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ABSTRACT
Mental illnesses, such as depression, anxiety, and schizophrenia,

rank among the first three causes of disability around the globe.
Though critical to treatment, timely and accurate diagnosis is sel-
dom afforded by current systems because of their time-consuming
nature, subjectivity, and reliance on clinical expertise. With this
overview, we suggest an intersection between Natural Language
Processing (NLP) and Neuro-Symbolic AI to further advances in
mental health diagnostics and causal inference. It focuses on the
technology enabling NLP to analyze unstructured texts such as
social media postings, transcripts from therapy, and clinical records
that are considered indicators of mental conditions. Neuro-symbolic
AI may further remediate this provided it could offer interpretable,
causality-relevant models to intuit the onset of conditions related
to mental health. In conclusion, we introduce an integrative frame-
work that marries the strengths of these technologies to further
diagnostics and causal understanding.
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1 INTRODUCTION
Mental health disorders, particularly depression and anxiety,

have become a global public health concern. According to theWorld
Health Organization, nearly one in four people worldwide will
experience a mental health disorder in their lifetime [16]. Early
diagnoses are essential in the effective treatment and management
of the disorders, which still rely primarily on clinical interviews and
subjective assessments—methods that are often time-consuming
and prone to misinterpretation.
Recent advances in Artificial Intelligence (AI), particularly in

Natural Language Processing (NLP) and Neuro-Symbolic AI, have
opened new avenues for enhancing mental health diagnostics. NLP
techniques can analyze unstructured text data, such as social media
content, patient records, and speech transcripts, to identify early
signs of mental health disorders. Neuro-symbolic AI, on the other
hand, offers interpretability by marrying the symbolic AI reason-
ing capabilities with the pattern recognition strengths of neural
networks, thus these combined approaches could lead to the con-
ception of a diagnostic tool that would be more accurate, efficient,
and interpretable.

The current review endeavors to illustrate the recent progress in
each of these features, the existing obstacles as well as the forward
directions for involvement of NLP and neuro-symbolic AI in mental
health diagnosis and causal inference.

2 RELATEDWORK
In recent years, the integration of Artificial Intelligence (AI), par-

ticularly Natural Language Processing (NLP), into mental health
diagnostics has opened new avenues for early detection and inter-
vention of mental disorders. This section reviews prior research
under four broad categories: traditional NLP models, advances in
deep learning, neuro-symbolic approaches, and limitations of exist-
ing methods.

2.1 Classical NLP Approaches in Mental Health
Early AI applications in mental health diagnostics heavily re-

lied on handcrafted features and lexicon-based techniques. Promi-
nent tools such as the Linguistic Inquiry and Word Count (LIWC)
[1] and the NRC Emotion Lexicon [2] extracted sentiment and
emotional markers from personal narratives and social media text.
Coppersmith et al. [3] examined Twitter data to identify linguis-
tic cues of depression and PTSD, revealing elevated usage of per-
sonal pronouns and negative sentiment words among affected users.
Schwartz et al. [4] studied Facebook status updates, finding sig-
nificant correlations between language usage and psychological
states such as stress and anxiety. Despite their interpretability, such
lexicon-basedmethods lacked robustness, struggledwith contextual
understanding, and failed to generalize across diverse populations
and languages—prompting the need for data-driven alternatives.

2.2 Deep Learning-Based Language Models
The emergence of deep learning enabled data-drivenNLP pipelines

that automatically learn latent features from raw textual data. Ini-
tial efforts using recurrent neural networks (RNNs), convolutional
neural networks (CNNs), and long short-termmemory (LSTM)mod-
els showed promise in predicting depression and suicidal ideation
[5]. Orabi et al. [6] trained LSTM models on Reddit user history
and achieved higher accuracy compared to classical methods. The
advent of transformer-based models like BERT [7], RoBERTa [8],
and XLNet [9] further advanced performance due to their strong
contextual embedding capabilities. Tadesse et al. [10] fine-tuned
BERT on mental health-related Reddit data, surpassing traditional
embedding-based approaches in suicidal ideation detection. De-
spite their effectiveness, such models raise concerns around inter-
pretability and ethical deployment in clinical settings, with limited
transparency behind their predictions [11].

