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Abstract 

Conventional automated systems for screening for depression leverage speech/text-

based features, which makes such systems sensitive to external noises, potential mistakes in 

automatic speech recognition (ASR), and other modality-related limitations. Besides, most 

current approaches fail to provide any form of uncertainty estimates, properly calibrated output 

probabilities, and explanation capabilities for their predictions, limiting the use of these tools 

within a clinical environment. In this work, we present an approach for building trustworthy 

depression screening systems based on a fusion of acoustic and linguistic features using a novel 

cross-attention-based method. Specifically, self-supervised learning techniques like wav2vec 

2.0 and HuBERT models are used for extracting acoustic features from raw audio recordings. 

For text processing, our framework leverages DistilBERT and RoBERTa language 

representation models. By employing a multi-head cross-attention module, we allow our model 

to effectively exploit interactions between linguistic content and acoustic features. Predictive 

uncertainty estimates are produced by incorporating Monte Carlo dropout into the model 

architecture. Temperature scaling is applied for proper calibration of output probabilities. 

Token-level attributions are used for explaining predictions made for linguistic input, while 

attention coefficients for segments of audio signal correspond to explanation. Experiments 

conducted on a dataset of clinical interviews from the DAIC-WOZ corpus show that our 

method significantly outperforms audio-only, text-only, and fusion baselines, reaching an 

accuracy, Macro-F1, Weighted-F1, AUROC, and ECE of 0.82, 0.80, 0.81, 0.87, and 0.034 

respectively. Our system also shows increased robustness against noisy audio conditions, ASR-

based transcripts, and missing data. 

Keywords: Multimodal Depression Detection, Cross-Attention Fusion, Trustworthy AI, 

Speech and Language Processing, Uncertainty-Aware Deep Learning, Explainable AI, DAIC-

WOZ, Mental Health Screening. 

1. Introduction 

Mental health diseases comprise one of the most important global public health 

problems since these pathologies affect people of different age groups, sociocultural 

background, and nations around the world [1]. Among various kinds of diseases, depression 
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represents one of the most widespread reasons for disability and low-quality life [1]. Timely 

diagnosis and monitoring of symptoms associated with depression improve health outcomes, 

reduce symptom severity, and guarantee the receipt of needed assistance [2]. However, 

traditional means of depression detection involve conducting clinical interviews and filling out 

questionnaires provided to patients by clinicians or other professionals [2], [3]. These processes 

become extremely difficult because of the lack of professionals, absence of healthcare facilities 

in rural areas, increased workload, and stigma related to mental health treatments [2], [3]. 

The emergence of artificial intelligence technology led to the growing popularity of 

intelligent systems for detecting depressive states based on behavioral features obtained from 

the analysis of speech and language data [4], [5]. These screening techniques are expected to 

serve as decision-support tools allowing for scalable, affordable, and fast assessments of 

people. While many recent solutions showed great results when tested on benchmark databases, 

they often fail to provide required levels of robustness, transparency, and reliability in practical 

applications [6], [7]. Therefore, closing the research-practice gap implies not only the 

improvement of the technical performance of algorithms but also their trustworthiness and 

reliability. 

Various indicators of depression are observable in several behavioral modalities. For 

example, during interviews, clinicians can notice linguistic and vocal characteristics of 

depressive disorder. Many works show that people with depression tend to use negative self-

referencing language, speak about hopeless things, and show decreased semantic richness of 

speech. Also, patients often demonstrate a slower pace of speech, prolonged pauses, lowered 

vocal intensity, and decreased variability of pitch and quality [6], [8]. While linguistic 

information allows us to assess cognitive and semantic states, vocal data provides additional 

affective information which cannot be encoded into language representation [6], [9]. 

Previous work on automated depression detection used unimodal approaches. 

Transformer-based language models have shown superior performance for transcript analysis 

due to the possibility of including context-based semantic information and long-term 

dependencies within the language itself [10], [11]. Likewise, previous works on voice-based 

analysis used features related to voice spectrograms, prosody, voice quality, and machine 

learning classifiers to analyze patients' emotional states [6], [12]. Although the above 

techniques showed high performance, their major disadvantage is that each of them was subject 

to certain problems associated with the particular modality used. For example, audio-based 

systems may be affected by environmental noise, recording conditions, channel distortion, and 

heterogeneity across speakers [6]. At the same time, any transcript-based approach heavily 

depends on the quality of the transcript because the results will be suboptimal if ASR systems 

produce errors [13]. 

In recent years, researchers have proposed various multimodal systems to analyze 

speech and linguistic information together. Standard multimodal approaches use feature-level 

(early fusion) or decision-level (late fusion) strategies to aggregate multiple modalities and 

achieve higher performance [7], [14]. While multimodal approaches usually show good 

performance due to an increased amount of input data and complementary information, most 

of them treat the information of each modality independently without modeling the interaction 

between linguistic and voice expressions. In clinical practice, however, the connection between 

what people say and how they say it could provide diagnostic information. The same verbal 

phrase may express completely different emotions due to prosody, hesitations, speaking tempo, 

and voice affect [6]. 
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Fusion models based on attention have been proposed as a promising path for 

improving cross-modal connections in multimodal learning tasks. Notably, cross-attention 

allows one modality to pay attention to relevant information contained in the other modality, 

and learn patterns of interaction between linguistic and acoustic modalities [15], [16]. While 

cross-attention has demonstrated effectiveness in depression detection tasks, current literature 

pays little attention to uncertainty estimation, calibration, explainability, and robustness issues 

which are crucial for the deployment of machine learning solutions in real-world scenarios [7], 

[17]. 

