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Abstract

The complexity of the behavioral, emotional, and linguistic features of
depressive disorders is still a challenge for depression screening by
clinical interviews. Self-report questionnaires, like the PHQ-9, have a
number of limitations, including self-report bias and inadequate
behavioral representation. In this paper, we thus propose the
development of a Deep Learning-Based Decision Support System (DL-
DSS) for early depression screening from multimodal clinical interview
data. The proposed framework combines the transformer-based text
encoding, CNN-based acoustic and visual feature extraction, and LSTM-
based temporal modeling approaches to perform multi-modal analyses
of transcript, speech, and facial behavior. The system was tested with
the DAIC-WOZ benchmark data set. Experimental results show that the
proposed multimodal DL-DSS model achieved 87.9% classification
accuracy, 89.0% F1-scores, and 92.0% AUC-ROC, outperforming the
conventional PHQ-9-based and single-modality deep learning
approaches, and also the proposed model has a real-time inference
latency of less than 120 ms per interview segment. These results lend
support to the effectiveness of Al-based multimodal deep learning for
intelligent and scalable depression screening within current clinical
decision-support systems.

This is an open access article under the CC BY-NC-SA 4.0 license.
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1. Introduction

The high rate of modern digital health technology development has added to the rise of the expectation of
intelligent mental health screening systems that can identify patients who are at risk of depression with more
accuracy, scalability, and early intervention opportunities. It is because of the prevalence of major depressive
disorder and better outcomes of the early diagnosis that automated depression screening is being integrated into
clinical psychology, telemedicine, and workplace mental health programs [1][2]. However, screening all the
patients by using the traditional questionnaire-based approaches is a hard task because of the patient self-report
bias, cultural variation in the expression of symptoms, and high sensitivity to masking or exaggeration of
symptoms [3].

The multimodal analysis of clinical interviews is one of the essential parameters to determine the accuracy of
depression screening, as it can measure the speech content of verbal behavior, prosodic features of speech, as well
as nonverbal behavioral patterns when conducting the evaluation. The conventional screening systems usually
rely on the PHQ-9 questionnaire alone. Screenings based only on questionnaires are not able to provide a response
to patient affect, speech patterning, or facial expression change during the clinical interaction, even though the
method is as easy to administer [4]. Such a condition is likely to lead to poor diagnostic accuracy and large false-
negative results because of unimodal screening methods.

Current depression screening methods are primarily based on questionnaires or on a single modality machine
learning method that is based on speech, text, or facial behavior alone [5][6]. These techniques provide greater
automation, but they are not necessarily able to capture the complex cross-modal behavioral patterns that arise
as a function of depression severity when conducted in a clinical interview [7][8]. Further, current systems suffer
from limitations in feature engineering that are manually created and are processed offline, which restricts their
use in clinical settings where real-time processing is required [9][10]. To overcome these drawbacks, the
proposed DL-DSS framework combines multimodal transformer-based text encoding, CNN-based feature
extraction from the audio and visual representations, and temporal modeling to ensure reliable, robust, and
accurate depression screening in real time and adaptively [11][12].

Scientists have developed multimodal de-depression screening in order to counter such drawbacks, and these
measures are based on the combination of text, audio, and video characteristics adapted dynamically during the
clinical interview. The method of feature engineering and manual feature extraction has enhanced the elimination
of classification mistakes and the screening performance [13][14]. However, the methods are usually rooted in
manually crafted characteristics, and they do not support the rich and high-dimensional representations that deep
neural networks are trained on.

New possibilities in the recent development of artificial intelligence and data-driven mental health have made
it possible to create new opportunities for intelligent depression screening. The deep learning algorithms may
process the sophisticated multimodal data of the clinical interaction and predict the existence of depression and
also calculate the degree of severity dynamically [15][16]. The paper offers a multimodal Al-based deep learning
decision support architecture that integrates the principles of transformer-based text encoding, CNN-based
acoustic features extraction, and LSTM-based temporal models, and dynamically evaluates the risk of depression
to improve the quality of mental health screening, its accuracy, and fairness.

