeconomic diversity
and lacking in clinically validated depression diagnoses. To ad-
dress these limitations in multimodal depression detection, we used
clinically-validated depression diagnoses in two distinct datasets
that differed by socioeconomic status (SES): A problem-solving in-
teraction and a clinical interview. Participants in the former were of
low SES; participants in the latter were of low- to middle SES status.
Both included members of racial minorities. Because findings may
vary with choice of modeling approach, we studied both a classical
machine learning approach and two deep-learning approaches. The
former consisted of handcrafted features with the Support Vector
Machine classifier; the latter two were deep approaches with learnt
features. One was a baseline deep approach that used a multimodal
transformer with pairwise crossmodal attention. The other was our
proposed multimodal transformer that used the novel Learnable
Multimodal Query Crossmodal Attention (Learnable Multimodal
Query CA). For each, we assessed accuracy, demographic fairness,
and cross-dataset generalizability at depression detection. For both
datasets, optimal embedding representations varied. The accuracy
of the proposed multimodal transformer with the Learnable Multi-
modal Query CA and the classical approach was relatively higher.
In the clinical interview, accuracy was lower for the baseline deep
multimodal transformer. Generalizability across datasets was lower
for both classical and deep approaches.
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1 Introduction

The socioeconomic burden of depression is well-documented. De-
pression leads to an increased risk for suicide [14] and has been
found to contribute to an economic burden of a quarter of a trillion
dollars in healthcare and related costs [29]. The scale of its impact
highlights the need for computational approaches for depression
detection using objective measures of behavior to deliver scalable
and reliable assessments.

Previous work [5, 18, 31, 46, 56] has used audio, vision, and
language (transcribed speech represented as text) modalities for
their efficacy at depression detection. However, the majority of work
is limited to the same database[7]. This lack of diversity results in
a limited understanding of depression detection.

We address the lack of diversity in multimodal depression detec-
tion and the lack of clinically validated diagnosis. All participants
met DSM criteria for previous depressions, and their symptom
severity was assessed using standardized instruments. One dataset
involved a mother-child problem-solving interaction (referred to as
problem-solving dataset). The other dataset was a patient-clinician
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interview (referred to as clinical interview dataset). We studied
the cross-dataset effects on depression using both a classical ma-
chine learning approach and two deep approaches. The classical
approach used domain-knowledge-driven multimodal handcrafted
features with the Support Vector Machine (SVM) classifier. SVM
was chosen because of its ability to handle small high-dimensional
datasets, commonly observed in depression detection [20]. For deep
approaches, we used a baseline multimodal transformer and pro-
posed a novel paradigm to learn crossmodal dependencies. Mul-
timodal transformers have been found to outperform other deep
learning approaches [44, 46, 48, 57]. Our proposed multimodal trans-
former model uses a novel Learnable Multimodal Query Crossmodal
Attention (Learnable Multimodal Query CA) using learnt features
from pretrained models such as FMAE-IAT [39] for vision, WavLM
[15] for audio, and LLaMA for text [47].

For unimodal insights, the modality-specific deep features with
a Multi-Layer Perceptron (MLP) classifier were compared with the
classical approach with constituent channels in their respective
modalities (e.g., face and head dynamics, and action units channels
are compared with the deep vision modality).

The growing evidence for bias in machine learning predictions
resulted in increased attention to model fairness. Despite its popu-
larity in NLP [13, 23, 26] and Computer Vision domains [12, 21, 33],
it is less explored in depression detection. To address this limitation,
our criteria, in addition to accuracy, include demographic fairness
for race and sex of low SES participants in problem-solving dataset
and low- to middle SES participants in clinical interview dataset.
Beyond within dataset comparisons for accuracy and fairness, we
evaluated the cross-dataset generalizability of the models by train-
ing them in one dataset to test in the unseen dataset.

Our findings on cross-dataset effects are summarized below.

(1) Optimal embeddings varied by dataset. For audio modality,
earlier layers were optimal in the problem-solving dataset,
and later layers were optimal in the clinical interview dataset.
The optimality for the vision modality was the opposite.

(2) The multimodal deep and classical approaches were rela-
tively more accurate in both datasets. Our Learnable Mul-
timodal Query CA was relatively more accurate in both
datasets when compared with the baseline pairwise cross-
modal attention.

(3) For both multimodal deep- and classical approaches, gener-
alizability was low between datasets.

(4) In unimodal comparisons, voice prosody (audio modality)
was the strongest predictor of depression in the problem-
solving dataset, but speech (text modality) was the strongest
predictor in the clinical interview dataset.

