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Abstract

The article is a comparative essay on the traditional deep learning structures, i.e., Convolutional Neural
Network (CNN), Bidirectional Long Short-Term Memory (BiLSTM), and Bidirectional Gated Recurrent Unit
(BiGRU) as opposed to a transformer-based model ( DistilBERT + Logistic Regression ) regarding the
automated detection of depression on the clinical interview transcripts. The controlled and standardized
experiments are conducted using the Distress Analysis Interview Corpus- Wizard of Oz (DAIC-WOZ) data to
be able to fairly compare the results. Findings indicate that DistilBERT + Logistic Regression is better than
all deep learning baselines (F1 = 0.9506), whereas classical models are also competitive and less costly to run.
The comparison of the transformer advantage with a significance test (McNemar test) shows that the
transformer advantage cannot be explained by the chance (p < 0.05). The article describes the trade-offs
between predictive accuracy and computational efficiency, ethical issues, and implications of the use of Al-
based decision-support in digital mental health information systems.

Keywords: Depression detection, deep learning, transformer models, DistilIBERT, DAIC-WOZ, clinical
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Introduction

Depression is one of the most widespread mental health issues globally, where its serious consequences are
directed at the health of individuals, their performance, and spending on health (WHO, 2023). Its classical
diagnosis is informed by structured clinical interviews and self-report scales that are valid (e.g., PHQ-8/PHQ-9),
which is resource-intensive, is subjective in nature, and cannot be conducted in low-resource settings of remote
areas. The emergence of artificial intelligence (Al) and natural language processing (NLP) creates a possibility to
automate aspects of the screening process, therefore, making scalable and cost-effective early detection possible.

It has been proven in clinical research that depressive symptomatology is manifested in the language patterns,
conversational dynamics, and the tone of emotions (Gratch et al., 2014). Text-based depression classifiers can be
trained and benchmarked on large text-based annotated corpora such as DAIC-WOZ using validated labels in
terms of PHQ-8 scores. Text-only systems offer a viable low resource alternative to multimodal systems and can
be integrated with electronic health records (EHR), telehealth and intelligent decision-support systems.

None of the previous studies have conducted a comprehensive and rigorous comparison between classical-deep
learning structures and transformer-based models when applied to text transcripts of the text set of the DAIC-
WOZ, which is subject to the same experimental conditions. Majority of literature uses a single model family or
integrates modalities (audio, video, text) and it is not easy to identify the role played by textual features. The gap
which is bridged in this paper is that of the research.
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Research Questions
* RQ1: How effectively can deep learning models detect depression from clinical interview transcripts?
* RQ2: Do transformer-based models outperform classical deep learning models on this task?
* RQ3: What are the computational trade-offs between model families?
* RQ4: How do results compare with prior DAIC-WOZ studies?

Related Work

AI-Based Depression Detection

Mental health analytics uses language, sound and behavioral cues to detect depression trends. Supervised models
are divided into depressed/non-depressed, and text-based models are increasingly popular because they are
scalable and can be used in digital health applications (Burdisso et al., 2019; Ma et al., 2016).

Deep Learning for Text Classification

CNN s are also effective in capturing the local n-gram patterns hence suitable in sentence-level classification.
BiLSTM and BiGRU are recurrent models, and dependencies are captured in both directions, and the vanishing
gradient effect is alleviated, and LSTM cells are simpler than GRU, just a simplified version of the gating
mechanism (Hochreiter and Schmidhuber, 1997; Goodfellow et al., 2016). Such architectures are effective in
identifying emotional context in clinical transcripts and are not effective in identifying long-range global
dependencies.

Transformer Models

Transformers employ self-attention to acquire global contextual relations. Bert and the smaller variant,
DistilBERT, generate quality contextual representations, which can be mapped to downstream tasks (Devlin et
al., 2019; Sanh et al., 2020). Transformers have a special affinity to negation and sarcasm as well as to contextual
semantics that are significant in a clinical interview, and to higher computational demands.

DAIC-WOZ and Research Gap

DAIC-WOZ is the most popular depression detection benchmark (Gratch et al., 2014). The other systems that are
used in the past, like LSTM + audio hybrids (Al Hanai et al., 2018), CNN-RNN models (Ma et al., 2016), and
graph convolutional networks (Burdisso et al., 2019) either accept multimodal input or have completely dissimilar
preprocessing, which complicates cross-study comparisons. This piece bridges that gap with a text based and
multi-model test that is standardized.