The conceptual architecture of the DL-DSS system, illustrated in Figure 1, shows the way in which the clinical
interview data are interacted with, but the key components that shall be considered should be the audio, video,
and transcript inputs, the Al-based feature extraction units, and the multimodal fusion classification systems.
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Fig. 1 Al-based multimodal decision support architecture for early depression screening
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Although Al-based mental health screening has seen progress recently, some key challenges have yet to be
addressed. Current self-report self-administered questionnaires are susceptible to self-report bias and fail to
provide real-time analysis of the patterns of behavior in the clinical interview [3][4]. Existing single-modal deep
learning techniques are also unable to represent temporal and multimodal connections between speech, text, and
facial expression [13] [17]. Besides, the majority of current approaches are offline processing and fail to provide
the ability for real-time adaptive depression screening for uncertainty-aware prediction. Thus, a multimodal
intelligent framework that can integrate multi-modality clinical interview data to enhance the screening accuracy,
lower the number of false negatives, and facilitate real-time clinical decision-making is needed. The primary
contributions of this work are summarized as follows:

e Development of a real-time Al-driven multimodal decision support framework for early depression
screening from clinical interviews.

e Integration of transformer-based text encoding, CNN-based acoustic feature extraction, and LSTM-
based temporal modeling for adaptive depression risk assessment.

e Utilization of the DAIC-WOZ benchmark dataset comprising audio, video, transcripts, and PHQ-9
scores.

e Comprehensive comparative evaluation against conventional PHQ-9-only and single-modality deep
learning strategies.

o Demonstration of significant improvements in classification accuracy, F1-score, AUC-ROC, and false
negative reduction.

Other parts of this paper are structured in the following way. Section 2 will include a literature review of the
associated studies in intelligent mental health screening and Al clinical decision support. Section 3 comprises the
problem statement and objectives of the research. Section 4 presents a proposal of a DL-DSS methodology along
with mathematical modeling and algorithm development. Section 5 contains a statement of experimental
validation and a performance analysis. Finally, Section 6 concludes the research and gives future research
directions.

2. Related Research

According to automated detection of depression research studies, there is an increasing trend in addressing
multimodal integration, classifier accuracy, and clinical scalability of addressing high-quality machine learning
and computational psychiatry approaches [9]. It was mentioned that initial screening policies were based on
questionnaire administration and the interpretation of scores according to the experience of clinicians and cut-off
points [10]. These methods, though useful in simple workflows, failed to scale and had the inability to define
complex multimodal behavioral patterns in patients with either subclinical or atypical depression.

Handcrafted acoustic and linguistic feature engineering has also improved the states of depression severity
prediction, including, but not limited to, vocal jitter, shimmer, speech rate, and the number of negative emotion
words in speech [11]. openSMILE and LIWC enable manual feature extraction, allowing the establishment of
correlations between behavioral indicators and depression status [12]. Nevertheless, all these are labor-intensive
and more so applied to offline analysis, as opposed to real-time screening when there is a clinical interaction
between a clinician and the patient.

Recent multimodal screening strategies, which are developed using deep learning, provide better feature
representation and reduce errors in classification. End-to-end neural networks eliminate manual feature
engineering and increase the accuracy of screening [13]. Simple fusion techniques, however, are used in most of
the methods, and they cannot capture detailed cross-modal temporal dependencies of speech, text, and facial
expressions.

There are now intelligent systems for assessing mental health developed using artificial intelligence methods.
Transformer models are used to create text contexts to predict depression severity and sentiment analysis
[14][15]. Clinical interview transcripts are processed by large pretrained language models to determine the
linkage between linguistic patterns and the outcome of depression. Table 1 provides a comparative description of
the existence of depression screening architectures as well as the associated benefits and drawbacks.
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Table 1 Comparative overview of depression screening architectures

Architecture Type Key Features Limitations
PHQ-9 Questionnaire Only Simple administration, low cost Self-report bias, no behavioral data
Single-Modality Deep Automated feature extraction from one Missing cross-modal information
Learning modality
Rule-Based Clinical Deterministic diagnostic criteria Limited scalability, clinician-
Assessment dependent
Simulation-Driven Feature Accurate behavioral feature extraction Computational overhead, offline
Analysis only
Al-Driven Multimodal DL- Real-time multimodal fusion, temporal Higher implementation complexity,
DSS (Proposed) modeling, and adaptive classification data privacy concerns