(5) Further unimodal comparisons for fairness found that the
classical approach with speech features (LIWC) had low fair-
ness for race in the problem-solving dataset. More non-white
women were incorrectly detected as depressed, while more
white women were incorrectly detected as non-depressed.
The same approach had greater fairness in the clinical inter-
view dataset.
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2 Related work

Depression detection has undergone rapid development since the
early work of Cohn et al. [18] with action units and prosody. Joshi
et al. [34] studied Bag-of-Words representation of spatio-temporal
interest points of upper body, facial movement, and audio features
for depression detection. Their audio-visual representation out-
performed unimodal depression detection. Dibeklioglu et al. [22]
used dynamics of head motion and face together with switching
pause and vocal pitch for depression severity prediction using the
Improved Fisher Vector encoding. More recently Alghowinem et al.
[5] studied feature selection over facial expressions, head motion,
voice prosody, eye activity, and speech behavior. They found that
the joint usage of multiple modalities improves detection perfor-
mance, and an aggregate of 9 features generalize for depression
detection across three distinct datasets that differ in terms of lan-
guage, culture, and interaction context. Speech behavior was the
strongest predictor of depression.

Xue et al. [52] used audio-text modalities for depression detec-
tion on DAIC-WoZ. They constructed audio features to contain
both handcrafted-LLDs as well as embeddings from spectrogram
and raw audio-signal derived using pretrained deep models such
as NetVLAD [6] and wav2vec2 [8], respectively. A hierarchy of
attention was used for the final detection task. Initially, multiple
representations of audio modality were combined using attention.
The resulting audio features were augmented with the text embed-
dings from BERT using a second-stage attention module to detect
depression. Teng et al. [46] designed emotion prompts from tran-
scriptions of human-agent interviews and used LLMs to identify the
emotional impact from the conversations. The emotional impact
was used as an additional input when predicting depression severity
along with the audio, vision, and text modalities. They found that
including emotion features improves detection performance and
increases adaptability between related goals like affect and depres-
sion detection. Flores et al. [24] performed depression detection
by treating questions from the DAIC-WoZ human-agent interview
as independent samples. They used audio-visual transformers to-
gether with their novel multimodal fusion, where separate spatial
and temporal attention were applied over unimodal representations.
They found that questions types with longer responses (related to
job, general mood, etc.) resulted in better performance than shorter
response types (related to regret, depression, PTSD, etc.). The recent
work by Zhang et al. [55] explored LLMs for multimodal depres-
sion detection by incorporating audio landmarks in the primarily
text-based LLM. An important contribution was the discrete token
representation of continuous audio modality. They used acoustic
landmark representation to capture speech production events as to-
kens. They found that augmenting audio landmarks to the LLaMA
13B model improves detection over the native text-only model.

A large chunk of these works detect depression in a single pub-
licly available database [7]. Consequently, it has limited our un-
derstanding of cross-dataset effects and its generalizability on de-
pression detection. To address these concerns, this work studies
depression detection in two datasets: a problem-solving dataset
and a clinical interview dataset. While growing literature acknowl-
edges the need for studying fairness in depression detection [16, 17],
our work expands this focus by analyzing the fairness of classical
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and deep approaches in low- to middle SES participants in both
unimodal and multimodal settings.

3 Datasets

The mother-child dataset is from the Transitions in Parenting
of Teens (TPOT) database [38, 43]. Groups (depressed and non-
depressed) were defined based by the mother’s depression status.
The depressed group were 73 mothers with a history of treatment
for depression (DSM-IV)[9] and current or recent elevation in de-
pressive symptoms (PHQ-8 > 10) [36] and a non-depressed group
of 75 mothers with no lifetime history of treatment for depression
and no more than mild depressive symptoms (PHQ-8 < 8). The time
between the assessment of current depression and the problem-
solving interaction varied from same day to several weeks. The
problem-solving interaction consisted of a task in which mother and
child were asked to identify and resolve a problem from an updated
Issues Checklist [42]. This interaction lasted about 15-minutes. All
participants were of low SES and qualified for Medicaid. Eighty-
five percent were White. Fifteen percent were members of one or
more minority groups (American Indian/Alaskan, Native Hawai-
ian/Pacific Islander, African American). The children were in early
adolescence. Audio was captured at 16kHz and video at 30fps and
720p resolution with dedicated hardware for mother and child.

The patient-clinician dataset is from the University of Pittsburgh
depression database (Pitt) [18, 25, 28, 53]. Patients undergoing treat-
ment for clinically diagnosed depression (DSM-IV) were assessed in
a clinical interview (Hamilton Rating Scale for Depression, HRSD
[30]) for depression severity. Fifty-seven depressed participants
were interviewed for depression severity on up to four occasions
at 1, 7, 13, and 21 weeks post-diagnosis by clinical interviewers
(all female). Depression was defined as an HRSD score of 15 or
higher [18]. A limitation of this archival database is its relative lack
of socioeconomic description of the participants. To our knowl-
edge they included both low- and middle SES participants. Three
cameras captured the patient, and a dedicated camera recorded the
interviewer. Audio was recorded using dedicated lavalier micro-
phones for the patient and the interviewer. Only the video from
the frontal-facing camera of the patient was used. Fifty participants
with valid audio-visual recordings and transcriptions are used in
this work. For consistency with existing work [5, 22, 35], all 135
sessions from the fifty participants were treated as independent
observations for depression detection.

