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Abstract—Depression detection on DAIC-WOZ often relies
on interviewer-driven shortcuts rather than genuine participant
behaviour, and fusion-architecture gains are often validated only
via cross-validation, never confirmed on unseen participants.
This study addresses both issues directly. First, we propose a
multimodal deep learning classifier for depression that processes
audio input using the WavLM model, facial behaviour using
descriptors derived from OpenFace, and speech transcripts using
RoBERTa, ensuring all inputs rely only on what participants
say to remove interviewer-induced bias. This paper compared
three fusion approaches: naive feature concatenation, a learned
attention-based gating mechanism, and cross-modal attention,
first using stratified 5-fold cross-validation and then on a strictly
held-out test set of participants never seen during either model
development or selection. During cross-validation, the gating
mechanism performs better than simple concatenation, but this
advantage disappears on the held-out data, where naive con-
catenation instead shows the best and most stable performance
(74.5% accuracy, Fl-macro 0.681 + 0.046 across 5 random
seeds). A diagnostic analysis shows why: the gate settles on
nearly constant weights across modalities with no meaningful
connection to input quality, meaning the apparent ability to
adapt during cross-validation was due to overfitting rather than
genuine learning. A complementary interpretability analysis that
combines occlusion and corrected gradient-based attribution
confirms that acoustic features have the strongest influence on
the model’s predictions, followed by facial behaviour and then
text. Although the model’s held-out sensitivity (0.50) shows that it
is not yet suitable for clinical use, our results prove that rigorous
generalization testing, rather than architectural complexity, is the
key factor in developing trustworthy multimodal models based
on small clinical datasets.

Keywords: Multimodal models, WavLM model, RoBERTa,
Trustworthy, Deep learning.

I. INTRODUCTION

Around the world, depression is estimated to affect 280
million people. It remains a major cause of disability, and
more than 75% of those affected in low and middle income
countries do not receive any treatment, mainly because of the
subjective nature of diagnosis and the lack of adequate clinical
resources [21]. Consequently, researchers have shown strong
interest in using automated methods to screen for depression
by analysing multiple behavioural indicators gathered during
clinical interviews, with the DAIC-WOZ corpus [10], [7] serv-

ing as the standard reference in this area. In response, recent
studies have developed increasingly advanced fusion models,
including gated and cross-modal attention mechanisms [25],
[14], contrastive feature decomposition [5], and hierarchical
transformer fusion [11], often achieving significant improve-
ments over unimodal baselines. However, two particular risks
associated with this dataset have so far been ignored: the
structured format of the DAIC-WOZ interview allows models
to use the position of the interviewer’s prompts as a kind
of shortcut instead of interpreting them as a true behavioral
signal, a point clearly shown by Burdisso et al. [4], and the
recent research on the Extended DAIC-WOZ corpus, which
achieved near-ceiling performance (F1 is 0.992), has itself
pointed out that this result is indicative of leakage rather than
reflecting clinical validity [22].

Moreover, because this body of literature seldom directly
examines the more general risk, the limited sample size of
189 to 275 participants means that architecturally complex,
instance-adaptive fusion mechanisms might show strong cross-
validation performance without generalizing to a truly un-
seen, held-out set of participants, and the assertion that these
mechanisms learn the true per-instance modality reliability is
rarely checked against ground-truth signal-quality indicators.
The present paper addresses both shortcomings by means of
a participant-only, bias-controlled pipeline based on modern
pretrained encoders (WavLM [6], OpenFace [2], RoBERTa
[18]), and it systematically compares naive concatenation,
learned gating, and cross-modal attention fusion using both
stratified cross-validation and a strictly held-out test set.

This paper makes the following contributions:

e A controlled multimodal benchmark on DAIC-WOZ
comparing unimodal, naive-concatenation, gated, and
cross-attention fusion strategies using modern pretrained
encoders under a common, participant-level evaluation
protocol.

o A rigorous held-out evaluation demonstrating that cross-
validation superiority of adaptive fusion does not reli-
ably translate into improved generalization on unseen
participants, with results reported across multiple random
seeds and a parameter-matched control ruling out model
capacity as a confound.



o A gate-collapse analysis showing that the learned gating
mechanism converges to near-static modality weighting
with negligible association with measured video-signal
quality, quantitatively contrasted against the naive fusion
model’s emergent quality sensitivity.

o A quantified bias-control ablation testing dependence on
the known interviewer-prompt shortcut, reporting effect
size and confidence intervals rather than a qualitative
judgment.

o A complementary interpretability analysis combining
modality-level occlusion and gradient-based (Integrated
Gradients) attribution, including explicit identification
and correction of a known early-timestep artifact in
recurrent-network attribution, validated via a non-circular
held-out threshold check.