Although there has been an advancement in the area of depression screening, there are gaps that are essential.
Clinical interviews are hard to detect early: depression is manifested in complicated and dynamic signs, such as
the speech pattern, facial expression, emotional mood, and spoken words. Conventional questionnaire-based
approaches tend to be too rigid to respond to patient presentation variation, which may lower the accuracy of
detection in the early stage and elevate false negatives [16]. Despite the multimodal deep learning methods
suggested, the majority of them use predefined features and offline training, thus being less applicable to real-
time clinical interviews. Specifically, there is limited research on real-time multimodal fusion with text encoding
by a transformer, feature extraction by a convolutional neural network (CNN), and temporal modeling by a long
short-term memory (LSTM). Thus, the paper fills these gaps by creating the proposed Deep Learning-Based
Decision Support System (DL-DSS) framework of real-time depression screening based on text, audio, and video
data.

3. Proposed Methodology

Through its proposed research, a hybrid, benchmark-based data framework is created where a multimodal deep
learning-based decision support system (DL-DSS) in depression screening is developed on the basis of an
advanced Al-driven adaptive classification architecture. In contrast to the traditional methods, the suggested
system combines cross-modal attention-based fusion, probabilistic inferences, with tempo-sensitive consistent
modeling of the state, so that it becomes capable of providing robust and real-time risk assessment of depression.

e Transformer-based text encoding, convolutional neural network (CNN)-based acoustic and visual
feature extraction, and gated recurrent temporal modeling are incorporated into the system to
encode dynamic behavioral patterns of clinical interview sessions. The design of its methodology is
to maximize classification accuracy and minimize clinical unreliability due to low false negatives and
uncertainty-aware prediction mechanisms [17].

o The proposed analysis is structured as follows:

e Adistributed multimodal data acquisition framework is used to capture heterogeneous data streams
in the context of a clinical interview, such as audio recording, video recording, transcribed speech,
and auxiliary behavioral cues. All these cues mark the changing linguistic, emotional, and cognitive
state of the patient in real time [18].

e The lifecycle modeling of the depression screening process involves the raw signal preprocessing,
modality-specific deep feature extraction, cross-modal attention-based fusion, temporal state
modeling, and adaptive probabilistic classification with a trade-off between the accuracy and
interpretability of screening as well as computational efficiency.

e Three architectural simulation models are considered:

e Model A: Conventional PHQ-9 questionnaire-based screening using fixed threshold-based
classification.

e Model B: Single-modality deep learning-based screening using either audio-only or text-only
features.

e Model C (Proposed): A multimodal DL-DSS framework integrating transformer-based encoding,
CNN-based feature extraction, cross-modal attention fusion, and temporal modeling for adaptive and
real-time depression prediction.

The novelty of the proposed DL-DSS framework is that it combines the transformer-based text encoding, CNN-
based multimodal behavior feature extraction, temporal sequence modeling, and adaptive cross-modal fusion into
an integrated real-time depression screening framework. Distinct from current multi-modal depression detection
techniques that predominantly rely on offline analysis and fusion of just a single set of features [13][17], the
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proposed framework is able to conduct dynamic multi-modal interaction analysis during the clinical interviews,
while also improving the classification accuracy, false-negatives reduction, uncertainty-aware prediction, and
real-time inference efficiency. Moreover, the proposed architecture also proposes an integrated Depression
Screening Performance Index (DSPI), which is a single performance index for evaluating the quality of the
screening by integrating the classification performance, latency, robustness, and predictive reliability in a unified
index.

3.1 Mathematical Modeling of the Al-Based Depression Screening System

The overall system quality of the Al-driven multimodal screening pipeline is defined in Eq. (1):

Qtotal = WlQaccuracy + w; Qfairness + w3 Qrobustness + W4Qefficiency + Ws Qconfidence (1)

where Qqccuracyrepresents classification accuracy performance, Q¢girnessdenotes demographic fairness of the
screening model, QropysinessTepresents system resilience to variations in recording quality, Qcfficiencyreflects
computational efficiency for real-time deployment, Qconfigencerepresents prediction reliability based on model

uncertainty and w;are weighting coefficients such that Yw; = 1.
The Al-based multimodal optimization objective is expressed as Eq. (2):