The segmentation of utterances and their transcription was per-
formed manually for both databases. Each utterance was identi-
fied by its speaker along with the start and stop timestamps. For
comparability between databases, the focal person for depression
detection was limited to mothers in TPOT and patients in Pitt. The
race and sex distributions are presented as Table 1. The prevalence
of racial diversity in the databases resulted in a pronounced skew
between the majority white and the remaining groups. To obtain a
better sample size for the fairness analysis, we group non-majority
races into a non-white group. The non-white group consists of
races American Indian, Native Hawaiian, African American, Asian,
and multiple races. Note that sessions with unknown race informa-
tion were excluded from the fairness analysis. Unlike the problem-
solving dataset, the participants in the clinical interview dataset
were interviewed at regular intervals during their treatment. Hence,
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the participants:sessions ratio was variable. See the supplementary
material for statistics related to number of sessions, utterances, and
turns for depression detection in both databases.

Table 1: Participant demographics as percentage of sessions.

Demographic Subgroup Mother-Child Patient-Clinician

N sessions 148 135
White 85.13% 88.15%
Race Non-white 13.51% 11.85%
Unknown 1.35% -
Men - 35.56%
Sex Women 100% 64.44%
4 Methods

Our approaches include a classical approach using handcrafted
features an SVM classifier and two deep approaches.

4.1 The deep approaches

The two deep approaches use embedding representations from pre-
trained models such as WavLM [15], FMAE-IAT [39], and LLaMA
[47]. These pretrained models were chosen based on their rele-
vance to depression detection [50, 55] or closely related affective
computing tasks, such as action unit detection [39]. As the choice
of embedding representations was found to affect accuracy of de-
pression detection [50], we first assess the cross-dataset effects on
embedding representations to identify optimal embeddings on the
validation set. These optimal embeddings were used to train two
multimodal transformer based deep approaches— the baseline mul-
timodal transformer, which uses the pairwise crossmodal attention,
and the proposed learnable multimodal query crossmodal attention.

The multimodal transformers for depression detection fuse audio,
vision, and text using crossmodal attention. We use video frame
embeddings from the pretrained FMAE-IAT-base model averaged
over a given turn as vision modality features. Similarly, for the
audio modality, we use audio frame embeddings from the pretrained
WavLM-base-plus averaged over a turn. For the text modality, the
embeddings of LLaMA 13B averaged over all tokens from the turn
formed the features.

4.1.1 Optimal Embeddings. Embeddings of pretrained foundation
models were found to exhibit optimality for downstream tasks
at different layers. Wu et al. [50] found that later layers are opti-
mal for depression detection, and earlier layers were optimal for
emotion recognition. However, it is unknown if such sensitivity
is observable for the same task across datasets in vision modality.
We address this question using linear probing of layer-wise embed-
dings from the WavLM audio model and FMAE-IAT vision model
in two datasets. A logistic regression model was trained with layer-
wise embeddings to observe optimal performance on the validation
set. The resulting optimal audio-visual embeddings were used for
depression detection.

4.1.2  Baseline Multimodal Transformer. Conventional crossmodal
attention [48] studied modality dependencies as an interaction
between pairs of modalities. We investigate a new approach to
crossmodal attention, the learnable multimodal query crossmodal
attention and compare to the pairwise crossmodal attention.
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Pairwise Crossmodal Attention: Pairwise crossmodal attention
(Pairwise CA) captures interaction among modalities through pair-
wise self-attention. It adopts the standard self-attention formulation
[49] to a source modality (say, audio) as the query, and the key and
value share the target modality (text). Consider three modalities:
audio (X4), vision (Xy), and text (X7). The pairwise crossmodal
attention between audio and text is defined as equation-1. Since at-
tention is directional, for a given m number of modalities, there are
(}) pairs of crossmodal attention. The final multimodal attention
is the concatenation of all crossmodal attention pairs.

We define the Query as Q4 = XqaWp,, Keys as KT = X7 Wk, and
Values as Vi = X7 Wy, where Wp, € Réaxdi Wk, € RITXdk and
Wy, € RA7%dv gre weights and R% is a real vector of u dimensions.
The crossmodal attention output from text T to audio A is presented
as Yy = CMT_,A(XA,XT) € RTAXd”:

Y4 = CMr_4(Xa, XT)

QaK}
= softmax T VT
d
XaWo, WIITXTT

Vi
4.1.3  Proposed Multimodal Transformer. Pairwise attention is lim-
ited to capturing dependencies between modalities as pairs. As more
than two modalities often occur simultaneously (in our case, three
modalities), we propose an alternative paradigm to the conventional
crossmodal attention that relies on the holistic multimodal context
over pairwise interactions to learn inter-modal dependencies.

