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ABSTRACT: Nearly 1 in 7 people in the world live with a mental disorder. Still, in many regions, only 7% of individuals get
help due to a big treatment gap due to a lack of trained health professionals, cost issues, or stigma, especially in low- and middle-
income countries. However, the advancements in the field of Al have been a big reason for the rise in interest in Al-based mental
health screening tools that can analyze patient-generated texts, such as clinical notes, questionnaires, and social media posts.
Previous studies in this domain have consistently demonstrated that Al systems often achieve strong results when diagnosing
well-defined mental disorders such as major depressive disorder and generalized anxiety disorder, because they exhibit consistent
linguistic markers and standard patient-reported outcomes. However, comparatively less progress has been made for mental health
disorders characterized by overlapping and ambiguous symptoms, such as PT'SD and subtypes of depression. These challenges
highlight a critical limitation in current Al approaches, particularly in handling linguistic ambiguity and subjective patient-
reported data. This paper presents a secondary analytical review of existing literature, focusing on model architectures, data sources,
and evaluation frameworks, and proposes an uncertainty-aware Al architecture incorporating ambiguity detection, multi-label

prediction, and human-centered evaluation.
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B Introduction

The use of Artificial Intelligence (Al) in the mental health
field has been growing for the last few years, especially in the
areas of machine learning and natural language processing.'”
An Al system, through analyzing different forms of written
language (clinical notes, self-report questionnaires, online
text),* has shown that it can detect mental health "signals" and
come close to matching the performance of clinicians when
diagnosing some well-defined mental health conditions (major
depressive disorder, generalized anxiety disorder, etc.)®

These studies indicate that it may be possible to leverage
Al tools to help expand access to mental health services on a
larger scale through the use of Text-Based Al. Certain men-
tal disorders can be easily classified or diagnosed using an Al
tool. On the other hand, many disorders are difficult to classify
or diagnose. The language used to describe depression sub-
types, PTSD, etc, is very subjective, with a great deal of overlap
between types of disorders, and will vary greatly between indi-
viduals. Because the majority of the information for diagnosing
these disorders will come from patient-reported outcomes, and
because these disorders do not have any objective diagnostic
markers, they are often not diagnosed until the patient presents
later in the course of a clinical presentation.® Therefore, most
of the current research on Al to date has treated the diagnosis
of these disorders as a relatively straightforward classification
task, placing little to no emphasis on factors like uncertain-
ty, the need for explanation, and the fact that the majority of
self-reported mental health experiences are very subjective.
We still don't have a good understanding of the ways in which
Al systems should be developed to consider the ambiguity of

language and how to more effectively incorporate Patient Re-
ported Outcomes (PROs) into the development of Al systems.
Building Al systems that can diagnose and treat mental
health disorders using inherently vague or ambiguous text will
require examining three areas of research: Model Architecture,
Model Training, and Model Evaluation. Recent advancements
in the field of Al, such as chatbots, have shown the revolu-
tionary potential of Al in the mental health field. While many
chatbots are accurate in diagnosing disorders based on ideal
datasets, their accuracy often decreases when used in the real
world with subjective datasets. There is a lot of scope in filling
this gap, as nowadays the demand for healthcare services is ev-
er-increasing, and many countries are experiencing a shortage
of healthcare practitioners, especially physicians.” This short-
age is very crucial to consider, as this often leads to delayed
treatments, misclassifications, and poor outcomes. Addressing
this issue can help us to improve early identification of dis-
orders, and further in making a responsible development of
an Al specific to mental health contexts. Currently, we have
only one form of input, and that is text, but in the future, we
can add speech, behavior, and facial expressions as part of the
input. This study carries out a secondary analysis of existing
Al methods in mental health research. Previous studies are or-
ganized by disorder type, data source, and evaluation metrics.
The model will be evaluated based on both traditional machine
learning measures and human-based evaluation measures.
Traditional measures of performance include accuracy,
precision, recall, and the F1 -score, which assess the statisti-
cal accuracy of disorder classification as observed in other
literature. Besides, human-centered indicators will be includ-
ed through a Likert scale (an ordered rating system used in
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surveys, Strongly agree - strongly disagree) to measure judg-
ments of clarity, usefulness, appropriateness, and reliability,
thus summarizing how patients and clinicians perceive the
quality and credibility of the Al-produced screening results.®
This study adopts a secondary analytical review methodology,
synthesizing existing literature in Al-based mental health di-
agnostics. Sources were selected based on relevance to model
architectures, data inputs, and evaluation frameworks, with an
emphasis on peer-reviewed academic research and established
institutional reports.