LDL—DSS = Lcls + AFN : max(O, FNrate - FNthreshold) + AuncLunc + Atemthemp (2)

where L. ;represents classification loss (binary cross-entropy), Agyis the false negative penalty coefficient,
FN,qerepresents false negative rate, FNipresnoiq 1S the acceptable false negative threshold for clinical safety,
Lyncrepresents uncertainty-aware 1oss, L.mprepresents temporal consistency loss and Aypc, A¢empare weighting

parameters.
The multimodal feature fusion optimization objective is defined as Eq. (3):

mgin qusion(e) + ,81FL0PS(9) + ﬁzMemory(H) + ,83Latency(6) + ,84Lalign(9) (3)

where frepresents model parameters, Ly, denotes cross-modal attention fusion loss, FLOPsrepresents
computational complexity, Memory represents memory usage, Latency represents inference delay,
Lqiign represents cross-modal alignment loss ensuring consistency across modalities and f; are trade-off
coefficients.

Inference energy consumption per clinical interview segment is modeled as Eq. (4):

Esegment = PGPUTinf + PCPUTp‘re + PmemoryTio + denEadaptive [4)

where Pgpy, Pcpy, Premory represent the power consumption of computational units, Tinf, Tpre, Tio denote
inference, preprocessing, and I/0 time, respectively, Egqqptiver€presents dynamic energy consumption due to
adaptive modality selection and y 4, ,is a scaling coefficient.

The depression classification accuracy is defined in Eq. (5):

TP +TN (5)

ACC = TP T TN+ FP+ FN

where TP, TN, FP and FN represent true positives, true negatives, false positives, and false negatives
respectively.
The F1-score is computed as Eq. (6):

Pl = 2 - Precision - Recall (6)
" Precision + Recall
where Precision = e and Recall = e .
TP+FP TP+FN

Clinical utility index is defined as Eq. (7):
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AUCactual : (1 - FNrate) (7)
1+ Oavg

Nctinical =

where AUC,cryqirepresents achieved AUC, F N4 represents false negative rate and o,,grepresents average
predictive uncertainty.
The reinforcement learning reward function for adaptive multimodal fusion is modeled as Eq. (8):

Radaptive = Raccuracy - AlatencyLnorm - AFNFNrate + Aconf(l - O—avg) + Adivaodal (8)

where Rgccuracy represents classification accuracy reward, Lyoq, represents normalized latency,
FN,qccrepresents the false negative rate, g,,4represents prediction uncertainty, Dy, qq;represents the modality
diversity score and A terms are weighting coefficients.

The multimodal feature vector is defined as Eq. (9):

S(8) = [27(), 24(t), 2y (1), h(2), Ceontext ()] (9)

where z;(t), z4(t) and z, (t)represent encoded text, audio, and video features, respectively, h(t)represents
the temporal hidden state and c.yn¢ex () represents contextual embedding capturing conversational dynamics.
The Depression Screening Performance Index (DSPI) is defined as Eq. (10):

(10)

DSPI = a-AUC+ - (1 —FNyorm) +v - (1 = 0gpg) +6 - + 1 - Robustness

Tin f

where AUC represents classification capability, FN,,,, represents the normalized false negative rate,
Oavgrepresents uncertainty, Tj, crepresents inference latency, Robustnessrepresents performance under noise
and a, 3, v, 8, nare weighting parameters.

Pseudocode 1: Multimodal Depression Screening with Adaptive Fusion and Uncertainty Control
Input: Clinical interview segments c;, multimodal inputs (4; V' T;)
Parameters: Model weights 6, false-negative threshold FN;;, = 0.10, uncertainty limit ¢
Output: Depression classification ¥, system performance metrics
BEGIN
Step 1: Initialization
0 « initialize model parameters
w « initialize modality weights
Step 2: Multimodal Data Acquisition
For each clinical segment c;, acquire: (4, V' T;)
Step 3: Preprocessing
Audio: 4; —» MFCC,spectrogram
Text: T; — tokenization — transformer encoding
Video: V; — facial feature extraction
Step 5: Adaptive Modality Weighting
w = Softmax(Attention(zy, z7, zy))
Step 6: Multimodal Fusion
Frusion = WaZy + WrZr + wyzy
Step 7: Temporal Modeling
ht = GRU(Ffusion' ht—l)
Step 8: Prediction and Uncertainty Estimation
(u,0) = Dense(h;)
y = g4(1) (where o,denotes the sigmoid function)
Step 9: Decision Logic
If 0 = € = Defer decision (low confidence)
Else if § > 0.5 = Depressed
Else = Non-depressed
Step 10: Loss Computation and Model Update
L;ota1 computed as per Eq. (2)
0 < 0 —nVLa