II. RELATED WORK

DAIC-WOZ and its extended version E-DAIC [10], [24]
are still the leading benchmarks for the automatic detec-
tion of depression from clinical interviews, using a semi-
autonomous virtual interviewer to combine audio, video, and
the transcribed text with clinician-generated PHQ-8 labels.
Even though it has been widely adopted, recent surveys have
pointed out that the corpus’s small size (ranging from 186
to 275 participants) and the strong class imbalance remain
ongoing limitations which restrict the reliability of the results
reported in the literature [28].

Although the potential of multimodal fusion is clear, most
studies report only cross-validation or single-split results, so
it remains unclear whether the improvements generalize to
completely new participants. This paper directly addresses
that question through a held-out, multi-seed evaluation. The
earlier literature began with fusing speech and text represen-
tations using gated CNN-LSTM networks [25], then moved
to more expressive fusion methods: cross-modal attention
networks combining audio and text [14], contrastive frame-
works for modality decomposition [5], a dual-level attention
fusion method that achieved an F1 of 0.83 based on five-
fold cross-validation [20], a hierarchical transformer-based
fusion approach [11], and text—audio fusion using a canonical-
correlation method that reported accuracies exceeding 92%
[19].

The key takeaway is that the question-based, structured
format used in DAIC-WQOZ allows shortcut learning. Burdisso
et al. [4] showed that models that leverage the position
of the interviewer’s prompts rather than participants’ actual
behaviour achieved inflated performance (F1 of 0.90 when
using only text). This issue has also come up in more recent
studies, as a hierarchical DistilBERT-BiLSTM fusion study on
Extended DAIC-WOZ found near-ceiling F1 scores (0.992)
in the text-enhanced setups. They clearly attributed this to
shortcut learning or leakage rather than clinical validity [22].
Likewise, speech-based approaches have been suggested that
focus on low-complexity models and feature selection guided
by the need for explainability to reduce overfitting and spuri-
ous, artefact-driven correlations on this dataset [8].

An increasing amount of research makes use of post-hoc ex-
plainability in depression models, including SHAP and LLM-

based feature extraction from transcripts [9], SHAP/LIME-
based interpretable procedures for behavioural and activity
data [1], attention-guided sentence-level explanations together
with sentence-transformer classifiers [17], causal graph-based
interpretability modules [29], and density-adaptive attention
mechanisms, which are said to achieve an Fl-macro of 0.70
to 0.72 on DAIC-WOQOZ speech alone while also improving
interpretability [12]. However, the key gap is that attribution
techniques for recurrent architectures are seldom validated
against known artefacts, such as recency bias in gradient-
based attribution; to address this gap, we explicitly identify
and correct this artefact using a non-circular, externally derived
threshold, rather than relying on the same attribution methods
for comparison.

III. MATERIALS AND METHODS
A. Dataset

The DAIC-WOQOZ corpus [10] comprises 188 separate in-
terviews with individual participants, divided into 107 for
training, 34 for development, and 47 for the held-out test, with
no participant appearing in more than one split (verified by
a program). It consists of semi-structured clinical interviews
conducted by an animated virtual interviewer called "Ellie"
and includes audio recordings, video recordings obtained
through automatic extraction of facial features, and transcripts.
Each interview is assigned a binary depression status based on
the participant’s PHQ-8 score; therefore, a score of 10 or above
is considered depressed, in accordance with the official AVEC
2017 train/dev/test division [27]. We excluded one of the 189
sessions originally distributed (participant 440) because we
confirmed byte-level file corruption: the ZIP header was in-
valid. Consequently, class distribution is imbalanced in all the
splits (approximately 70% are non-depressed), as summarized
in Table I.

TABLE I: Dataset split composition.