2.3 Neuro-Symbolic AI and Explainable Mental
Health Models

Neuro-symbolic AI represents a hybrid paradigm that combines
neural learning with symbolic reasoning, addressing the trade-off



between model accuracy and interpretability. These models inte-
grate domain-specific knowledge bases such as DSM-5 to enforce
logical constraints on learning. Logic Tensor Networks (LTNs) [12]
exemplify this approach by embedding symbolic logic into differen-
tiable neural structures, enhancing interpretability in clinical NLP.
Furthermore, Neuro-Symbolic Concept Learners (NS-CL) [13] have
been explored to support natural language-based diagnostic reason-
ing. These approaches are particularly beneficial in low-resource
domains like adolescent mental health, where labeled datasets are
scarce and prior knowledge transfer is essential.

2.4 Key Challenges in Prior Studies
Despite the advancements, several persistent challenges remain.

Most datasets used are derived from non-clinical platforms like Red-
dit or Twitter, limiting generalizability to clinical practice [3], [10].
Additionally, the longitudinal nature of mental health conditions
is often neglected, undermining the capacity to monitor temporal
changes or treatment response [14]. Mental health is frequently
treated as a binary classification problem (e.g., depressed vs. non-
depressed), which oversimplifies the nuanced and spectrum-based
manifestations of disorders [15]. Lastly, ethical concerns such as
informed consent, user privacy, model accountability, and potential
misuse of diagnostic outputs are rarely addressed in depth.

3 NLP TECHNIQUES FOR MENTAL HEALTH
Psychological insights from unstructured textual data are largely

derived through Natural Language Processing (NLP). Techniques
range from traditional syntactic and lexical approaches to advanced
deep contextual models. Thesemethods have been pivotal in mining
clinical records, user-generated content, and longitudinal therapy
transcripts for mental state evaluations, risk assessments, and early-
stage disorder prediction.

3.1 Preprocessing and Feature Engineering
Preprocessing forms a foundational step, especially in dealing

with noisy and informal data from social media. Common pro-
cedures include tokenization, stop-word removal, lemmatization,
and part-of-speech tagging. Advanced techniques employ depen-
dency parsing and named entity recognition (NER) for extracting
psychological terms and symptom mentions [4], [5].

Feature engineering techniques such as term frequency–inverse
document frequency (TF-IDF), word clusters, and psycholinguistic
attributes (e.g., LIWC dimensions) have proven effective. These
features help capture emotional tone, cognitive function markers,
and interpersonal focus in text related to mental health [1].

3.2 Embedding-Based Approaches
Word embeddings like Word2Vec, GloVe, and fastText offer im-

provements over sparse lexical features by capturing semantic and
contextual relevance [5]. In mental health applications, embeddings
help identify patterns indicative of depression, anxiety, and suicidal
ideation through subtle linguistic cues such as absolutist language.
For instance, Nguyen et al. [5] used GloVe embeddings with CNN
classifiers to detect stress levels in Reddit posts, outperforming
classical SVM models.

3.3 Contextual Language Models
Recent advancements emphasize the use of transformer-based

models such as BERT [7], RoBERTa [8], and XLNet [9], which ex-
cel at capturing sentence-level context. Fine-tuning these models
on mental health datasets has shown enhanced performance in
sentiment classification, early depression detection, and emotion
tracking. Tadesse et al. [10] applied BERT to Reddit mental health
data, achieving over 90% F1 scores in suicidal intent detection. Addi-
tionally, lightweight variants like DistilBERT enable deployment in
resource-constrained environments. These models also adapt bet-
ter to demographic and cultural variations in language, enhancing
their effectiveness in population-scale studies.