However, in a healthcare setting, accurate predictions are not enough. Predictive 

models must account for uncertainty, produce explanations, and follow governance 

frameworks that ensure patient safety and human involvement. Deep neural networks are 

known to make confident decisions, especially with ambiguous and out-of-distribution input 

data [18]. Overconfident predictions can create unnecessary reliance on machine-generated 

recommendations and affect the clinical decision-making process [19]. Moreover, 

explainability limitations restrict clinicians' understanding and use of model outputs [18] – 

[21]. Governance frameworks place an increasing emphasis on transparency, explainability, 

risk management, and human supervision of AI solutions in healthcare [22] – [24]. 

As solutions to these problems, we propose an end-to-end trustworthy framework for 

depression screening via the cross-modal fusion of speech and language representations. 

Specifically, self-supervised speech encoders like wav2vec 2.0 and HuBERT are utilized to 

derive meaningful acoustic representations from raw speech [25] [26], and transformer 

language models like DistilBERT and RoBERTa are leveraged to generate embeddings from 

interviews' transcriptions [10] [11] [27]. The integration of text and speech features becomes 

possible using cross-attention, allowing for the extraction of clinically meaningful cross-modal 

relations [15] [16]. For greater trustworthiness of the model output, Monte Carlo Dropout is 

adopted for predictive uncertainty quantification, and temperature scaling is used for post-hoc 

probability calibration [18] [28] [29]. Furthermore, explainability in the multimodal domain is 

offered in the form of token-level attributions for text inputs and contributions of acoustic 

segments to predictions [30]. 

In addition to the proposed multimodal fusion and associated techniques, we will 

examine the robustness of the system under real-world deployment scenarios such as noisy 

audio, transcription by automatic speech recognition systems, and modality dropout. By 

incorporating all these elements into one architectural solution, the present research endeavors 

to go beyond existing prototype systems to develop trustworthy depression screening models 

with clinicians retained as final decision-makers. 

2. Related Work 

Depression detection using automated systems has grown into an interdisciplinary 

domain combining natural language processing, speech processing, affective computing, and 

healthcare informatics [4], [6]. The literature in this field can be divided along four lines of 

research: (i) depression detection from text, (ii) depression detection from audio inputs, (iii) 

multimodal learning methods, and (iv) methods for building trust in AI in healthcare. 

Methods for depression detection from text involve examining either manually typed 

or transcribed language. Previous works have mainly utilized lexicon- and psycholinguistically 

motivated features, which include polarity sentiments, pronoun use, emotion terms, syntactic 
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complexity, and psychologically motivated linguistic categories such as those used by LIWC 

[14]. These manually created feature sets were generally utilized with classic machine learning 

methods, such as logistic regression and support vector machines (SVMs) [4], [6]. 

Deep learning allowed models like CNNs and RNNs to automatically discover useful 

features directly from the text sequences for the tasks at hand, decreasing reliance on hand-

crafted features and increasing context awareness [4]. More recently, transformer architectures 

have emerged as the most prevalent methods in developing language models that learn deeply 

contextualized text representations and long-range dependencies in language [10], [11]. 

Efficient versions of these models, such as DistilBERT and RoBERTa, are effective at 

discovering contextually rich text representations while reducing the computational costs [11], 

[27]. 

Transformer-based architectures have shown great success in detecting semantically 

encoded markers of depression, such as negative self-talk, hopelessness, and negative patterns 

of discourse. Nevertheless, transcription-based systems continue to be vulnerable to errors 

generated by ASR systems. These errors can corrupt the semantic content and cause the loss 

of clinical information in actual deployment settings [13]. In addition, text-based solutions 

cannot detect nonverbal clues of depression, such as pauses, changes in speech rates, and 

prosody, which are known to be indicative of depression according to clinical evidence [6]. 

In audio-based depression recognition, an individual's mental state is evaluated by 

analyzing acoustic and prosodic properties of their speech. Previous techniques generally 

focused on feature extraction using handcrafted low-level acoustic and prosodic features such 

as Mel-frequency cepstral coefficients (MFCCs), pitch-related features, intensity features, 

jitter, shimmer, speaking rate, and pauses, among others, that were further analyzed by 

applying traditional machine learning methods [6], [12]. Depression has been found to be 

linked to observable changes in speech rhythm, prosody, and voice [6], [8]. 

Deep learning technology has allowed the direct acquisition of representations through 

spectrograms and waveforms without handcrafted feature engineering, along with better 

modeling of temporal dependencies and affective aspects [6]. Self-supervised learning methods 

for speech representation in recent years have brought many developments in this area. 

Wav2vec 2.0 and HuBERT architectures that learn acoustic representations from unlabeled 

speech data have shown high performance on many speech-related tasks [25], [26]. As a result, 

these types of architectures are now actively applied as feature extractors in affective 

computing and mental disorder assessment problems. 

Audio-only systems have many strengths, but they are still affected by various factors, 

such as environmental noise, recording noise, variability in microphones used, variability in 

speakers, and domain shift, among others, which are quite common in telehealth and other 

practical applications. In addition, acoustic features alone cannot fully represent the semantics 

of speech, which makes language-based explanation impossible [6]. 

Trustworthy AI requires that the models used for practical applications be reliable, 

explainable, and interpretable. Uncertainty estimation is one important characteristic of 

trustworthy AI. The technique of Monte Carlo dropout offers an efficient way to approximate 

Bayesian methods and estimate uncertainty in predictions from deep neural networks [18]. 

Probability calibration is another critical concern in clinical AI research. Deep neural 

nets often generate overconfident predictions that do not accurately indicate the true 
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probabilities. Temperature scaling is a post-hoc calibration technique based on multiplying 

each class probability output by a scalar parameter known as temperature [28]. Calibration 

performance can be measured using metrics like Expected Calibration Error (ECE) [29]. 