= softmax ( )XTWVT- (1)

Depression
t
[ Linear ] Resigual
1 % ction
[ Linear ] o Linear
1
Crossmodal
[ Transformer block ] Attention
1 t _ Tl
Unimodal Unimodal Unimodal S Layer Norm
Audio Vision Text o P
Classifier Classifier Classifier
X Xy X

Figure 1: Multimodal Transformer model used in Depression
Detection. The unimodal classifiers are two-layer MLP mod-
els. All linear layers use ReLU activation.

Learnable Multimodal Query Crossmodal Attention: The learnable
multimodal query crossmodal attention addresses the limitations
of the pairwise crossmodal attention by enabling trimodal inter-
action in crossmodal attention. To achieve this, we formulate the
query to utilize multimodal context instead of one single modal-
ity. We define multimodal context in the learnable multimodal
query crossmodal attention as the concatenation of embeddings
from A, V, and T modalities (Xcontext = [Xa;Xy;Xr]). This al-
lows each modality to simultaneously attend to all modalities. To
incorporate global information, such as interactional context or
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other dataset-level characteristics, we also include learnable param-
eters (X € RdL) in the query. We use an additional feedforward
layer (Wy € R(da+dv+dr+di)xdg) to match the dimensions between
the newly introduced learnable parameters and the embedding di-
mension of the transformer model. Equation-2 provides the math-
ematical formulation for learnable multimodal query crossmodal
attention (learnable multimodal query CA). The novelty of our
approach is unlike latent bottleneck/query-token methods [2, 37],
ours does not use learnable tokens for intermediary representa-
tion; it builds an input-dependent query from all modalities and
learnable parameters for direct trimodal interactions.

We use randomly initialized dj = 64 dimensional learnable
parameters determined based on the validation accuracy. See the
supplementary for the effect of the number of learnable parameters
on detection accuracy in two datasets.

Y4 =CMy (Xcontexts XA)
T

= softmax ( Va

dre
Xlearnable WQ Wk, A TXX

NEDS

where Xjearnable = Wf [Xa; Xv; X7s XL ]

@)

Y4 = softmax

) XaWy,,

To understand modality-level differences between the deep and clas-
sical approaches, unimodal comparisons were performed. For the
unimodal deep model, a simple two-layer MLP with ReLU activation
was used for depression detection. The multimodal transformer
used the 512-dimensional hidden layer embeddings from the first
layer outputs of the unimodal MLP layers to perform crossmodal at-
tention between audio, vision, and text modalities. The crossmodal
attention outputs for each modality were concatenated to detect
depression through two linear layers with ReLU activation. Figure-1
shows the graphical overview of the multimodal transformer model.
Note that unimodal models were trained separately and kept frozen
when training the multimodal transformer to limit overfitting.

4.2 The classical approach

The classical approach used handcrafted features that span vision,
audio, and text. These features were formulated from existing work
[5, 10, 11] to capture action units (AU), face and head dynamics
(FHD), speech behavior (SB), voice prosody, and linguistic behavior
(LIWC) channels. The 883 resulting summary statistics features
were used to train a Support Vector Machine (SVM) classifier for
depression detection with the classical approach. Details about the
summary statistics are in the supplementary material. While the
deep approach was trained with turn-level features, the classical
approach was trained with session-level features, as observed in
the literature[3-5, 10, 11, 20].

4.3 Fairness: definition and metrics

A fair classifier is one that justly classifies depressed and non-
depressed classes without overpredicting or underpredicting a par-
ticular demographic group. To quantify classifier fairness, the Equal-
ized Odds Ratio (EOR) metric was used. The EOR, as shown in
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Table 2: Overview of differences between the datasets

Dataset characteristics Problem-Solving

Clinical Interview

Focal person Mothers
Participant sex Women-only
Task Problem-solving
Depression definition

History of depression and current symptoms

Clinical trial participants
Women and men

Depression severity assessment
Current depression

Assessment & interaction Variable lag between depression assessment and be- No lag

lag havior sample
Recordings Off-line-of-sight camera

Near line-of-sight camera

Equation (3), accounts for bias in both True Positive Rate (TPR)
and False Positive Rate (FPR) across demographic groups in the
prediction.

min(TPRypites TPRyon-white)

max(TPRyhites TPRpon-white)

min(FPRyhites FPRuon-white) (©)
max (FPRwhitea FPRyon-white )

EOR = min(rrpg, rrpR)

I'TPR =

TFPR =

4.4 Cross-dataset generalization

The cross-dataset generalization experiments evaluate the robust-
ness of classical and deep learning approaches to depression detec-
tion across the two datasets. The wide range of differences in the
datasets (see Table 2) pose a significant generalization challenge to
the depression detection problem. Our generalization experiments
involve the model trained on the problem-solving dataset to test on
the clinical interview dataset and vice-versa. Both classical and deep
learning approaches (unimodal and multimodal) were assessed for
generalization separately.