‘. M Penerbit
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Step 11: System Quality Update
Qtotar < update using Eq. (1)
Step 12: Evaluation
After processing all segments: Compute DSPI as per Eq. (10)
END

With this kind of multimodal deep learning model, the depression screening system would be able to process
real-time clinical interview data and achieve maximum classification accuracy despite differences in patient
presentation.

3.2 Process Flow Diagram

The multimodal depression screening process is shown in Fig. 2 using Al. The data from clinical interviews is
preprocessed and processed in parallel with the help of transformer-based text encoding, CNN-based audio
analysis, and video feature extraction. An attention-based mechanism is used to fuse the extracted features in
order to learn cross-modal relationships. The merged representation is then forwarded to an LSTM-based
temporal modeling module to capture sequential behavioral dependencies and temporal depression patterns
throughout the clinical interview session. The system provides predictions of depression status with confidence
estimates, coupled with a feedback loop that allows the model to be continually updated and improve screening
over time.

Text
(Transformer)

Attention
Fusion

LSTM
(Temporal
Model)

Preprocess

Fig. 2 Al-based multimodal depression screening process

The improved multimodal depression screening pipeline is shown in Fig. 2. The system commences with the
multimodal data acquisition, preprocessing, and simultaneous features extraction through transformer and CNN
models. The cross-modal attention fusion module combines features of a certain modality and then presents them
to a temporal model unit to learn patterns in a sequence. The predictive layer, which is probabilistic, gives a
depression probability and a measure of uncertainty. The feedback loop also guarantees the continuous
improvement of the model and its performance.

3.3 Dataset Description and Preprocessing

The DAIC-WOZ benchmark dataset, frequently used for depression detection research, was used for evaluating
the proposed DL-DSS framework [19]. The dataset consists of 189 clinical interview sessions gathered via human-
computer interactions, including the audio recordings, facial video data, the interview transcript, the behavioral
annotations, and scores from a depression assessment (PHQ-9). The participants were classified as depressed or
not depressed according to severity cut-off points for the PHQ-9 score that are widely used in depression
screening studies.

The data set was split into 70% training, 15% validation, and 15% test data sets. In model development,
stratified sampling and balanced batch training strategies were adopted to minimize the class imbalance effects.
Preprocessing also involved noise filtering, normalization of the transcripts, temporal segmentation, and feature
standardization for audio, text, and video modalities.
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3.4 Implementation Details

The proposed DL-DSS framework was achieved in Python programming with the use of TensorFlow and PyTorch
deep learning libraries. Text encoder was realized based on the transformer; the acoustic and visual feature
extraction modules were realized based on CNN (convolutional neural network) with multiple convolution layers
and pooling layers. The temporal behavioral modeling part used a two-layer LSTM network including 128 hidden
units.

The Adam optimizer was used for training the multimodal model with 50 epochs, a batch size of 32, and a
learning rate of 0.0001. To prevent overfitting in training, early stopping and dropout regularization methods
were used. All the experiments were performed on an Intel Core i7 workstation, a NVIDIA RTX-series GPU, and 32
GB RAM with the Windows 11 operating system, as shown in Table 2.

Table 2 Hyperparameter configuration of the proposed DL-DSS framework

Component Parameter Value
Transformer Encoder Model Type BERT-base
Transformer Encoder Maximum Sequence Length 256
CNN Feature Extractor Convolution Layers 4
CNN Feature Extractor Kernel Size 3x3
CNN Feature Extractor Activation Function ReLU
LSTM Temporal Model Hidden Units 128
LSTM Temporal Model Number of Layers 2
Training Configuration Optimizer Adam
Training Configuration Learning Rate 0.0001
Training Configuration Batch Size 32
Training Configuration Epochs 50

Regularization Dropout Rate 0.5
Evaluation Loss Function Binary Cross-Entropy
Evaluation Hardware NVIDIA RTX GPU, 32 GB RAM

4. Results and Discussion

A comparative review of experimental validation on the DAIC-WOZ benchmark dataset reveals that Al-based
multimodal deep learning on detecting depression has a monumental beneficial effect on classification accuracy,
reduction of false negatives, and clinical utility [20]. A comparison between traditional PHQ-9 questionnaire-only
screening (Model A), single-modality deep learning (Model B), and the presented multimodal DL-DSS system
(Model C) is made. These improvements in screening precision, reduced missed diagnoses, and computational
efficiency are observed across diverse patient groups.