B Discussion

This paper has demonstrated how artificial intelligence
works well in spotting mental health issues like major de-
pression and anxiety, where speech patterns and symptoms
are clear and consistent. Yet performance drops when dealing
with conditions marked by unclear symptoms or overlapping
traits such as PT'SD or less typical forms of depression, where
language may be subtle or indirect. Previous research papers
tend to focus too much on numbers like accuracy rates instead
of deeper concerns like how uncertain the model might be.
Interpretation matters just as much, yet it often takes a back
seat in current work. Even when models score high technically,
they do not always earn user confidence if explanations feel
opaque or irrelevant. Trust builds differently among individ-
uals using chatbots or online platforms meant for emotional
support. Clarity of response and whether people find them
helpful shape actual usage far more than backend precision
ever could. Outcomes depend heavily on personal experience,
something algorithms rarely capture fully. Moving forward, in-
telligent systems should assist professionals rather than replace
them. Including self-reports from patients alongside trans-
parent results can guide better decisions. Oversight by trained
clinicians ensures risks stay low while keeping care grounded
in real needs.

B Mental health diagnosis

How mental health disorders are currently diagnosed:

Mental health disorders mainly rely on clinical interviews
and patient-reported outcomes, rather than visible symptoms
like physical disorders. To diagnose a particular mental health
disorder, clinicians use various diagnostic frameworks, such
as DSM-5 and ICD-11,° which are a few examples of these
frameworks, as they assess symptoms based on how severe and
how long a symptom has been present. Various questionnaires,
such as PHQ-9 and GAD-7, also help clinicians in diagnos-
ing mental health disorders. The questionnaires are primarily
used in identifying the severity, too. Unlike physical illnesses,
mental health diseases do not usually have objective biological
markers, which makes the diagnosis much more dependent on
the interpretation and judgment of the doctor.

Primary challenges in diagnosing hard-to-diagnose diseases:
Many mental health disorders are often considered com-
plex/hard to diagnose disorders; this is basically because these
kinds of disorders share common symptoms and they overlap

with each other. Some examples of overlapping symptoms are,
for eg, fatigue, sleep disturbance, distress, etc. Mental health
disorders are expressed through behavior, speech, and expres-
sions, but each of them is subjective as it varies from culture
to culture.®®

Limitations of human diagnosis:

Clinical diagnosis faces several systemic challenges. First,
assessments are time-intensive and require sustained interac-
tion. Second, there is a global shortage of trained professionals,
particularly in resource-constrained settings. Third, financial
barriers and social stigma reduce accessibility. These limita-
tions highlight the need for scalable systems that can assist
clinicians in early-stage screening.

How can Al be incorporated in the diagnosis of mental health?:

Artificial intelligence offers amazing tools for analyz-
ing mental health problems. These tools include the use of
automated, continuous, and consistent processing of large vol-
umes of text provided by the patient."" Artificial intelligence
for mental health and mental illnesses: an overview." Recent
advances in machine learning and natural language process-
ing have enabled Al models to analyze written and spoken
language. Al models can analyze textual data such as clini-
cal notes, questionnaires, and patient-reported outcomes.
Al-powered chatbots can offer non-stop support to a larger
demographic area at a reduced cost.™?

B Al-integrated mental health diagnosis:

Existing works in diagnosing mental health with the help of
Al

Currently, clinical notes, self-report questionnaires, online
forums, and chatbot conversations have been widely used to
identify mental health signals using machine learning and
NLP models. It can be used in screening for depression, de-
tecting suicide risks, and monitoring anxiety. Such systems
usually formulate mental health screening as a task of super-
vised classification with labeled datasets.!