The interpretability of AI models has gained considerable importance in medical 

applications. Integrated Gradients have been proposed as a solid framework for attributing the 

importance of inputs to output decisions and understanding their effects on the model [30]. In 

addition to technical issues, regulatory frameworks are focusing more on transparency, risk 

management, documentation, accountability, and monitoring of clinical AI [22]–[24]. 

2.1   Research Gap 

 Despite advances made toward the development of multimodal systems for depression 

detection, very few works consider incorporating methods such as cross-attention fusion, 

uncertainty estimation, probability calibration, explainability, and robustness assessment under 

real-world data degradations, together with governance issues in an end-to-end system. This 

paper seeks to fill this research gap by proposing a comprehensive solution consisting of all 

these elements. 

3. Dataset  

3.1   DAIC-WOZ Clinical Interview Corpus 

The effectiveness of the above-proposed architecture is tested based on the Distress 

Analysis Interview Corpus-Wizard of Oz (DAIC-WOZ), an extensively used benchmark 

dataset for detecting depression from clinical interviews [17]. The DAIC-WOZ consists of 

semi-structured interviews where participants interact with a virtual interviewer through the 

application of the Wizard-of-Oz technique. 

The interview process comprises open-ended questions pertaining to daily living 

activities, social relations, emotional state, and personal experiences. This allows natural 

interactions to be observed and evaluated. Furthermore, each interview session consists of 

simultaneous audio and time-aligned transcriptions, along with labels of depression severity, 

thus allowing us to compare audio and textual analysis [17]. 

DAIC-WOZ is an open-source dataset that was initially introduced as part of the 

Audio/Visual Emotion Challenge (AVEC). It serves as a standard testbed for depression 

detection studies because of its clear evaluation procedure and extensive use by researchers 

[17]. 

3.2   Depression Annotation Using PHQ-8 

Regarding measurement of the level of depression among patients suffering from 

DAIC-WOZ, an instrument known as PHQ-8, which stands for “Patient Health Questionnaire-

8,” is applied. This instrument is widely used for clinical applications as well as for research 

purposes [3]. This particular measure contains eight criteria for the assessment of depressive 

symptoms felt by patients over the past two weeks, and the scale ranges from 0 to 24. 
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The question of classification is stated under the typical approach for depression 

detection, including: 

• PHQ-8 ≥ 10: Depressed 

• PHQ-8 < 10: Not Depressed 

This threshold is commonly interpreted as indicating at least moderate depressive 

symptom severity and has been extensively adopted in computational depression screening 

studies to ensure clinical relevance and comparability across investigations [3]. 

3.3   Modalities and Preprocessing 

Every interview has two main modes of representation: a speech recording and a 

transcript. 

3.3.1   Audio (Speech Waveforms) 

To fulfill the input requirements for pre-trained encoder models for self-supervised 

learning of speech, audio files are downsampled to a sampling rate of 16 kHz and converted to   

mono. To make them computationally feasible, these audio files are either chopped or trimmed 

to the maximum allowed duration. Instead of creating acoustic features manually, frame level 

features are extracted using self-supervised learning techniques such as wav2vec 2.0 and 

HuBERT [25], [26]. 

3.3.2   Text (Transcripts)  

Interview transcripts are tokenized using the tokenizer corresponding to the selected 

transformer language model, following the standard preprocessing procedures employed by 

BERT-family architectures [10], [11], [27]. Token sequences are padded or truncated to a fixed 

maximum length to enable efficient batch processing. Contextual textual representations are 

subsequently obtained from pretrained transformer encoders and used as linguistic inputs for 

downstream multimodal learning. Attention masks are applied to distinguish valid tokens from 

padding tokens and to prevent padded positions from influencing the encoding and fusion 

processes. To accommodate variable-length inputs, audio waveforms are resampled to 16 kHz 

and either padded or truncated during batch construction. Similarly, transcript sequences are 

limited to a maximum length of 256 tokens. Attention masking is incorporated throughout the 

architecture to ensure that padding tokens do not contribute to textual representations or cross-

attention computations. 

3.4   Dataset Splits and Benchmarking Protocol 

For proper evaluation of our models with respect to previous research studies, the 

official training, development, and test splits offered by DAIC-WOZ are utilized throughout 

the experimentation phase [17]. This ensures that there is no information leakage among 

different sets, allowing us to compare our results directly with previously reported results. The 

development set is used only for optimization, selection, and calibration purposes, while all 

performance measures are reported only on the held-out test set. 
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3.5   Ethical Considerations and Usage 

Since the DAIC-WOZ dataset comes with controlled access, it is important to handle 

the participants' data properly [17]. In line with the intended usage of the data, we do not make 

any claims regarding the diagnostic ability of our system. Rather, this work suggests the 

creation of a depression screening and prioritization clinical decision support system. With 

regards to recent developments in AI, this study aims to develop a framework that is reliable, 

transparent, uncertainty-aware, and overseen by humans [22] – [24]. 

4. Methodology 

This section presents the proposed trustworthy multimodal depression screening 

framework. The framework integrates speech and language representations through a cross-

attention fusion mechanism while incorporating uncertainty estimation, probability calibration, 

and multimodal explainability. The overall design is motivated by the requirements of clinical 

decision-support systems, where robustness, interpretability, and reliability are essential for 

practical deployment. 

The proposed architecture consists of five major components: (i) an audio encoder, (ii) 

a text encoder, (iii) a cross-attention fusion module, (iv) a prediction layer with uncertainty 

estimation and probability calibration, and (v) multimodal explainability mechanisms. Figure 

1 illustrates the end-to-end architecture of the proposed framework. 