4.5 Cross-validation

The cross-validation setup includes a subject-independent 5-fold
cross-validation to ensure that subjects in the train set did not
appear in the test set. All models were trained and evaluated on
the same cross-validation setup. The neural network models were
optimized using the Adam optimizer [1] together with class weight-
ing in the cross-entropy loss function to mitigate the imbalance in
the datasets. The handcrafted features were normalized using the
min-max normalization determined on the training set. The SVM
hyperparameters for the classical approach were chosen through a
grid search on the validation set for the choice of kernel and cost
of misclassification. Similarly, optimal embeddings, and number
of learnable parameters in the transformer model were tuned on
the validation sets of the source dataset to ensure the sanctity of
the test set. Due to the superior performance of early fusion over
late fusion in initial experiments with the classical approach, the
multimodal classical approach refers to the early fusion of features.

Although the training and evaluation for the deep approach
is performed on individual turns of a multi-turn interaction, the
depression label is a session-level attribute. Hence, we aggregate
turn-level predictions to extract session-level predictions. A ses-
sion is predicted to be depressed if the majority (50% or more) of
turns are predicted to be depressed. All comparisons in this study

are based on session-level outcomes. As noted above, to adjust
for imbalance in the datasets, balanced accuracy (also called aver-
age recall) was reported along with Positive Agreement (PA), and
Negative Agreement (NA) metrics. Note that PA is equivalent to
F1-score in a two-class classification problem. The formulae for PA
and NA can be found in [27]. For notational convenience, we refer
to balanced accuracy as accuracy.

5 Results

5.1 Cross-dataset effect on optimal embeddings

Table-4 presents the validation results demonstrating the sensitivity
of various layer embeddings to depression detection dataset. Both
the problem-solving dataset and the clinical interview dataset had
a difference of up to 5% between the most and the least optimal
embedding layers. We found that the embeddings from the second
layer of the WavLM were optimal for depression detection in the
problem-solving dataset. In the clinical interview dataset, the penul-
timate 110 layer was optimal. The FMAE-IAT vision embeddings
also had a similar trend. In the problem-solving dataset, we notice
that the sixth layer is optimal, while the second layer is optimal for
the clinical interview dataset.

5.2 Cross-dataset effect on depression detection

The depression detection performance of multimodal attention-
based fusion strategies and their comparison with the classical
approach is presented as Table 3. In the problem-solving dataset,
the conventional pairwise CA of modalities performed the best with
0.703 accuracy. The learnable multimodal query CA was marginally
less accurate (0.696) than the pairwise CA. This trend did not gen-
eralize to the clinical interview dataset. In the clinical interview
dataset, crossmodal attention with learnable multimodal query pa-
rameters performed the best with 0.701 accuracy while the pairwise
CA had accuracy of 0.682. Both the multimodal transformer and
the classical approach were relatively more accurate in both the
problem-solving and clinical interview datasets. To understand the
efficacy of including learnable parameters in the learnable multi-
modal query CA, we also studied the multimodal query CA that
has no learnable parameters. Results in the supplementary material
suggest that the learnable parameters improve performance. For
further experiments on fairness analysis and generalizability, we
used the multimodal transformer with the learnable multimodal
query crossmodal attention fusion strategy as our choice of the
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Table 3: Depression detection using deep multimodal transformers and the classical approach in Problem-Solving and Clinical

Interview datasets.

Problem-Solving Clinical Interview

Approach Fusion Strategy

ACC PA NA | ACC PA NA

Deep Pairwise CA

(Multimodal Transformer) ~ Learnable Multimodal Query CA

0.703 0.694 0.708 | 0.682 0.644 0.674
0.696 0.674 0.713 | 0.701 0.676 0.676

Classical Early Fusion

0.703  0.675 0.724 | 0.696 0.678 0.677

Table 4: Validation set accuracy to determine the optimal
choice of embedding layer in problem-solving dataset and
clinical interview dataset for the audio and vision modalities.
Numbers in bold are the best embeddings.

Embedding Audio (WavLM) Vision (FMAE-IAT)
layer Problem-  Clinical | Problem-  Clinical
Solving Interview | Solving Interview
1 0.732 0.500 0.608 0.571
2 0.737 0.500 0.649 0.605
3 0.723 0.519 0.611 0.600
4 0.733 0.513 0.621 0.588
5 0.729 0.501 0.673 0.591
6 0.710 0.505 0.683 0.576
7 0.695 0.531 0.639 0.552
8 0.691 0.531 0.606 0.500
9 0.689 0.542 - -
10 0.690 0.550 - -
11 0.680 0.552 - -
12 0.682 0.537 - -

multimodal transformer, as it performed well in both the problem-
solving and clinical interview datasets.