Split N Non-Depressed  Depressed
Train 107 77 30
Development 34 23 11
Test (held-out) 47 33 14
Total 188 133 55

B. Bias-Controlled Preprocessing

To avoid the interviewer-prompt shortcut documented in this
corpus [4], we obtain every modality entirely from segments
of participant speech, identified by speaker-diarization labels
and their associated timestamps in the transcript. As a result,
before feature extraction, we discard all interviewer (“Ellie’s”)
statements. We also exclude segments shorter than 0.3 s (n
= 607, mostly transcription artefacts). This leaves 31,495
segments at the individual-utterance level across the corpus,
with all three modalities temporally aligned.

C. Feature Extraction

For each participant’s speech segment, this paper used
frozen, pretrained encoders to obtain modality-specific embed-
dings, following standard transfer-learning procedures. Specif-
ically, we sampled the audio at 16 kHz and mean-pooled it



using WavLM. In addition, we used the layer-9 hidden states,
which appear to capture paralinguistic information, to produce
1024-dimensional vectors. The video descriptors (facial Action
Units, head pose, gaze) are obtained through OpenFace 2.0 and
are mean-pooled together with the standard deviation for each
segment to form 76-dimensional vectors; any frames with a
tracking confidence below 0.7 are excluded, and segments that
have no valid frames are clearly marked as missing (valid_frac)
rather than being silently omitted, so that a data-quality signal
can be used in the subsequent analyses. The text is encoded
with RoBERTa-base and is mean-pooled across the non-
padding tokens to yield 768-dimensional vectors. Throughout
the main fusion comparisons, all encoders remain frozen.

D. Fusion Architectures

This paper looked at four fusion strategies, as shown in
Figure 1. The unimodal baselines involve using an independent
BiLSTM classifier for each modality’s embedding sequence. In
the case of naive (early) fusion, the three embeddings at each
time step (1868-d) are concatenated and then encoded using a
single BiLSTM classifier. Gated fusion encodes each modality
separately using three BiLSTM branches, each followed by a
lightweight reliability head that produces a per-modality logit.
the logit from the video modality is also penalized by (1
- valid_frac), and the three logits are SoftMax normalized
into instance-specific weights which are then applied to a
weighted sum of the embeddings. Cross-modal attention fusion
treats the three projected embeddings as a token sequence of
length 3, passes it through multi-head self-attention, and then
classifies via mean pooling. With respect to the gated and
attention architectures, we also assess a variant in which the
BiLSTM encoders are pretrained once on the entire training
pool and are then either kept frozen or fine-tuned at a greatly
reduced learning rate (1 x 107°) as compared to the fusion
head (1 x 10~3) to reduce overfitting due to the small size of
the corpus.

Above all, the number of trainable parameters in Naive
and full Gated Fusion differs by only 7.4% (see Table II),
which shows that the two main architectures are roughly
equal in capacity. It is therefore reasonable to attribute the
generalization differences to the fusion mechanism itself rather
than model size.

TABLE II: Model parameter counts (trainable).

Model Trainable Parameters
Text-only (BiLSTM, hidden=64) 431,000
Video-only (BiLSTM, hidden=64) 120,000
Naive Fusion (BiLSTM, hidden=64) 994,369
Gated Fusion (full, jointly trained) 1,068,197
Gated Fusion (lightweight, frozen encoders) 38,165

E. Training, Evaluation, Bias Control, and Interpretability

This study trained our classifiers using Adam [16] and
a class-weighted cross-entropy loss function, with gradient
clipping and early stopping based on the validation macro-F1
score. Hyperparameters were chosen entirely through stratified

5-fold cross-validation on the combined training and develop-
ment dataset (n = 141 participants). This paper then retrained
the final model once and assessed it on the strictly separated
47-participant test set using five different random splits. Re-
sults are reported as mean + standard deviation. To examine
dependence on the content of the interviewer’s prompts [4],
we ran a paired t-test with bootstrap confidence intervals
comparing the text model that included Ellie with the baseline
using only participant data. This paper assessed interpretability
using modality occlusion and Integrated Gradients [26]. To
avoid attribution bias in a non-circular way, we defined the
threshold for excluding artefacts at early time steps using data
from held-out sessions independent of the case study being
evaluated.