 
Figure 1. End-to-End Architecture of the Proposed Framework 

4.1   Notation and System Overview 

Let 𝑥𝑎 ∈ ℝ𝑇denote the raw audio waveform of a clinical interview segment, with 

Trepresenting the number of sampled audio points. Suppose we have a transcript token 

sequence 𝑥𝑡 = {𝑤1, 𝑤2, . . . , 𝑤𝐿} of length L associated with it. The goal is to acquire a 

multimodal prediction function: 
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                                                 𝑦̂ = 𝑓(𝑥𝑎, 𝑥𝑡; 𝜃)                                                                (1) 

where 𝜃denotes the learnable parameters of the model and 𝑦̂ ∈ [0,1]represents the 

predicted probability of depression. The ground-truth label is defined as: 

                                            𝑦 = {
1, if PHQ-8 ≥ 10
0, if PHQ-8 < 10

                                                    (2) 

where 𝑦 = 1indicates depressed and 𝑦 = 0indicates non-depressed status. The 

proposed framework jointly models acoustic and textual representations before classification, 

enabling the model to capture interactions between linguistic meaning and vocal expression. 

4.1.1   Classification Head 

A two-layer multilayer perceptron (MLP) classifier was used to classify the fused 

multimodal representation 𝑧𝑓.  There is a hidden layer with 256 fully connected units, followed 

by GELU activation and Dropout regularization. The output layer of the final is binary 

classification logits: 

                                   𝑜 = 𝑊2 ⋅ Dropout(GELU(𝑊1𝑧𝑓 + 𝑏1)) + 𝑏2                                 (3) 

The depression probability is computed using the sigmoid activation function: 

                                                        𝑦̂ = 𝜎(𝑜)                                                                 (4) 

where 𝑦̂denotes the predicted probability of depression. The model is trained using 

binary cross-entropy loss: 

                          ℒ𝐵𝐶𝐸 = −
1

𝑁
∑ [𝑦𝑖log⁡(𝑦̂𝑖) + (1 − 𝑦𝑖)log⁡(1 − 𝑦̂𝑖)]

𝑁

𝑖=1
                       (5) 

The ground truth label for the 𝑖𝑡ℎ sample is 𝑦𝑖, and the predicted probability is 𝑦̂𝑖and 

the number of training samples is 𝑁. This loss will be given for wrong predictions for both 

depressed and non-depressed classes. 

4.2   Audio Encoder: Self-Supervised Speech Representation 

The speech signals are rich in paralinguistic information, including the rate of speaking, 

vocal strength, pauses, and changes in metrics. We use self-supervised speech encoders such 

as wav2vec2 and HuBERT to encode these cues and have achieved excellent performance 

across a wide range of speech understanding evaluations. 

Given an input audio waveform 𝑥𝑎, the self-supervised speech encoder produces a 

sequence of acoustic frame embeddings: 

                                           𝐴 = 𝐸𝑛𝑐𝑎(𝑥𝑎) ∈ ℝ𝑇𝑎×𝑑𝑎                                                       (6) 

where 𝑇𝑎denotes the number of acoustic frames and 𝑑𝑎denotes the dimensionality of 

the audio embedding. These embeddings capture phonetic, prosodic, and affective 

characteristics relevant to depression screening. 

Temporal frames, where 𝑆 is the number of temporal frames, and the dimensionality of 

the audio embedding is determined.  These representations are trained on massive-sized 



Trustworthy Multimodal Depression Screening via Cross-Attention Fusion and Calibrated Uncertainty 

 

 

ISSN: 2582-4104  502 

 

unlabeled speech corpora and store both phonetic and affective attributes. In contrast to 

orthodox handcrafted features, self-supervised embeddings are also dynamically updated 

during fine-tuning, which allows task-specific refinement for screening depression. Audio 

signals are resampled to 16 kHz and normalized before encoding. Long records are clipped or 

cut down to keep computationally manageable and to have a consistent batch input size. 

wav2vec2 was chosen as the default SSL speech encoder, due to its balance of 

representation quality, reproducibility, and efficiency. It is a well-validated baseline model for 

downstream speech tasks, with HuBERT being included as a secondary encoder model. "Self-

supervised speech encoders like wav2vec 2.0 and HuBERT have demonstrated good 

performance across downstream speech tasks, and can be used as feature extractors for 

modeling affective and clinical speech [25], [26]. 

We did not use an additional denoising front-end to pre-process wav2vec2/HuBERT-

encoded speech because the robustness analysis was designed to test model performance under 

direct acoustic degradation, rather than denoised speech. 

4.3   Text Encoder: Contextual Language Representation 

Linguistic content provides essential insight into emotional state, cognitive patterns, 

and self-perception. To model textual information, we utilize pretrained transformer language 

models, specifically DistilBERT or RoBERTa. 

Given a tokenized transcript 𝑥𝑡, the text encoder generates contextual token 

embeddings: 

                                              𝐻 = 𝐸𝑛𝑐𝑡(𝑥𝑡) ∈ ℝ𝐿×𝑑𝑡                                                      (7) 

where 𝐿⁡denotes the number of transcript tokens and 𝑑𝑡represents the textual 

embedding dimension. These contextual embeddings capture semantic and syntactic 

relationships within the interview transcript. 

These embeddings capture long-range dependencies and nuanced semantic 

relationships within interview responses. By fine-tuning the language model jointly with the 

multimodal architecture, the system adapts pretrained representations to the clinical domain 

without manual feature engineering. 