We also compared the learnable multimodal query CA with
existing multimodal works in both datasets. In problem-solving
dataset Bilalpur et al. [10] reported 0.717 detection accuracy with
AU, FHD, SB, and LIWC features and SVM classifier, in comparison
our transformer approach had 0.696 accuracy. In clinical interview
dataset, Kacem et al. [35] using face and head movements, and
Dibeklioglu et al. [22] using face and head movement with voice
features reported 0.708 and 0.786 accuracy for three-level severity
prediction respectively. We achieved 0.701 accuracy at depression
detection. Since the approaches also differed by the cross-validation
framework, the comparisons should be interpreted accordingly.

In unimodal experiments, both classical and deep approaches can
detect depression substantially above the chance-level (0.5 accuracy)
in the problem-solving and clinical interview datasets as presented
in Table 6. In the problem-solving dataset, the classical approach
with prosody features was most accurate at detecting depression
with 0.669 accuracy. The deep alternative in audio modality detected
depression with 0.648 accuracy. In the vision modality, the classical
approach with AUs and the deep approach performed closely with
0.603 and 0.597 accuracy, respectively. The FHD features with the
classical approach failed to generalize to the test set. In the text
modality, the classical approach with LIWC features detected with
0.591 accuracy, while the accuracy for the deep approach dropped to
0.538. In the clinical interview dataset, the text modality was most

effective at detecting depression. Both classical approach with LIWC
features and the deep approach performed comparably with 0.665
and 0.667 accuracy respectively. In the vision modality, the classical
approach using AU or FHD features was found to detect depression
with similar accuracy, 0.625 and 0.621, respectively. However, the
deep approach accuracy drops to 0.583. In audio modality, the deep
approach (0.623) is better than the classical approach in detecting
depression with prosody (0.578) or SB (0.600) features.

When unimodal and multimodal experiments for depression de-
tection were compared, it was observed that multimodal detection
was better than unimodal detection in both the problem-solving (ac-
curacy: 0.703 multimodal; 0.669 unimodal) and the clinical interview
(accuracy: 0.701 multimodal; 0.667 unimodal) datasets.

5.3 Cross-dataset effect on fairness

The Equalized Odds Ratio (EOR) for fairness is presented in Ta-
ble 5. In the multimodal setting, the deep multimodal transformer
achieved higher fairness than the classical multimodal approach in
the problem-solving dataset for race (0.846 vs. 0.751). In the clinical
interview dataset, the multimodal transformer and the classical
approach had similar fairness for race (0.646 vs. 0.654), while the
multimodal transformer showed higher fairness for sex (0.889 vs.
0.752). Overall, compared to the classical approach, the deep multi-
modal transformer had high fairness in the problem-solving dataset
and comparable or higher fairness in the clinical interview dataset.

In the unimodal setting, fairness varied across modalities, fea-
tures, and demographic variables. In the problem-solving dataset for
race, the highest EOR was obtained by the deep text model (0.920),
followed by prosody (0.823), deep vision (0.727), FHD (0.680), AU
(0.646), deep audio (0.626), SB (0.615), and LIWC (0.263). In the clin-
ical interview dataset for race, the highest fairness was obtained
by deep audio (0.872) and AU (0.873), followed by deep text (0.615),
prosody (0.614), SB (0.591), LIWC (0.573), FHD (0.545), and deep
vision (0.541). For sex in the clinical interview dataset, AU yielded
the highest EOR (0.979), followed by deep audio (0.898), SB (0.857),
deep text (0.800), FHD (0.796), deep vision (0.741), LIWC (0.694), and
prosody (0.651). Among the unimodal experiments, the lowest EOR
for race was found with the LIWC features in the problem-solving
dataset. Furthermore, when the False Positive Rate (FPR) and the
False Negative Rate (FNR) between white and non-white women
were compared using Fisher’s exact test, the outcome was signifi-
cant. The false positive rate was significantly higher for non-white
women than for white women (FPR,o;,—white = 0.727, FPR  pite
= 0.111; p < 0.01), indicating that the classical approach in text
modality with LIWC features was more likely to incorrectly de-
tect depression in non-white women. The false negative rate was
significantly higher for white women than for non-white women
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Table 5: Unimodal and multimodal fairness (EOR) for race and sex for mothers in problem-solving dataset and patients in
clinical interview dataset. EOR ranges from 0 (least) to 1 (most) for fairness. * denotes significant difference in FPR and FNR.