F. Evaluation Metrics

Because of class imbalance, we report accuracy, sensitivity,
specificity, balanced accuracy, precision, F1 (per-class and
macro), and ROC-AUC, computed using Equations (1 to 5).
Fl-macro and balanced accuracy are selected as the primary
metrics, consistent with current recommendations for imbal-
anced clinical classification.

A TP+TN )
ccuracy =
Y“TP+TN+FP+FN
TP TN
Sensitivity = TPLEN’ Specificity = TN L FP 2)
Sensitivit Specificit
Balanced Accuracy = cnsivity ; peetictly 3)
Fl, = 2- Prfzc'isionc - Recall, @
Precision. + Recall,
1
Flmacro = 5 (Fldepressed + Flnon—depressed) (5)
I'V. RESULTS

A. Unimodal and Cross-Validation Performance

Table III gives the 5-fold cross-validation results (mean F1-
macro = SD) for the unimodal baselines and all four fusion
methods on the combined training/development dataset (n =
141). Among the unimodal models, text achieved the highest
Fl-macro score (0.718 = 0.079), followed by audio (0.707
+ 0.047) and finally video (0.638 £ 0.044), consistent with
previous findings that facial or visual descriptors alone are
generally the weakest single modality for this task. The naive
(early) fusion method (0.693 + 0.103) did not outperform
the best unimodal baseline in cross-validation, while gated
fusion achieved the highest F1-macro score in cross-validation
among all the models examined (0.725 + 0.071); cross-modal
attention fusion performed worse than both (0.658 + 0.026,
for the best-tuned version).
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Fig. 1: Full pipeline of the proposed multimodal architecture.

TABLE III: Five-fold cross-validation performance (train+dev, n = 141).

Model F1-macro Recall Precision
Text 0.718 & 0.079  0.611 £+ 0.140  0.605 £+ 0.111
Audio 0.707 + 0.047  0.492 + 0.165 0.779 £+ 0.187
Video 0.638 + 0.044  0.492 4+ 0.093  0.498 £ 0.067
Naive Fusion 0.693 4+ 0.103  0.489 4+ 0.238  0.733 £ 0.165
Late Fusion (avg.) 0.655 + 0.065 0.417 £ 0.132  0.591 £ 0.111
Gated Fusion 0.725 + 0.071  0.614 & 0.126  0.609 £ 0.089
Cross-Attention Fusion 0.658 + 0.026

g

B. Held-Out Test Performance: A Generalization Reversal

The results in Table IV and Figure 2 reflect performance on
the strictly held-out, previously unexamined 47-participant test
set, with figures averaged over five random seeds. The ranking
that was obtained during cross-validation did not persist: naive
fusion achieved the highest Fl-macro on the held-out data
(0.689 + 0.046, ranging from 0.644 to 0.776 for each seed),
outperforming all of the unimodal baselines as well as both
adaptive fusion methods, whereas gated fusion, although it
had been the leader in the cross-validation, dropped to 0.613
+ 0.013 on the held-out data. This is a clear reversal, since the
fusion strategy that performed best in cross-validation is not
the one which generalizes most effectively to new participants.

TABLE IV: Held-out test performance (five-seed mean £

SD; n =47).
Model Fl-macro (Test)  Fl-macro (CV) CV — Test Gap
Text 0.599 £ 0.015 0.718 £+ 0.079 —0.119
Audio 0.645 £+ 0.031 0.707 £ 0.047 —0.062
Video 0.608 £ 0.047 0.638 £ 0.044 —0.030
Naive Fusion 0.689 £ 0.046 0.693 £ 0.103 ~ 0.000
Gated Fusion 0.613 £ 0.013 0.725 + .071 —0.112

B CrossValidation (train +dev)
@ Held-Out Test (5-seed mean)
084 ® Individual seeds (n=5)

Reversal:
Gated wins CV,
Naive wins Test

F1 (macro)

0.2

0.0+

Gated
Fusion

Naive
Fusion

Fig. 2: CV vs. Held-Out Test Performance.