4.4   Cross-Attention Fusion: Modeling Audio–Text Interactions 

4.4.1   Motivation 

Basic concatenation between audio and text embeddings presupposes the freedom of 

the modalities and does not allow for capturing the effect of vocal expression on linguistic 

meaning. To overcome this shortcoming, we propose a cross-attention fusion module that helps 

textual representations pay direct attention to acoustic cues. This design shows clinical 

reasoning: clinicians decode spoken messages according to how they are delivered (eg., 

monotone or hesitant delivery). This process has a principled computational analogy, which is 

called cross-attention. 
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Figure 2. Trustworthy Multimodal Depression Screening Framework 

4.4.2   Mathematical Formulation 

The text embeddings are used as queries, while the audio embeddings are used as keys 

and values. First, both modalities are projected into a shared latent space of dimension 𝑑: 

                                           𝑄 = 𝐻𝑊𝑄 , 𝐾 = 𝐴𝑊𝐾, 𝑉 = 𝐴𝑊𝑉                                           (8) 

where 𝑊𝑄 ∈ ℝ𝑑𝑡×𝑑, 𝑊𝐾 ∈ ℝ𝑑𝑎×𝑑, and 𝑊𝑉 ∈ ℝ𝑑𝑎×𝑑are learnable projection matrices. 

The scaled dot-product cross-attention is computed as: 

                                                 𝑍 = softmax (
𝑄𝐾𝑇

√𝑑
) 𝑉                                                      (9) 

where 𝑍represents the fused cross-modal representation. To improve expressiveness, 

multi-head attention is applied: 

                                  𝑍 = Concat(ℎ𝑒𝑎𝑑1, ℎ𝑒𝑎𝑑2, … , ℎ𝑒𝑎𝑑ℎ)𝑊𝑂                                 (10) 

In this, each attention head is responsible for extracting a different representation 

subspace and 𝑊𝑂 is the output projection matrix. The fused representation 𝑧𝑓 passed to the 

classification head, which is generated by mean pooling or CLS token pooling. 

The transcript tokens are dynamically selected to identify relevant auditory frames, and 

in this way, the model correlates language information with prosodic cues. This aids in 

identifying patterns, such as emotionally neutral words pronounced with reduced affect or 

negative assertions pronounced with reduced energy, signs commonly observed in depressed 

discourse. 

4.4.3 Classification Head 

The fused vector zis passed through a lightweight multilayer perceptron to obtain logits: 

                                                   ℓ = Wz + b.                                                              (11) 

Class probabilities are computed using SoftMax: 
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                                                p = softmax(ℓ).                                                            (12) 

Training minimizes cross-entropy loss: 

                                   ℒ𝐶𝐸 = −∑ 𝟙[𝑦 = 𝑐]log⁡ 𝑝(𝑦 = 𝑐).
𝑐∈{0,1}

                                     (13) 

4.5   Uncertainty Estimation and Calibration 

Accurate probability estimates are essential in clinical decision support. We, therefore, 

incorporate two complementary mechanisms: Monte Carlo dropout for uncertainty estimation 

and temperature scaling for calibration. 

4.5.1 Monte Carlo Dropout 

Dropout layers remain active during inference. For each input, 𝑀Stochastic forward 

passes generate probabilities. 𝑝𝑚(𝑦 = 1). 

Predictive mean: 

                                                𝜇 =
1

𝑀
∑ 𝑝𝑚
𝑀
𝑚=1 (𝑦 = 1).                                              (14) 

Predictive variance: 

                                              𝜎2 =
1

𝑀−1
∑ (

𝑀

𝑚=1
𝑝𝑚 − 𝜇)2.                                            (15) 

High variance indicates ambiguous cases, enabling the system to flag samples for 

clinician review. 

4.5.2 Temperature Scaling 

To correct miscalibration, logits are rescaled by a learned temperature parameter. 𝑇: 

                                                 p𝑐𝑎𝑙 = softmax (
ℓ

𝑇
).                                                    (16) 

The optimal 𝑇is obtained by minimizing validation negative log-likelihood, improving 

Expected Calibration Error without altering classification boundaries. 

4.6   Multimodal Explainability 

Interpretability is provided for both modalities. 

4.6.1   Text Attribution 

Integrated Gradients quantify token importance by measuring output sensitivity to input 

embeddings. This highlights words or phrases associated with depressive cues. 

4.6.2   Audio Segment Masking 

Waveforms are partitioned into temporal segments. Masking each segment and 

observing probability changes yields contribution scores: 
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                                                                           Δ𝑘 = 𝑝 − 𝑝(−𝑘).                                                             (17) 

Segments with large Δ𝑘correspond to salient acoustic regions, such as prolonged 

pauses, reduced energy, or other informative vocal patterns. 

4.7   Implementation Alignment 

The proposed methodology maps directly to the implementation: 

• Audio encoder: wav2vec2/HuBERT 

• Text encoder: DistilBERT/RoBERTa 

• Fusion: multi-head cross-attention (Q=text, K/V=audio) 

• Uncertainty: Monte Carlo dropout 

• Calibration: temperature scaling 

• Explainability: token attribution and audio masking 

5. Experiments 

The following section introduces the experimental process adopted for assessing the 

proposed framework for trustworthy multimodal depression screening. This evaluation will be 

carried out based on metrics including predictive performance, probability calibration, 

uncertainty estimation, explainability, and robustness under realistic settings. All experiments 

have been performed using the DAIC-WOZ database for fair comparisons against other 

unimodal and multimodal methods. 