Types of input data for AI screening:

Clinical notes: contain observations recorded by a doctor
during the interview. NLP models can extract useful infor-
mation (symptom indicators, diagnostic cues) and use it to
diagnose the disorder.®

Self-report questionnaires: This type of input data includes
standardized symptom measures such as PHQ-9, and these
are widely used for the process of training an Al.

Online text and social media: online posts from blogs and
social media platforms capture a variety of expressions of
distress and emotional states. These data are large-scale and
reflect natural language use but are often context-dependent.
Linguistic ambiguity and population bias are major challenges
with this input type currently.
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Model Architectures Used in Prior Studies:

Traditional machine learning models:

The most common traditional methods to analyze mental
health data involve manually creating natural language pro-
cessing based on simple pre-defined linguistic characteristics,
such as term frequency (TF-IDF), word sentiment, or syn-
tax (parts of speech. Traditional statistical methods that have
been used in machine learning models include logistic regres-
sion, SVMs (Support Vector Machines), and Random Forests.
However, their reliance on predefined features limits their
ability to capture contextual meaning. In cases of textual am-
biguity—where symptoms are expressed indirectly or overlap
across multiple conditions—these models fail to distinguish
between nuanced expressions. For example, phrases like “I feel
off” or “something isn't right” lack explicit markers and are
often misclassified or ignored entirely. As a result, traditional
models are effective only when symptoms are explicitly stated,
but they struggle significantly with subjective and context-de-
pendent language.'* This workflow is summarized in Figure 1.
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Figure 1: Figure 1 shows a traditional machine learning pipeline for mental
health screening. It moves from preprocessing and TF-IDF feature extraction
to an SVM model and performance evaluation.

Deep learning models:

Deep learning models, including convolutional neural net-
works, learn representations directly from raw text. They can
capture local patterns such as key symptom phrases, improving
performance over traditional methods. However, these models
remain sensitive to variability in data and often fail to general-
ize when linguistic patterns deviate from training distributions,
reducing their effectiveness in real-world scenarios.” A sim-
plified version of this process is presented in Figure 2.
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Figure 2: Figure 2 shows a deep learning classification architecture. It
demonstrates how an input is processed through convolution, pooling,
activation, and fully connected layers before producing an output prediction.

Transformer-Based Models (BERT, GP1, etc., for example):

Transformer-based models, such as BERT, represent the
current state of the art in NLP. These models capture contex-
tual relationships across entire text sequences using attention
mechanisms.

Despite their advantages, transformers are not inherently
equipped to handle ambiguity. Their performance depends
heavily on training data quality. When inputs contain conflict-
ing or incomplete symptom descriptions, model predictions
can become unreliable.

For example, in cases where symptoms overlap between
disorders (e.g., anxiety and PTSD), transformers may assign
a single dominant label rather than reflecting uncertainty or
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Figure 3: Figure 3 shows the basic transformer architecture, including
embeddings, positional encoding, multi-head attention, feed-forward layers,
normalization, and dense output. This helps explain why transformer models
can capture context but may still struggle when patient language is incomplete
or ambiguous.

B Evaluation metrics used in previous

studies

The majority of the studies test Al systems in terms of
conventional performance measures like accuracy, precision,
recall, F1 score, and PR-AUC. Although these measures are
used to measure technical performance, they are not useful in
measuring usability or trust. The recent studies focus on hu-
man-centered assessment with measures on a Likert scale for
clarity, usefulness, appropriateness, and reliability. It is becom-
ing evident in the literature that high accuracy is not the end
goal for clinical deployment. The systems should also be able
to express uncertainty and match the expectations of the user,
especially in cases of ambiguous disorders.

B Future workss

Improved model architectures for complex disorders:

Future studies need to develop models of different architec-
tures to take into consideration the ambiguities in language
used to describe the symptoms and the overlap in symptoms
of disorders, and not treat the process of screening for mental
health as a typical classification problem. The majority of to-
day's systems are optimized for disorders that have clear and
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standardized lists of symptoms and therefore fail miserably
when attempting to classify disorders based on ambiguous,
indirect, or heterogeneous language. Although transform-
er-based architectures have shown superior understanding
capabilities, they also continue to have difficulties in inter-
preting culturally based symptom narratives. Therefore, future
architectures that will be able to screen for complex disorders
such as PT'SD and depression subtypes must integrate repre-
sentation learning with uncertainty modeling and structured
symptom reasoning.