Apart from the traditional PHQ-9 screening baseline and single-modality DL models, the proposed DL-DSS
framework was comparatively analyzed with the latest multimodal depression detection approaches reported in
the literature, such as transformer-based multimodal fusion systems, attention-driven behavioral analysis
models, and hybrid speech-text depression prediction systems [13][15][17][20]. The comparative analysis shows
the proposed architecture superior performance in the classification of depression, in terms of fewer false-
negative cases with better temporal behavioral modeling and better real-time inference capability than the
existing multimodal depression screening systems.

4.1 Inference Latency and Computational Cost

In reference to the three architectures, Fig. 3 depicts that the mean inference latencies of the three architectures
are 350 ms, 210 ms, and 118 ms, respectively. The Model B single-modality deep learning strategy implies less
latency of systems than questionnaire-only methods based on manual scoring. However, the Al-based multimodal
architecture (Model C) suggested has significantly reduced latency since it involves optimized deep learning
inference and efficient multimodal fusion logic. Real-time screening in a clinical interview setting has been enabled
by the technology of Model C, which is much shorter than the decision latency in Model B, by 43.8%.

‘. M Penerbit
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350 ms
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/]

Inference Latency (ms per

Model A (PHQ-9 Only)  Model B (Single-Modality) Model C (Multimodal DL-DSS)
Architecture Model

Fig. 3 Inference latency per interview segment

In the experiment, the latency analysis aims at testing the viability of the proposed DL-DSS framework in real-
time clinical interview settings. The results achieved prove that multimodal fusion and optimized deep learning
inference substantially decrease decision latency with stable screening performance, which is suitable for mental
healthcare applications.

4.2 Classification Performance and False Negative Reduction

Improvement. Figure 4 reveals that the performance of the classification in terms of depression screening reaches
better scores. Model A, which uses a PHQ-9 questionnaire only, has an average accuracy of 68.3 % and an F1-score
of 0.62 with significant false negatives. Single-modality deep learning of Model B increases the accuracy to 78.6%
and the F1-score to 0.74. Model C, having an average accuracy of 87.9% and an F1-score of 0.89, is the best model
since it comprises multimodal fusion and temporal modeling. The relative difference of 11.8% between Model A
and B and 20.3% between Model B and C in their accuracy and F1-score is an indication of the efficiency of real-
time Al-based multimodal analysis in the presence of various patients.

100
80
g
o 60
o
I}
c
8 40
[
a
20 B Accuracy (%)
B F1-Score (%)
9 Model A Model B Model C
(PHQ-9 Only) (Single-Modality) {Multimodal DL-DSS)

Architecture Model

Fig. 4 Accuracy and F1-score

The classification performance experiment is used to assess the effectiveness of multimodal behavioral fusion
for enhancing the accuracy of depression detection and minimizing false-negative results. The better performance
of Model C demonstrates that the use of a combination of transcript, speech, and facial behavioral data is sufficient
to improve the level of information on depressive patterns that can be obtained in comparison to the use of
questionnaire-based and single-modality screening.

4.3 Prediction Reliability and AUC-ROC

Fig. 5 reveals the capability of Al to predict depression accurately, using a range of different screening measures.
AUC-ROC of Model A = 0.73, Model B = 0.84, and Model C = 0.92 in distinguishing depressed and non-depressed
cases. Multimodal fusion and temporal modeling of Model C results in an 8.3% Higher AUC-ROC than Model B and
gives the opportunity to make predictions regarding which decision-making on screening during the clinical
interview is the most reliable.
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456
1.0
0.92
Model A Model B Mod'el C
(PHQ-9 Only) (Single-Modality)  (Multimodal DL-DSS)

Architecture Model

Fig. 5 Depression classification AUC-ROC (%)

4.4 System Robustness to Recording Quality Variability

Fig. 6 facilitates the robustness of the screening systems under the conditions of changes in audio quality and
recording. It loses classification accuracy by 35.2% when compared to 22.6% in Model B and additionally, Model
Closesitby 12.8% and that is a strong indication of sure resistance to perturbation, such as background noise and
varying microphones. The improvement of this confirms that in the real clinical setting, depression screening is
properly stabilized with the help of Al-based multimodal fusion.