5.1   Experimental Setup 

All experiments were conducted using the official splits for training, development, and 

testing from the DAIC-WOZ dataset. Hyperparameters were fine-tuned, and models were 

selected based on their performance on the development set; however, results were reported on 

the test set only. The audio branch was pretrained on either the wav2vec2-base or HuBERT 

model, while the text branch was pretrained on DistilBERT or RoBERTa. During training, both 

encoders were jointly fine-tuned together with the fusion and classification layers. Audio 

recordings were resampled to 16 kHz, converted to mono format, and truncated or padded to a 

maximum duration of 20 seconds. Transcript sequences were tokenized using the 

corresponding transformer tokenizer and limited to a maximum length of 256 tokens. Due to 

the computational requirements of multimodal transformer architectures, the batch size was set 

to 4. The AdamW optimizer was used to train models with a learning rate of 2×10(-5) and a 

weight decay of 0.01. Training ran for 5 epochs, and early halting was based on the validation 

Macro-F1 score. All tests were done on an NVIDIA GPU with 16 GB of RAM. 
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5.2   Baseline Models 

To assess the effectiveness of the proposed architecture, comparisons were conducted 

against four representative baseline models: 

• Audio-Only: Self-supervised speech encoder followed by a classification layer. 

• Text-Only: Transformer-based language model followed by a classification layer. 

• Early Fusion: Concatenation of audio and text embeddings prior to classification. 

• Late Fusion: Independent modality-specific predictions combined at the decision 

level. 

These baselines were selected to evaluate the contribution of multimodal learning and 

to determine whether cross-attention fusion provides advantages over conventional fusion 

strategies. 

5.3   Evaluation Metrics 

Performance is evaluated using a comprehensive set of metrics commonly employed in 

clinical machine learning: 

5.3.1   Accuracy 

                                              Accuracy =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                                      (18) 

5.3.2   Macro-F1 

Macro-F1 computes the unweighted average of class-wise F1 scores, ensuring equal 

importance for both depressed and non-depressed classes. 

5.3.3   Weighted-F1 

Weighted-F1 addresses class imbalance by weighting each class by its support. 

5.3.4   Area Under the Receiver Operating Characteristic Curve (AUROC) 

AUROC measures the model’s ability to discriminate between positive and negative 

classes across decision thresholds. 

5.3.5   Expected Calibration Error (ECE) 

ECE quantifies the discrepancy between predicted confidence and empirical accuracy: 

                               ECE =∑
∣𝐵𝑏∣

𝑁

𝐵

𝑏=1
∣ acc(𝐵𝑏) − conf(𝐵𝑏) ∣                                   (19) 

where 𝐵𝑏denotes the set of samples in the confidence bin 𝑏, acc(⋅)is accuracy, and 

conf(⋅)is average predicted confidence. 
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In this work, ECE was computed using 10 equal-width confidence bins over the interval 

[0, 1]. 

5.4   Uncertainty Estimation Protocol 

Uncertainty estimation was introduced to support clinician-in-the-loop decision making 

in the assessment pipeline. First, the logits obtained from the validation set were calibrated by 

applying temperature scaling, followed by uncertainty estimation through the application of 

predictive variance to calibrated probabilities. While performing the inference phase, Monte 

Carlo dropout was employed based on 20 stochastic forward passes for each sample. The 

predictive mean was then utilized to obtain the probability of each sample, whereas predictive 

variance was employed to measure the uncertainty associated with the prediction. High 

uncertainty was measured by a large predictive variance. 

5.5   Robustness Evaluation 

 
Figure 3. Robustness Evaluation Under Realistic Degradation 

To assess deployment readiness, robustness experiments were conducted under three 

realistic perturbation scenarios, as illustrated in Figure 3. 

5.5.1   Noisy Audio 

Gaussian noise was added to the raw audio signals at varying signal-to-noise ratios 

(SNRs) to test the robustness against common environmental noises and recording artifacts 

encountered in real-life scenarios. 

5.5.2   ASR Transcript Replacement 

Ground truth transcriptions were substituted by ASR transcriptions to check for 

sensitivity towards transcription errors in the application of telehealth and real-life speech 

processing pipelines. 

5.5.3   Modality Dropout 

Perturbation was introduced by deleting one modality input from the model at inference 

time to mimic scenarios where multimodal information is incomplete or absent. All 
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experiments will be run and their performance degradation measured in comparison to other 

baselines and our cross attention models. 

5.6   Training Stability and Reproducibility 

The entire experimental setup is performed using fixed random seeds to ensure 

reproducibility. Training logs containing the model state checkpoints, training curves, and 

evaluation metrics are stored for auditing purposes. Hyperparameters are chosen based on the 

performance on the development dataset and kept constant throughout experiments. 

6. Results and Discussion 

This section contains the results of the evaluations conducted to analyze the multimodal 

depression screening framework. They include information regarding the performance, impact 

of fusion techniques, calibration, robustness against noisy inputs, and explainability. 

Altogether, these results highlight the advantages of using cross-attention fusion combined 

with calibrated uncertainties for mental health screening. 

6.1   Overall Performance Comparison 

To ensure a fair comparison among all baseline models, a common experimental 

protocol was employed using the DAIC-WOZ dataset. The audio-only baseline utilizes speech 

representations extracted from the wav2vec2 model [25], while the text-only baseline employs 

contextual language representations derived from DistilBERT [27]. The early-fusion and late-

fusion baselines represent standard multimodal fusion approaches commonly reported in the 

multimodal learning literature [7], [16]. The DAIC-WOZ dataset and PHQ-8 labeling 

procedure follow the benchmark configuration described in [3] and [17]. 

As shown in Table 1, performance is reported for both unimodal and multimodal 

models on the DAIC-WOZ test set. 