Text Audio Video

Figure 2 illustrates the near-zero generalization gap asso-
ciated with naive fusion as opposed to the considerable gap
seen in gated fusion, also showing the individual results for
each seed in order to provide transparency. The comparison
in Table II, which is parameter-matched, reveals that Naive
Fusion (994,369 parameters) and full Gated Fusion (1,068,197
parameters) differ by just 7.4%, so the number of parameters
alone is not a likely explanation for this generalization gap.



C. Gate-Collapse Analysis

To examine the mechanism behind the generalization gap
associated with gated fusion, we looked at the weight be-
haviour for individual instances on the held-out test set (Figure
3A). The gate weights settled down to nearly constant values
in all 47 of the test sessions (audio: 0.984 + 0.002, video:
0.006 + 0.001, text: 0.010 + 0.002), indicating that the gate
was performing nearly constant modality weighting rather than
adapting in a way that was meaningful at the instance level.
Consistently, when we correlated the gate’s video weight with
an independent, objectively known measure of video quality
(the mean facial-tracking valid-frame fraction), we found a
negligible relationship (r = 0.012). In contrast, a similar post-
hoc analysis of the naive fusion model’s video importance
based on occlusion revealed a weak positive association with
the same quality indicator r = 0.175, (see Figure 3B). Taken
together, these results support the idea that the gate collapsed
and overfit to patterns specific to each fold during cross-
validation, rather than developing a generalizable, quality-
sensitive fusion rule.

D. Bias-Control Ablation

Table V shows the results of the ablation tests that in-
clude Ellie with respect to the content of the interviewer
prompts. Including the interviewer’s statements led to a mean
increase in the Fl-macro score of +0.022 (95% CI: [-0.051,
+0.095], bootstrap CI: [-0.037, +0.091], paired t-test, p =
0.587; Cohen’s d = 0.26), a value that is not statistically
different from no effect when n = 5 folds. Therefore, while
this does not exclude the possibility of interviewer-prompt
leakage, it does not provide evidence that our participant-
only model’s performance depends in any meaningful way on
the interviewer’s content, which aligns with our bias-control
design.

E. Interpretability

On the held-out test set, modality occlusion (as shown in
Figure 4) revealed that audio made the greatest contribution to
the model’s predictions (mean |Ap| = 0.155+0.086, followed
by video (0.060 + 0.052) and then text (0.008 £ 0.009). All
pairwise differences were statistically significant (Wilcoxon
signed-rank test, p < 0.0001 for all three comparisons, n =
47).

The Integrated Gradients analysis showed a consistent,
content-independent attribution pattern during the first 15 to
20 timesteps in all sessions studied. The magnitude then
decreased by about two orders of magnitude before stabilizing
(as shown in Figure 5), consistent with known recency-
bias effects in gradient-based attribution methods applied to
recurrent architectures. When this initial period is excluded,
one case study involving a participant who was correctly clas-
sified as not depressed showed relatively strong late-sequence
attribution, reaching a magnitude of 0.854 at timestep 86. This
attribution corresponded to the utterance "more tired and", a
phrase relevant to symptoms. It was more than two orders of
magnitude above the threshold independently derived from the

other two sessions examined, indicating that it represents a real
late-sequence attribution by the model rather than the early-
timestep artefact identified earlier, and that it is a clinically
plausible phrase relating to symptoms rather than evidence of
confirmed clinical reasoning.

F. Full Classification Performance and Clinical Considera-
tions

Table VI and Figure 6 show that the final naive-fusion
model had competitive overall discrimination on the held-out
test set. However, sensitivity remained limited (0.50), so its
performance should be seen as a methodological benchmark
rather than evidence that it is ready for clinical screening.
Accuracy (0.745) exceeded balanced accuracy (0.674) by
0.070, indicating class imbalance (70% non-depressed, n =
47). Performance was asymmetric because specificity (0.849)
was much higher than sensitivity (0.500).