Modality ~Features/Approach Mother Race & Patient Race & Patient Sex &
Problem-Solving | Clinical Interview Clinical Interview
Deep 0.626 0.872 0.898
Audio Prosody 0.823 0.614 0.651
SB 0.615 0.591 0.857
Deep 0.727 0.541 0.741
Vision AU 0.646 0.873 0.979
FHD 0.680 0.545 0.796
Deep 0.920 0.615 0.800
Text LIWC 0.263* 0.573 0.694
Deep (Transformer) 0.846 0.646 0.889
Multimodal Classical 0.751 0.654 0.752

Table 6: Depression detection using unimodal deep features
and handcrafted behavior channels.

Problem-Solving | Clinical Interview

Modality Features | ACC PA NA |ACC PA NA
Deep 0.648 0.602 0.672 | 0.623 0.557 0.534

Audio  Prosody | 0.669 0.601 0.711 | 0578 0.533 0.575
SB 0.542  0.558 0.505 | 0.600 0.574 0.55

Deep 0.597 0.607 0.514 | 0.583 0.448 0.532

Vision AU | 0603 0618 0560 | 0.621 0.632 0.569
FHD 0.470 0.366 0.525 | 0.625 0.552 0.671

Deep 0.538 0.643 0.322 | 0.667 0.667 0.574

Text LIWC 0.591 0.458 0.665 | 0.665 0.653 0.645

(FNRyhite = 0.578, FNRyon_white = 0-111; p < 0.05), indicating
that the classical approach in text modality with LIWC features
was much more likely to miss cases of depression in white women.
This observation could not be made in the clinical interview dataset
despite a similar racial distribution (see Table 1).

5.4 Cross-dataset generalizability

Table 7: Multimodal cross-dataset generalization perfor-
mance. Clinical Interview — Problem-Solving denotes model
trained on clinical interview dataset is tested on problem-
solving dataset.

Experiment Fusion Strategy ACC PA NA
Clinical Interview —  Learnable Multimodal Query CA  0.500 0.527 0.133
Problem-Solving Early Fusion 0.500 0.527 0.133
Problem-Solving —  Learnable Multimodal Query CA  0.498 0.310 0.578
Clinical Interview Early Fusion 0.500 0.424 0.315

Multimodal models failed to generalize across datasets as pre-
sented in Table-7. Models trained in the clinical interview dataset
and tested in the problem-solving dataset performed at the chance-
level. Both the deep multimodal transformer and the classical ap-
proach performed at ACC=0.500, PA=0.527, and NA=0.133. The
low NA suggests that predicting the non-depressed class was more
challenging than the depressed class. The generalizability from the
problem-solving dataset to the clinical interview dataset also had

similar outcomes, both the deep multimodal transformer (ACC=0.498,
PA=0.310, and NA=0.578) and the classical approach (ACC=0.500,
PA=0.424, and NA=0.315) performed similarly. They failed to gen-
eralize from the problem-solving dataset to the clinical interview.

Table 8: Unimodal cross-dataset generalization performance.
Problem-Solving—Clinical Interview denotes model trained
on problem-solving dataset is tested on clinical interview
dataset.

Problem-Solving — | Clinical Interview —
Clinical Interview Problem-Solving
Modality Features | ACC PA NA | ACC PA NA
Deep 0.491  0.029 0.674 | 0.512 0.527 0.210
Audio Prosody | 0.536 0.166 0.689 | 0.500 0.527 0.133
SB 0.500 0.000 0.685 | 0.500 0.394 0.293
Deep 0.452  0.470  0.226 | 0.477 0.486 0.231
Vision AU | 0536 0.166 0689 | 0.544 0381  0.559
FHD 0.500  0.097 0.522 | 0.500 0.660 0.000
Deep 0.474 0.449 0.384 | 0.500 0.660 0.000
Text LIWC 0.561 0.653 0.117 | 0.523 0.596 0.340

The cross-dataset generalizability of unimodal experiments be-
tween problem-solving dataset and clinical interview dataset is
provided in Table 8. Among the models trained in the problem-
solving dataset and tested in the clinical interview dataset, a sig-
nificant drop in performance was noted across audio, vision, and
text modalities when compared to within-dataset performance (see
Table 6 and Table 3). We notice that unimodal models with the deep
approach failed to generalize across datasets in all three modal-
ities, as they were less accurate than a chance-level accuracy of
0.500. Although the classical approach with individual channels
outperformed the unimodal deep approach with modest general-
ization accuracy, their low PA limits their validity in depression
detection, as they were much better at detecting the non-depressed
subjects than the depressed subjects. The generalization accuracies
for LIWC (0.561), prosody (0.536), and AU (0.536) features exceeded
the chance-level, the low class-level agreements suggest that they
underpredict one of the two classes. We observe a similar behavior
with the model trained in the clinical interview dataset and tested
in the problem-solving dataset. Unimodal models with the deep
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approach failed to generalize for all three modalities and the high-
est accuracy was obtained using audio features (0.512). However,
they were only nominally better than the chance-level. Among
individual channels with the classical approach, AU features had
the highest accuracy (0.544) with PA (0.381), followed by LIWC
features (accuracy=0.523, PA=0.596). However, the generalizabil-
ity of clinical interview dataset models was also limited by the
underprediction of one of the two classes.