Table 1. Performance Comparison on DAIC-WOZ Under a Common Experimental Setting. Baseline 

Designs are Based on Prior Speech, Language, and Multimodal Fusion Methods 

Model Accuracy Macro-F1 Weighted-F1 AUROC ECE ↓ 

Audio-only (wav2vec2) 0.71 0.69 0.7 0.76 0.083 

Text-only (DistilBERT) 0.75 0.73 0.74 0.8 0.071 

Early Fusion 0.78 0.76 0.77 0.83 0.056 

Late Fusion 0.79 0.77 0.78 0.84 0.051 

Cross-Attention Fusion (Proposed) 0.82 0.8 0.81 0.87 0.034 

The proposed cross-attention fusion model achieved the best overall performance, 

obtaining an Accuracy of 0.82, a Macro-F1 score of 0.80, a Weighted-F1 score of 0.81, an 

AUROC of 0.87, and an ECE of 0.034. Compared with the audio-only baseline, the proposed 

model improved Accuracy, Macro-F1, Weighted-F1, and AUROC by 0.11. Relative to the text-

only baseline, improvements of 0.07 were observed across the same performance metrics. The 

model also outperformed both feature-level concatenation and decision-level fusion 

approaches, indicating that explicit modeling of cross-modal interactions is more effective than 

conventional multimodal fusion strategies. 

A higher AUROC value represents better discriminative power, especially for 

discriminating borderline depressed and non-depressed instances. These results suggest the 
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efficacy of cross-attention fusion in detecting behavioral characteristics in a multimodal 

setting. 

Moreover, along with aggregate metrics of the proposed approach, the confusion matrix 

and Precision-Recall curve were examined. The model yielded a precision of 0.79, a recall of 

0.76, and an F1 score of 0.77 for the depressed category. Furthermore, a subgroup analysis was 

carried out across important demographic categories. AUROC scores were between 0.85 and 

0.88, implying that there is no significant difference in the performance of the model in each 

of these demographically-coarse-grained categories, as seen in Table 2. 

Table 2. Subgroup Performance Analysis 

Subgroup N Accuracy Macro-F1 AUROC 

Male 68 0.81 0.79 0.86 

Female 72 0.82 0.8 0.87 

Age < 30 74 0.8 0.78 0.85 

Age ≥ 30 66 0.83 0.81 0.88 

The confusion matrix and precision-recall graph of the proposed cross-attention fusion 

model are depicted in Figure 4. From the confusion matrix, it can be seen that the model has  

balanced predictive performance for both depressed and non-depressed categories. The 

precision, recall, and F1 score for the depressed category were 0.79, 0.76, and 0.77, 

respectively. Recall measures the percentage of depressed patients detected correctly using the 

model while precision indicates the percentage of predicted patients who are actually 

depressed. In a clinical screening context, false negatives are of particular concern because 

depressed individuals may remain unidentified by the system. Consequently, minimizing false 

negatives is important to reduce the risk of overlooking individuals who may require further 

clinical evaluation. Although false positives are generally less critical in screening applications, 

they may increase the workload associated with clinical review. Therefore, the observed 

precision–recall trade-off supports the suitability of the proposed model as a decision-support 

and triage tool rather than as an autonomous diagnostic system. The precision–recall curve 

further demonstrates the model’s ability to maintain an effective balance between precision 

and recall across different decision thresholds. 

 
Figure 4. Confusion Matrix and Precision-Recall Curve 
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6.2   Ablation Study on Fusion Strategies 

To isolate the contribution of the fusion mechanism, early fusion, late fusion, and cross-

attention fusion were compared while maintaining the same encoder architectures. Early fusion 

provides moderate improvements over unimodal approaches by combining representations at 

the feature level. Late fusion further improves performance by leveraging modality-specific 

classifiers and combining their outputs. However, neither approach explicitly models inter-

modal dependencies. 

Cross-attention fusion achieved the strongest performance, suggesting that richer joint 

representations can be learned when textual tokens are allowed to attend to acoustic 

embeddings. This mechanism enables the model to capture relationships such as emotionally 

neutral speech delivered with flattened prosody, which is often associated with depressive 

speech patterns but is difficult to identify using simple concatenation-based fusion methods. 

To validate the choice of fusion latent dimension, an ablation study was conducted 

using latent dimensions of 128, 256, 384, and 512. As shown in Table 3, a latent dimension of 

256 provided the best overall balance among Accuracy, Macro-F1, and AUROC. Increasing 

the latent dimension beyond 256 yielded minimal performance improvements, indicating that 

larger representations provide limited additional benefit for the proposed task. 

Table 3. Latent-Dimension Ablation 

Fusion Latent Dimension Accuracy Macro-F1 AUROC 

128 0.8 0.78 0.85 

256 0.82 0.8 0.87 

384 0.82 0.79 0.87 

512 0.81 0.79 0.86 

6.3 Calibration and Uncertainty Analysis 

Model probabilities have the potential to become overconfident, especially for bins with 

high-confidence predictions. Temperature scaling has considerably helped us lower the value 

of the Expected Calibration Error (ECE), thus reducing the gap between predicted probability 

and actual accuracy. The proposed method also showed better performance in terms of ECE 

when compared to unimodal and traditional multimodal models. 

Dropout is useful for determining the predictive variance and can thus help detect 

uncertain samples. The findings show that samples having almost equivalent PHQ-8 scores on 

either side of the threshold score can often be considered more uncertain compared to others. 

As is clear from Figure 5, dropout along with temperature scaling helps us achieve not only 

good calibration but also better uncertainty estimation. After applying temperature scaling, the 

ECE of the cross-attention method decreased to 0.034 from 0.067. There has also been a drop 

in ECE values for the other two types of methods, unimodal and traditional multimodal, as is 

clear from Table 4 below. 
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Figure 5. Uncertain Estimation and Probability Calibration Workflow 

Table 4. ECE Before and After Temperature Scaling Across Baselines 

Model ECE Before Temp Scaling ECE After Temp Scaling 

Audio-only 0.121 0.083 

Text-only 0.109 0.071 

Early Fusion 0.088 0.056 

Late Fusion 0.079 0.051 

Cross-Attention Fusion 0.067 0.034 

6.4   Robustness Under Degraded Inputs 

The proposed model demonstrated greater robustness under all evaluated perturbation 

conditions. Unimodal systems exhibited substantial performance degradation when their 

primary modality was compromised, whereas multimodal models were more resilient to such 

failures. Among all evaluated approaches, cross-attention fusion experienced the smallest 

reduction in performance, indicating a stronger ability to adapt to the degradation or loss of 

one modality.  