»
o

w
o

-
(4]

Performance Degradation (%)

12.8%
0
Model A Model B Model C
(PHQ-9 Only) (Single-Modality) ~ (Multimodal DL-DSS)

Fig. 6 Classification performance degradation under audio noise

4.5 Resource Usage

The three systems are computationally efficient, as shown in Fig. 7 and Fig. 8. Computational cost: Model A is
valued at 4.2 units, Model B at 18.6 units, and Model C 24.3 units, with the energy consumption of 2.1 | /segment

of Model A (compared to 8.4 ]/segment of Model B) and 11.2 ]J/segment of Model C indicating that multimodal
processing utilized more resources than Model B.

Model C .
< (Multimodal DL-DSS) 24.3 units
3
s
£ Model B ‘
g (Single-Modality) 18.6 units
.‘é
v
< Model A .
(PHQ-9 Only) 4.2 units
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Computational Cost (Relative Units)
Fig. 7 Computational cost comparison
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Fig. 8 System energy consumption per interview segment

4.6 Depression Screening Performance Index

Fig. 9 provides the comparison of the Depression Screening Performance Index (DSPI) in the three architectures.
The indices of Model A = 0.48, Model B =0.71, and Model C = 0.89, respectively. Based on the variations presented
in 25.4% in the case of the B and C models, it can be said that the system of depression screening will be vastly
improved in general through the strategy of multimodal fusion and time-based modeling, with the real-time data
on clinical interviews.

Accuracy Model A (PHQ-9 Only)
-3~ Model B (Single-Modality)
== Model C (Multimodal DL-DSS)

F1-Score

FN Reduction AUC-ROC
Fig. 9 Depression Screening Performance Index (DSPI) comparison

4.7 Tabular Comparisons and Key Metrics

Based on Table 3, the recommended DL-DSS architecture offers key advantages in classification accuracy, F1-
score, and fewer false negatives than baseline depression screening strategies.

Table 3 Comparative classification performance metrics for models A, B, and C

Metric Model Model Model Improvement Improvement
A B C (CvsA) (CvsB)
Accuracy (%) 68.3 78.6 87.9 128.7% 1711.8%
F1-Score 0.62 0.74 0.89 T43.5% 120.3%
AUC-ROC 0.73 0.84 0.92 126.0% 19.5%
False Negative Rate (%) 24.6 16.8 11.2 154.5% 133.3%
Depression Screening Performance Index 0.48 0.71 0.89 T 85.4% T25.4%
(DSPI)

According to Table 4, the proposed architecture is superior in terms of latency and robustness but requires a
larger model size and more computational units than single-modality deep learning.
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Table 4 Comparative latency and robustness metrics

Metric Model @ Model Model Improvement(Cvs Improvement (Cvs
A B C A) B)

Inference Latency (ms per 350 210 118 1 66.3% 1 43.8%
segment)

Robustness Degradation under 35.2 22.6 12.8 163.6% 1 43.4%
Noise (%)

Model Size (MB) — 245 428 — T74.7%

Scalability Limit (concurrent 5 8 15 T200% 187.5%
interviews)

The modality characteristics, number of interviews, and data sources are provided in Table 5, which describes
the benchmark dataset used by the system, i.e., the DAIC-WOZ.

Table 5 Dataset specifications (DAIC-WOZ)

Dataset Interview Time Attributes Source
Samples Span
Simulation/Audio-Video 189 2014~ Audio, video, transcripts, DAIC-WOZ Corpus
Dataset 2019 behavioral codes
Clinical Assessment 189 2014- PHQ-9 scores, depression Psychological
Dataset 2019 severity labels Assessment

The proposed Al-based multimodal DL-DSS system (Model C) will achieve significant improvements across
all performance metrics. The strength of it lies in the fact that compared to the traditional PHQ-9 questionnaire-
only system (Model A), the proposed one is more accurate by 28.7% and has fewer false negatives by 54.5%, a F1-
score by 43.5%, and an AUC-ROC by 26.0%. Model C is also better than the single-modality deep learning styles
(Model B) in terms of accuracy, F1-score, and false negative rate, which are respectively 11.8%, 20.3%, and 33.3%
higher. It was revealed that Al-based deep learning in multimodality provides proper results for depression
screening.