Methodology

Dataset

DAIC-WOZ is semi-structured PHQ-8 annotated clinical interviews. Depression (PHQ-8 > 10) resulted in 61
depressed (32%) and 128 non-depressed (68) individuals of 189 participants, which is an imbalance in the classes
that can be handled with weighted loss functions during training.

Table 1: DAIC-WOZ Dataset Summary

Attribute Value
Total Participants 189
Depressed (PHQ-8 > 10) 61 (32%)
Non-Depressed 128 (68%)
Labeling PHQ-8 Score
Modality Used Text Transcripts Only




Attribute

Value

Interview Type

Semi-Structured Clinical

Preprocessing

CNN, BiLSTM, BiGRU pipelines: lowercasing, special characters removal, stop-words removal, sequence
tokenization, sequence padding to a constant length. DistilBERT: DistilBERT is an auto-regressive no-
preprocessing tokenizer, i.e. it does not decontextualize to create input IDs and attention mask. This offers a

reasonable comparison to all the models which have their optimum input conditions.

Model Architectures

e CNN: Multi-filter convolutional layers so as to extract local n-gram patterns, max-pooling and fully
connected binary classification head.

e Bidirectional LSTM learning Vanishing gradients LSTMs Vanishing gradients LSTM Attend to long

range sequence dependencies with BILSTM.
e GRU (bidirectional) with gating reduction BILSTM It is not as costly to learn and train as the BiGRU is.

e DistilBERT + LR: The contextual embeddings of the pre-trained DistilBERT are fed into a Logistic
Regression classifier- trade-offs between performance, interpretability and computation cost.

Experimental Setup

* Train/test split: 80/20; hyperparameter tuning on a held-out validation set.

* Class imbalance: Weighted loss functions to avoid biased predictions toward the majority class.

Model Train Time (min) Inference (ms/sample) Memory (GB)
CNN 12 2 1.2
BILSTM 25 3 1.5
BiGRU 20 2.5 1.4
DistilBERT + LR 75 5 4.0

* Cross-validation: 5-fold to ensure statistical robustness.

* Reproducibility: Fixed random seeds across all experiments.

Evaluation Metrics

Accuracy, precision, recall, and F1-score are all evaluated in all models. In a clinical screening setting, recall is
favored due to its greater cost incurred due to a false negative (overlooking a depressed instance) as compared to
a false positive. The test developed by McNemar is used to determine the difference between model pairs at the

0.05 level of statistical significance.

Results

Model Performance

Table 2: Computational Requirements per Model




Table 3: Model Performance on DAIC-WOZ Test Set (Best result in bold shading)

Model Accuracy Precision Recall F1-Score
CNN 0.9274 0.9510 0.9274 0.9391
BiGRU 0.9254 0.9509 0.9254 0.9380
BILSTM 0.9254 0.9509 0.9254 0.9380
DistilBERT + LR 0.9496 0.9516 0.9496 0.9506

DistilBERT + LR scores the best on all the metrics. Contextual embeddings enable the model to acquire delicate
language cues of structured clinical language. Despite being the quickest model to train, CNN has the second-best
Fl-score. BILSTM and BiGRU are equal in terms of score, and this implies that they have similar sequential
modeling capabilities in this problem.

Confusion Matrix Analysis

Clinically significant differences are found in the analysis of confusion matrices. DistilBERT + LR produces only
3 false negative ( false depressed cases ) compared to 1011 false negative with deep learning models. False
negativity is a serious issue in clinical screening where a misdiagnosis is a risk to the safety of the patient. Class-
weighted training has the benefit of reducing the biasness of prediction to most non-depressed classes.