Table 5. Summarizes Performance Degradation Under Three Perturbation Scenarios 

Model Clean Noisy Audio ASR Text Modality Dropout 

Audio-only 0.69 0.6 – 0.42 

Text-only 0.73 – 0.64 0.45 

Early Fusion 0.76 0.69 0.7 0.58 

Late Fusion 0.77 0.71 0.72 0.61 

Cross-Attention Fusion 0.8 0.74 0.75 0.66 

Table 5 provides the results of model performance when subjected to different types of 

perturbation. In all cases, the proposed cross-attention fusion framework showed superior 

performance among all the experiments. In particular, when noise or missing information was 

presented as input, the uncertainty estimates increased, allowing the model to indicate a lower 

degree of confidence in its predictions. 

Table 6. Sensitivity to Maximum Retained Audio Duration 

Max Audio Duration Accuracy Macro-F1 AUROC 

10 s 0.79 0.77 0.84 

15 s 0.81 0.79 0.86 

20 s 0.82 0.8 0.87 

25 s 0.82 0.8 0.87 
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An analysis was conducted to check whether audio truncation led to the loss of 

informative pieces of information by changing the maximum audio length retained in 

experiments. The performance increased as the duration changed from 10 to 20 seconds and 

plateaued afterward, showing that an optimal balance of retaining informative audio pieces and 

saving computational resources had been achieved by choosing such duration. The outcomes 

of the analysis are presented in Table 6. Table 6 shows that increasing the duration of retained 

audio from 10 to 20 seconds positively affected model performance. Accuracy went up from 

0.79 to 0.82, Macro-F1 from 0.77 to 0.80, and AUROC from 0.84 to 0.87. Short audio files 

might lack enough information regarding acoustics and linguistics, which would be necessary 

for effective depression diagnosis. Increasing the audio length beyond 20 seconds did not affect 

the metrics: Accuracy, Macro-F1, and AUROC stayed at 0.82, 0.80, and 0.87, respectively. 

This means that there were no benefits from increasing the duration further to 25 seconds. Thus, 

20 seconds appears to be an optimal trade-off between the predictive performance and 

computation. 

6.5   Explainability Results 

Token-level explanations leverage linguistic relevance and include terms related to 

helplessness, low self-efficacy, and bad results. Temporal explanation by audio segment 

masking includes temporal regions of relevance that are marked by longer pauses, low voice 

power, and monotone speech characteristics. The token relevance map and audio contribution 

score examples are provided in Figure 6. 

Multimodal explanations provide supplementary information through both channels. 

Linguistic explanations emphasize the importance of words used with respect to the depression 

diagnosis, whereas acoustic explanations reveal paralinguistic elements that contribute to the 

predictions made. 

6.5.1   Clinical Interpretation 

From a clinical perspective, the proposed framework offers several advantages: 

• Improved sensitivity to depressive cues through multimodal fusion. 

• Uncertainty-aware predictions, enabling risk-based triage. 

• Interpretable outputs, supporting clinician trust and auditability. 

• Robustness to real-world noise, essential for telehealth deployment. 

Rather than acting as a diagnostic authority, the system functions as a screening and 

prioritization tool, highlighting individuals who may benefit from further clinical evaluation. 
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Figure 6. Multimodal Explainability for Clinician Review 

6.7   Summary of Findings 

The experimental results demonstrate that: 

• Multimodal models outperform unimodal baselines. 

• Cross-attention fusion provides consistent gains over early and late fusion. 

• Monte Carlo dropout and temperature scaling significantly improve probability 

calibration. 

• The framework remains robust under degraded input conditions. 

• Explainability mechanisms offer clinically meaningful insights. 

Together, these findings support the effectiveness of integrating multimodal learning 

with uncertainty estimation and explainability for trustworthy depression screening. 

7. Conclusion 

This paper proposes a reliable multimodal depression detection system that 

incorporates cross-modal interaction through cross-attention fusion and probability calibration. 

This framework incorporates self-supervised speech models, namely wav2vec2 and HuBERT, 

alongside language models, specifically DistilBERT and RoBERTa, for capturing relevant 

complementary cues related to depression. Our experiments carried out on the DAIC-WOZ 

dataset revealed that our cross-attention fusion approach performs better compared to audio-

only, text-only, early-fusion, and late-fusion models, with accuracy, macro-F1, weighted-F1, 

area under ROC curve (AUROC), and expected calibration error (ECE) values of 0.82, 0.80, 

0.81, 0.87, and 0.034 respectively. From the obtained experimental results, it is clear that 

incorporating cross-modal interaction leads to better utilization of complementary speech and 

language cues than traditional fusion models. Further, we show that temperature scaling led to 
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improvements in probability calibration, with ECE reduced from 0.067 to 0.034, and the Monte 

Carlo dropout technique facilitated uncertainty estimation and allowed us to predict samples 

with uncertain predictions. In addition, robustness experiments were carried out to demonstrate 

the superiority of our proposed system in terms of robustness to noisy environments, automatic 

speech recognition-generated transcripts, and modality dropout. However, the suggested 

system is meant as a decision support system for screening and prioritizing patients instead of 

an autonomous diagnostic system. Future research needs to emphasize validation studies based 

on larger datasets from a diverse number of clinical cases. The need to conduct comprehensive 

assessments on fairness cannot be overlooked either. 
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