Multiple dataset integration:

While this review does focus mainly on text-based screening,
future systems could benefit a lot from different data integra-
tion. When we combine patient language with physiological
or behavioral signals, such as sleep patterns and heart rate, the
variability may provide additional context that can help the
Al system by reducing diagnostic ambiguity. Multimodal ap-
proaches have been suggested as a strong way to strengthen
Al screening systems by compensating for the limitations of
subjective language alone. Such integration should be care-
fully designed to respect the patient's privacy and ensure that
non-textual signals are meaningful.

Human + Al collaboration in Mental health disorder diagnosis:

Future systems should adopt a human—Al collaborative mod-
el rather than fully automated diagnosis. In this framework, Al
provides screening, risk scales, and symptom summaries, while
clinicians will be responsible for final diagnostic decisions.
Studies evaluating mental health chatbots show that user trust
and perceived usefulness depend strongly on clarity, appro-
priateness, and safety rather than technical accuracy alone. A
collaborative framework ensures that Al augments clinician
judgment instead of replacing it and allows ambiguous cases
to be escalated to professional evaluation.'” The collaborative
workflow proposed for this issue is shown in Figure 4.
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Figure 4: Figure 4 shows the proposed human-Al diagnostic workflow.
Patient text is screened by an NLP model, uncertainty triggers follow-up PRO
questions, and high-risk or unclear cases are routed to clinician review.

B Proposed Al System Architecture

To address the limitations identified, this research proposes
a conceptual Al architecture specifically engineered for the di-
agnosis of textually ambiguous mental health disorders.

The system consists of the following integrated components:

*  Refined text input processing

* Contextual embedding utilizing transformer-based
models

*  Specialized ambiguity detection module

¢ Multi-label prediction layer

*  Uncertainty estimation and probabilistic reasoning

*  Human-AlI interaction interface

Core Innovation:

The primary innovation of this architecture lies in its explicit
modeling of linguistic ambiguity. Instead of dismissing vague
patient inputs as noise, the system actively detects and quanti-
fies uncertainty.

Multi-Label Prediction:

The framework generates multiple potential diagnoses
rather than just a singular label. It mirrors real-world clinical
reasoning in cases where symptoms significantly overlap across
different mental health conditions.

Uncertainty Estimation:

Detailed confidence scores are produced for each diagnostic
prediction, which allows the system to transparently communi-
cate the degree of reliability associated with its outputs.

Human—AI Collaboration:

Diagnostic insights are presented to clinicians alongside
confidence levels and ambiguity indicators, and they ensure
that final interpretive decisions remain under professional hu-
man supervision. The final architecture is summarized visually

in Figure 5.
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Figure 5: Figure 5 shows the proposed uncertainty-aware Al system
architecture. It combines text preprocessing, transformer embeddings,
ambiguity detection, multi-label classification, uncertainty estimation, and
clinician-facing output.

B Conclusion

This paper addresses the question of how Al systems can be
strengthened to aid the screening of textually ambiguous men-
tal health disorders using varying patient-reported outcomes
and argues that this progress requires moving beyond accura-
cy-focused classification toward uncertainty-aware, practical,
and much more human-centered design(one that can excel in
understanding contexts). By using prior work across input data
types, model architectures, and evaluation frameworks, this
review highlights the gap between successful applications in
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common disorders and the ongoing challenges associated with
complex conditions such as PTSD and depression subtypes.
The proposed focus on combining traditional performance
metrics with a Likert-scale human evaluation aligns with the
emerging healthcare Al frameworks that prioritize safety,
transparency, and clinical collaboration. Ultimately, responsi-
ble deployment of Al in mental health care depends not on
replacing clinicians, but on diagnostic reasoning and expand-
ing access to early screening in a manner that acknowledges
linguistic ambiguity and patient subjectivity. This research is
limited by its methodological reliance on secondary literature
synthesis and illustrative experimentation. Future work in
this domain should prioritize validation utilizing diverse re-
al-world datasets and rigorous clinical evaluation to ensure the
practical efficiency of diagnostic frameworks.
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