The three screening structures have been developed, which is an indication that there is a transition to smart
mental health systems. Model A is the traditional depression screening, where one uses the PHQ-9 questionnaire
and little behavioral information. In model B, the average degree of improvement occurs in the case of single-
modality deep learning but does not include cross-modal information. Model C rescreens with the help of Al-
enhanced fusion of a multimodal transformer text encoding, CNN audio features extraction, and LSTM temporal
modeling. This indicates that intelligent depression screening systems ought to be informed, comprising real-time
multi-modal information streams, learning deep features, and time modeling. Under these architectures, futuristic
digital mental health platforms can be developed in which a screening parameter is dynamically adjusted to
achieve accurate classification, thereby reducing diagnostic delays. Table 6 presents a comparison with related
multimodal depression detection studies.

Table 6 Comparison with related multimodal depression detection studies

Study Methodology Key Characteristics Limitations

Floresetal. Deep learning-based Automated depression screening Limited multimodal

[7] clinical interview analysis using interview responses fusion capability

Tao etal. Multimodal spa‘Flo- Advanced temporal attention Higher computational
temporal attentional ) . . .

[17] modeling for depression detection complexity
transformer

Xu et al. Voice-text multimodal Integration of speech and transcript Limited facial

[20] fusion features for depression prediction behavioral analysis

Proposed Transformer + CNN + LSTM aRszll_tSlglsv?;ﬁl :;n;ogiletiz}rﬁvé(;;?l Higher implementation

DL-DSS multimodal fusion Y P p complexity

modeling

In addition to the comparison of Table 6, to test the reliability and validity of the performance gains claimed,
the proposed experiments were repeated several times with differing random initialization parameters. The
models were validated statistically by applying the confidence interval analysis and paired significance test
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between the compared models. The proposed multimodal depression screening (DL-DSS) framework consistently
provided stable classification accuracy, F1 score, and AUC ROC with low performance variance, thus
demonstrating the robustness and statistical significance of the proposed depression screening architecture.

The proposed multimodal DL-DSS framework successfully exhibited encouraging depression screening
performance; however, there were several limitations. One of the key limitations of the framework was that it was
primarily built and tested with the DAIC-WOZ benchmark data set, which may not encompass the full diversity of
both the demographic population and clinical variability in real-world settings. Secondly, multimodal deep
learning architectures require more computational resources and more memory than traditional questionnaire
screening systems. Third, the reliance on audio data, transcripts, and facial behavioral data may raise privacy and
ethical issues concerning potentially sensitive patient information. The proposed framework may also not be
generalizable in all clinical contexts, due to differences in recording quality, culture-based communication, and
emotions.

5. Conclusion

The authors proposed in this paper an Al-assisted Multimodal Deep Learning-Based Decision Support System (DL-
DSS) for early depression screening based on clinical interview data. The proposed model combined the
transformer structure to encode the text, the CNN structure to extract the acoustic and face features, and the LSTM
structure to model the temporal features in a dynamic way, to analyze the transcript, speech, and face behavioral
information. The proposed multimodal architecture achieved better classification accuracy, F1 score, AUC-ROC,
and false-negative reduction than conventional screening methods based on single-modality and PHQ-9-based
approaches, as shown in experimental evaluation with the DAIC-WOZ benchmark dataset. The proposed
framework has several practical benefits, such as the ability to screen for depression in real-time, adaptive
multimodal behavioral analysis, enhanced reliability of clinical decision support, and less reliance on manual
psychological assessment procedures. The proposed architecture was also shown to have a high level of
robustness with regard to recording variability conditions and low inference latency for real-world mental health
care settings. Future studies could explore further implementation of the XAl approach in the clinical
interpretation of depression assessments, expand the architecture to accommodate multilingual and multicultural

contexts, and refine the architecture for lightweight deployment in the field of telemedicine and mobile mental
health.
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