6 Discussion

We explored multimodal modeling of depression in two datasets
that overlapped in demographics and depression ascertainment.
Participants in the problem-solving dataset were all female, low SES,
and had a history of diagnosed depression by DSM-IV criteria and
recent or current symptoms. Participants in the clinical interview
were males and females, had more recent history of diagnosed
depression by the same DSM-IV criteria, and their current symptom
severity was assessed using a clinical interview on the same day
that their multimodal behavior was obtained.

Our findings indicate varied cross-dataset effects. Optimal repre-
sentations of both audio and video varied with dataset. The second
layer of audio WavLM was optimal in the problem-solving dataset,
while the 11th layer was optimal in the clinical interview. The
6th layer of vision FMAE-IAT was optimal in the problem-solving
dataset, while the second layer was optimal in the clinical inter-
view. Given that deep models capture a hierarchy of features with
model depth[40, 41, 51, 54], these findings suggest that the depres-
sion relevant behaviors observed may differ by datasets, which has
implications for future work in multimodal depression detection.

Performance depended in part on both fusion mechanism and
dataset. The accuracy of baseline multimodal transformer and the
classical approach were relatively higher only in the problem-
solving dataset. Our proposed multimodal transformer with learn-
able multimodal query crossmodal attention achieved performance
comparable to the classical approach in both datasets.

Despite strong within-dataset performance, inter-modal depen-
dencies learned in one setting failed to transfer reliably to the other.
This aligns with the substantial differences between datasets, with
the understanding that differences in demographics or related fac-
tors may have played a role.

In multimodal comparisons, the deep approach was fairer than
the classical approach in both datasets; while fairness in individual
modalities varied by dataset. The classical approach with LIWC
features exhibited low fairness for mother’s race in the problem-
solving dataset but not in the clinical interview. This implies that
multimodal fusion may mitigate some demographic disparities.
The same was not found in unimodal settings. Consequently, any
deployment-facing solution should also consider auditing fairness.

Unimodal results for depression detection also offered fine-grained
insights on cross-dataset effects, for the strongest predictor modal-
ity In the problem-solving dataset, the classical approach with
prosody features from audio modality was most accurate, whereas
in the clinical interview dataset, LIWC features from text was most
accurate. This divergence is consistent with differences in task
structure: clinical interview sessions were semi-structured HRSD

Bilalpur et al.

interviews, where language-based symptom assessment is foun-
dational, so LIWC’s strong performance suggests that verbal re-
sponses to HRSD questions effectively encode depression-relevant
signals. In contrast, the problem-solving task was unstructured,
hence the more variable speech encourages other modalities to
encode depression-relevant signals. The superior performance of
prosody also aligns with prior evidence [19] that depression-related
behaviors (e.g., psychomotor retardation) can be captured via com-
putational measures of voice (e.g., voice quality, formants, MFCCs).
Across unimodal comparisons, the deep approach did not outper-
form the classical approach using individual-channel features.

7 Conclusion

We examined the cross-dataset effects on multimodal depression
detection. We compared a classical multimodal approach and two
multimodal transformer based deep approaches. We found differ-
ences in depression detection along multiple fronts, including opti-
mal embedding representations, detection accuracy, demographic
fairness in detection, and cross-dataset generalizability.

The optimal embedding representations for the deep approaches
varied by dataset for both audio and vision modalities. Our proposed
multimodal transformer for depression detection and the classical
approach were relatively highly accurate at depression detection.
Despite a strong within-dataset accuracy, both multimodal classical
and deep approaches achieved low cross-dataset generalizability.

From unimodal experiments, prosody (audio modality) was the
strongest predictor in the problem-solving dataset, but speech (text
modality) was the strongest predictor in the clinical interview
dataset. Unimodal fairness analysis found that the classical ap-
proach had low fairness for race with text modality in the problem-
solving dataset but not in the clinical interview dataset.

Three limitations may be noted. One, specific differences due
to individual factors of the datasets could not be disambiguated.
In future work, datasets that disambiguate individual factors in
depression detection are needed. Two, a larger number of mul-
timodal models would be informative. Three, temporal modeling
may capture localized depression-related phenomena that summary
statistics and average-pooled features miss. [32, 45].

8 Safe and Responsible Innovation Statement

Data were from two sources [25, 43]. Data collection protocols and
analysis for each were approved by the respective institutional
Ethics Review Boards. All participants gave their informed con-
sent prior to data collection. The algorithms we developed are in-
tended for research use. More development and testing is required
to establish the clinical validity of detection approaches for the
intended populations. This should include educating stakeholders,
including regulatory bodies, providers and clients, about possible
demographic effect on detection approaches.
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