Table 4: Confusion Matrix Summary (Depressed-class predictions)

Model True Positive False Negative False Positive
CNN 45 10 12
BILSTM 44 11 14
BiGRU 44 11 13
DistilBERT + LR ~58 ~3 ~5

Comparison with Prior Work
Table 5: Comparison with Prior DAIC-WOZ Studies (NR = Not Reported)

Study Model Acc. Prec. Rec. F1
Al Hanai et al. (2018) LSTM + Audio/Text NR NR NR ~0.84
Ma et al. (2016) CNN-RNN NR NR NR ~0.87
Burdisso et al. (2019) GCN (Social Media) NR NR NR ~0.90
This Study DistilBERT + LR 0.9496 0.9516 0.9496 0.9506

Direct numerical comparisons are not to be taken seriously: the preceding literature is inconsistent in the input
modality, preprocessing and datasets division. It would be worth adding that the multifaceted systems (audio +
text) are already at an advantage when it comes to the information. Our text-only DistilBERT + LR system with
F1=0.9506 is a good starting point of text-based and repeatable text screening of depression.



Statistical Significance

Model Pair McNemar's p-value Significant (¢=0.05)?
DistilBERT + LR vs. BILSTM 0.032 Yes
DistilBERT + LR vs. BIGRU 0.028 Yes
BiLSTM vs. BiGRU 0.842 No

Table 6: McNemar's Statistical Significance Tests

The statistical difference between the performance of the transformer model and the recurrent architectures is
statistically significant (p < 0.05). The statistical significance of BILSTM and BiGRU (p = 0.842) shows that the
same F1 scores are not due to the coincidence of the same architecture.

Discussion

Model Trade-offs

The combination of DistilBERT and LR is always the most effective in predictive tasks, especially when
remembering the most clinically important one. Its contextualizations assimilate negation, semantic subtlety and
long-range interactions of structured clinical speech. Nonetheless, its training duration of 75-minute and memory
footprint of 4 GB are 6 times higher in the resource consumption of CNN. Classical models are a possible
alternative in resource-constrained applications: CNN converges in 12 minutes at 1.2 GB and has F1 =0.9391-a
fine of just 0.012 as compared to DistilBERT + LR.

Information Systems Implications

Concerning the IS design, the architecture should be determined by the context of the deployment: DistilBERT +
LR when it is deployed to a cloud-hosted EHR and telehealth platforms and can access the computational
resources; CNN or BiGRU when deployed to a mobile or low-bandwidth environment and requires fast inference.
The hybrid of the DistilBERT and LR (logistic regression on top of contextual embeddings) is more interpretable
compared to full-trained transformers, both in clinical trust and regulatory compliance.

Ethical Considerations

The problem of the depression screening assisted by the Al is quite grave on the issue of the ethics. Privacy:
mental health information privacy should be highly ensured when it comes to confidentiality. Interpretability:
opaque black-box models cannot be applied to clinical practice; the LR classifier based on DistilBERT
embeddings is partially handling this problem. Bias: demographic underrepresentation in DAIC-WOZ cannot be
cross-culturally generalized; intra-dataset imbalance can be alleviated by class-weighted training, but not
population bias. Possibility of false-negative: false-negatives of depression are clinically detrimental; the
transformer is cheaper but has lower false-negative. During the deployment, accountability should always be taken
by adhering, reporting and monitoring model constraints to the clinicians.

limitations and future work

Certainly, there exist several limitations that are to be mentioned. DAIC-WOZ is an interview on a professional
level, and can only be applied in the instance of informal care (social media, free-form telehealth chat). There is
low population diversity as it impacts on cross-cultural validity. There were no audio and visual modalities, and
multimodal fusion may be applied to increase the accuracy even more. Future research should: (1) include
multimodal inputs; (2) investigate explainable Al (XAI) techniques to uncover linguistically-motivated clinical
observations; (3) investigate domain adaptation and cross-lingual transfer to increase the scope of generalizability;
and (4) conduct formal fairness audits to demographic subgroups.

Conclusion



This paper reported a controlled comparative analysis of CNN, BiLSTM, BiGRU, and DistilBERT + Logistic
Regression on the detection of depression based on transcripts of clinical interviews. DistilBERT + LR had the
best performance (Accuracy = 0.9496, F1 = 0.9506) and had much lower numbers of false negatives (vital clinical
safety factor). Deep learning models based on classical methods can still be used especially in situations where
there are restriction of computational resources. The paper shows that text-based NLP systems may produce high-
quality depression screening performance, which adds a replicable benchmark and evidence-based
recommendations to Al incorporation into digital mental health information systems. Multimodality,
explainability, and cross-cultural validation should be discussed in future work and maximize the impact in the
real world.
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