G. Comparison with Prior Work

Table VII provides a methodological comparison of four
earlier DAIC-WOZ studies that reflect the field’s standard
evaluation methods. Bhatt et al. [3] achieve 78.69% accu-
racy and an Fl-macro of 0.7636 using a voting-ensemble
audio classifier, along with speaker diarization and SMOTE
balancing. However, they do not state whether the train/test
split is participant-disjoint. Ismail et al. [13] assess an audio-
only transformer under participant-independent 5-fold cross-
validation, citing an F1-macro of 0.599, but they neither report
multi-seed stability nor test for known dataset-specific biases.
The lightweight video-only CNN-LSTM model [15] obtains
an Fl-macro of 0.74 on DAIC-WOZ. The audio spectrogram
transformer with imbalance-aware negative mining [23] re-
ports an Fl-macro of 0.7353. Still, neither study verifies a
participant-disjoint split, reports results across multiple seeds,
or provides a parameter-matched comparison against an alter-
native fusion strategy. In all four studies, no one meets all four
requirements simultaneously. The current work fulfils all four
criteria at the same time, and its results (Fl1-macro = 0.681
+ 0.046, accuracy = 74.5%) lie within the range covered by
these four baseline studies, showing that our trimodal fusion
result is consistent with, not anomalously below, the level
of performance that can be achieved on this corpus when
evaluation rigour is kept constant.

V. CONCLUSION

The study compared three multimodal fusion methods: naive
concatenation, learned reliability gating, and cross-modal at-
tention for detecting depression using the DAIC-WOZ corpus,
with audio embeddings from WavLM, facial descriptors from
OpenFace, and text embeddings from RoBERTa. In stratified
5-fold cross-validation, the gated fusion model achieved the
highest F1-macro score (0.725), ahead of naive concatenation
(0.693) and all unimodal baselines. However, on a strictly
held-out, participant-disjoint test set, the ranking changed:
naive concatenation achieved the best and most stable per-
formance (74.5% accuracy, F1-macro = 0.681 + 0.046 across
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Fig. 3: Gate-weight collapse (A) and its weak association with modality quality relative to naive fusion (B).

TABLE V: Ellie inclusive ablation (5 fold CV).

Condition F1-macro AF1 95% CI p-value
Participant-only (ours)  0.718 4 0.079 - - -
Ellie inclusive 0.740 £ 0.063  +0.022 [-0.051, 4-0.095] 0.587
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TABLE VI: Full classification metrics, held-out test (naive
fusion, seed 42).

Metric Value
Accuracy 0.745
Balanced Accuracy 0.674
Sensitivity (Depressed) 0.500
Specificity (Non-Depressed) — 0.849
Precision (Depressed) 0.583
Fl-macro 0.681
F1 (Depressed) 0.539
F1 (Non-Depressed) 0.824
ROC-AUC 0.671

5 seeds), whereas the gated fusion model fell to an FI-
macro of 0.613 £ 0.013, and cross-modal attention performed
worse than both. The mechanistic analysis then pointed to
gate collapse as the reason for the gating model’s failure,
describing a nearly constant weighting of the modalities (audio
is 0.98) that was not related to the independently measured
video quality (r = 0.012), showing that the advantage seen
in cross-validation was due to overfitting and not to true
instance-level adaptation. The interpretability analysis, which
combined occlusion with artefact-corrected Integrated Gradi-
ents, provided statistically significant evidence (Wilcoxon, p <
0.0001) that audio contributed most to the model’s predictions,
followed by facial behaviour and then text, and a validated
case study linked the model’s attention to clinically reasonable
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TABLE VII: Methodological comparison with prior work on DAIC-WOZ.
Study Modalities Held-Out  Participant- Multi- Bias/Shortcut  Param.- F1-macro
Test Disjoint Seed Control Matched
Bhatt et al. [3] Audio Yes No No No No 0.7636
Ismail et al. [13] Audio Yes Yes No No No 0.599
Jallaglag et al. [15] Video Yes No No No No 0.74
Ramrakhiyani et al. [23] Audio Yes No No No No 0.7353
This work Audio+Video+Text Yes Yes Yes Yes Yes 0.681 + 0.046

symptom language. An ablation study removing interviewer
inclusion confirmed that the results were not due to the
known interviewer-prompt shortcut. Because the model had
only limited sensitivity on the held-out data (0.50), these
findings represent a solid methodological benchmark rather
than indicating that the model is ready for clinical use. Future
work should extend this evaluation to larger corpora such as
Extended-DAIC, include parameter-matched architectural con-
trols, and investigate regularisation strategies that maintain the
flexibility of adaptive fusion while improving generalisation to
new participants.
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