3.4 Multimodal NLP and Longitudinal Text
Mining

Beyond static text classification, longitudinalmodeling has gained
traction. Analyzing changes in language across therapy sessions
or journal entries aids in monitoring therapeutic progress and re-
lapse detection [14]. Session-wise features such as shifts in affective
language or syntactic complexity are frequently studied.

Multimodal NLP integrates text with other modalities such as au-
dio, facial expressions, and physiological signals. Audio-text models,
for example, jointly assess verbal and vocal indicators of depression
[6], enabling more comprehensive mental health evaluation.

3.5 Ethical and Clinical Considerations
Despite its promise, the application of NLP in mental health

introduces ethical and clinical challenges. Risks include false pos-
itives, stigmatization, and model biases that may reinforce soci-
etal stereotypes [11]. Thus, robust validation, explainability, and
clinician-in-the-loop systems are crucial [13].
Privacy concerns are heightened when models are trained on

public social media data. Techniques such as differential privacy
and federated learning are being explored to protect data integrity
in clinical-grade NLP systems [15].

4 PROPOSED INTEGRATIVE FRAMEWORK
In this section, we present a conceptual framework that inte-

grates Neuro-Symbolic Artificial Intelligence (AI) and Natural Lan-
guage Processing (NLP) for enabling early, understandable, and
causally informed mental health condition diagnosis. Although cur-
rent NLP-based models are highly effective at identifying mental
health indicators, they frequently lack interpretability and are un-
able to make causal inferences about the underlying conditions. In
contrast, neuro-symbolic systems provide domain-grounded logic
and transparency, but they have limited pattern recognition and
small amounts of information. Our proposed framework (illustrated
in Figure 1) integrates both paradigms to leverage their comple-
mentary strengths.

4.1 Stage 1: NLP-Based Feature Extraction
The pipeline begins by parsing unstructured text data, often from

social media posts, therapy transcripts, or clinical notes. The pre-
trained-transformer models (e.g., BERT, RoBERTa, DistilBERT) are



fine-tuned to the mental health-specific corpus to derive contextu-
alized embeddings, encompassing meaning, understanding syntax,
and emotional nuance of psychological states. It is at the beginning
of this pipeline that we will focus on sentiment analysis, emotion
classification, and linguistic markers (e.g., hopelessness, isolation,
guilt).

4.2 Stage 2: Mental Health Feature Detection
Module

The embeddings from the NLP models are then subjected to a
supervised detection module, such as a shallow classifier or light-
weight network, to detect psychological features associated with
diagnostic reasoning. Each feature is then translated into structured
symbolic facts or boolean markers. For example:

• has_hopeless_tone = True
• shows_social_withdrawal = True
• reports_insomnia = False

These symbolic features serve as the inputs for logical reasoning in
the next stage.

4.3 Stage 3: Neuro-Symbolic Inference Engine
In conclusion, applying neuro-symbolic inference allows us to

generate possible diagnoses, and perhaps causes, using the rele-
vant symbolic features. We propose that we make use of frame-
works such as Logic Tensor Networks (LTNs) and Neuro-Symbolic
Concept Learners (NSCLs), which can use fuzzy logic and neural
embeddings. Domain-specific knowledge, such as the diagnostic
rules from the DSM-5 or heuristics specified by the clinician, will
be incorporated by converting them into logic-based structures.

A sample inference rule might be:
IF has_hopeless_tone AND shows_social_withdrawal
AND reports_insomnia THEN probable_depression

The system allows chaining, uncertainty modeling, and causal
linking across symptoms. Therefore, the diagnostic outcomes are
more transparent, and clinicians could access the reasoning path to
the earlier predictions.

Figure 1: Proposed pipeline integratingNLP embeddingswith
neuro-symbolic reasoning for early and interpretable mental
health diagnosis.

