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Dear Editor, 

I am writing to discuss the current state of artificial intelligence 
(AI) in the field of depression diagnosis, prognosis, and 
treatment as well as to address the gaps that exist in this area. 
It is well known that depression is a global public health issue, 
and the accurate and timely diagnosis of this mental disorder 
is crucial for effective treatment (1). AI has demonstrated 
promising potential in this domain, yet areas still require 
attention to fully harness its capabilities. 

Firstly, one of the gaps in the utilization of AI for depression 
diagnosis lies in data collection. While a considerable amount 
of data is available, including electronic health records, social 
media data, and patient-reported outcomes, the lack of 
standardized and comprehensive data collection protocols 
hinders the ability to develop robust AI models. 
Standardization of data collection methods, such as the 
inclusion of standardized depression assessment scales, could 
enhance the reliability and comparability of AI algorithms 
across different settings (2). Secondly, the interpretability and 
transparency of AI models for depression diagnosis need to be 
addressed. Deep learning models, such as convolutional 
neural networks and recurrent neural networks, have shown 
remarkable performance in various applications, but their lack 
of interpretability hinders their clinical adoption. Clinicians 
need to understand how AI algorithms arrive at their 
diagnostic decisions to build trust and confidence in their use. 
Developing explainable AI models and providing clinicians 
with the tools to interpret their output will be crucial in 
ensuring successful integration into clinical practice (3). 
Additionally, the issue of equity and bias in AI-based 

depression diagnosis deserves attention. The data used to train 
AI models are often biased, reflecting the demographics of the 
population from which the data were collected. Consequently, 
this can lead to biased predictions and negatively impact 
underrepresented populations. Mitigating such biases requires 
diverse training data that encompasses the demographic and 
socio-economic diversity of the target population. 
Collaborations with diverse communities and active efforts to 
address bias in data collection and model training are essential 
(4). Furthermore, the real-world applicability of AI models for 
depression diagnosis needs to be evaluated. The majority of AI 
research in this field focuses on controlled settings, such as 
hospital data or research databases, which may not reflect the 
complexity and variability of real-world clinical 
environments. It becomes crucial to validate the performance 
of AI models on diverse populations and in different clinical 
settings to ensure their generalizability and practical utility (5). 

AI-based tools can play a crucial role in enhancing the 
accuracy and efficiency of depression diagnosis and screening. 
Machine learning algorithms can analyze large datasets, 
including electronic health records, genetics, and social media 
activities, to identify patterns and predict the risk of 
depression. However, ensuring the privacy and ethical use of 
personal data is a critical concern that must be addressed in 
the application of AI for depression diagnosis (6, 7). One of 
the major advantages of AI in depression treatment lies in its 
ability to provide personalized interventions. AI algorithms 
can analyze individual patient data, such as symptoms, 
treatment history, and biomarkers, to develop tailored 
treatment plans. Virtual agents and chatbots powered by AI 
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can offer 24/7 support and therapy, helping individuals 
manage their depression. However, the integration of AI with 
traditional mental health services should be carefully 
coordinated to ensure a human-centered approach and avoid 
overreliance on technology (8). AI-based systems can assist in 
long-term monitoring of individuals with depression, 
providing continuous assessments of symptoms and 
treatment responses. By utilizing various sensors and wearable 
devices, AI algorithms can analyze changes in behavior, speech 
patterns, or physiological signals to detect early warning signs 
of relapse. However, ensuring the reliability and validity of 
these monitoring techniques and addressing the challenges of 
data privacy and security remain crucial for their successful 
implementation (9). 

AI-based predictive modeling can leverage large and diverse 
datasets to identify patterns and risk factors associated with 
depression prognosis. By analyzing data sources such as 
electronic health records, genetic information, lifestyle factors, 
and social media activities, AI algorithms can generate 
prognostic models that aid in predicting the course of 
depression and identifying individuals at high risk for relapse. 
However, the availability of comprehensive and reliable data is 
crucial for the accuracy and validity of these models. AI can 
also leverage biometric markers, such as neuroimaging data or 
physiological signals, to assess the prognosis of depression. 
Machine learning algorithms can analyze brain activity 
patterns captured through functional magnetic resonance 
imaging (fMRI) or electroencephalogram (EEG) to identify 
specific biomarkers associated with depression outcomes. 
However, the adoption of these techniques in clinical practice 
requires standardized protocols, robust validation, and 
consideration of ethical concerns related to data collection and 
privacy. The integration of multiple data modalities can 
provide a more comprehensive understanding of depression 
prognosis. By combining clinical, genetic, imaging, and 
behavioral data, AI algorithms can develop models that 
capture the complexity of depression and its heterogeneity. 
This integration enables a more personalized approach to 
treatment and facilitates the identification of novel subtypes of 
depression. However, the interpretation and fusion of these 
diverse data sources present methodological challenges that 
need to be addressed (10, 11).  

In conclusion, while AI holds great promise in revolutionizing 
depression diagnosis, prognosis, and treatment; addressing 
the existing gaps and challenges is important. Standardizing 
data collection, enhancing interpretability, addressing equity 
and bias, and evaluating real-world applicability are crucial 
steps forward. By focusing our efforts on these areas, we can 
pave the way for AI to become an indispensable tool in 
improving the diagnosis and treatment of depression. 
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