4.4 Causal Inference Capability
This was not solely a statistical model; this framework allowing

for causal reasoning through rule-based tracing, and longitudinal
input modeling of symptom correlations. For instance, a user’s shift
in language over time can be captured via sequential inputs and
matched against causal chains like:

IF traumatic_event → emotional_withdrawal
→ suicidal_ideation THEN high_risk_alert

In future work, we aim to extend this capability with temporal
neural-symbolic reasoning and attention-based causal link extrac-
tion from multi-session data.

4.5 Evaluation Strategy and Implementation
Plan

This paper presents a conceptual framework, although we have
described plans for future use and evaluation. We plan to bench-
mark publicly available datasets (e.g DAIC-WOZ, SMHD) on de-
pression detection tasks. We will use baseline models (e.g. BERT,
RoBERTa) against the neuro-symbolic model implementation we de-
fined, via the following standard metrics, F1-score, interpretability
score (based on expert reviews), and reasoning traces for accuracy.
The symbolic rules will be taken from the DSM-5 diagnostic criteria
and encoded as intentional knowledge through frameworks such as
Logic Tensor Networks (LTNs), allowing us to assess the cognitive
and inferential capabilities of the combination.

5 DATASETS AND BENCHMARKING MODELS
Datasets play a pivotal role in advancing natural language pro-

cessing (NLP) for mental health applications. These datasets range
from social media content and clinical transcripts to multimodal cor-
pora that combine textual, audio, and visual signals. Concurrently,
benchmark models have been proposed to ensure reproducibility
and consistency across tasks such as depression detection, suicide
risk evaluation, and stress assessment.

5.1 Commonly Used Datasets in Mental Health
NLP

Recent trends in mental health NLP emphasize the use of publicly
or semi-publicly available datasets. A summary of representative
datasets is provided in Table 1.

Table 1: Representative NLPDatasets forMental Health Anal-
ysis

Dataset Name Task Size

CLPsych [1] Depression, Suicide Risk ∼10k posts
DAIC-WOZ [2] Depression Detection 189 sessions
eRisk [3] Early Risk Detection Varies yearly
SMHD [4] Mental Disorders ∼20k users, 250M

posts
AVEC [5] Multimodal Depression ∼300 sessions

These datasets vary significantly in modality, structure, and annota-
tion quality. While eRisk and CLPsych enable longitudinal studies,
AVEC and DAIC-WOZ are optimized for multimodal analysis.

5.2 Baseline and Advanced Models
Several benchmark studies have employed both classical and

advanced models on these datasets:



• Classical Machine Learning Approaches: Logistic Re-
gression (LR), Support Vector Machines (SVM), and Random
Forests (RF) using features such as TF-IDF and LIWC.
Limitations: Lack of contextual understanding and limited
generalization.

• Deep Learning Models: CNNs, RNNs, and LSTMs have
utilized embeddings like Word2Vec and GloVe.
Strengths: Capture richer abstraction and sequence modeling
patterns.

• Transformer-BasedModels:Models such as BERT, RoBERTa,
and XLNet have demonstrated superior performance in men-
tal health detection tasks by leveraging pretraining on large
corpora.

5.3 Performance Comparison Across Models
Table 2 summarizes a comparative analysis across models for

various mental health tasks.

Table 2: Performance Comparison Across Models

Model Dataset F1-Score (%)

LR + LIWC [6] CLPsych (Suicide Risk) 78.4
LSTM + GloVe [7] eRisk (Depression Detection) 80.5
RoBERTa fine-tuned [10] Reddit (Suicide Detection) 91.8
Adapted BERT [11] SMHD (Mental Disorders) 85.5
Multimodal BERT + Audio [5] AVEC (Depression Severity) 88.5

5.4 Challenges in Dataset Usage
Despite advancements, several challenges persist:
• Label Ambiguity: Reliance on self-reporting or weak labels
reduces annotation reliability [4].

• Class Imbalance: A skew towards healthy samples impacts
generalization [12].

• Temporal Drift: Language evolution necessitates regular
model updates [13].

• Bias and Fairness: Models may inherit platform-specific
biases, limiting applicability [14].

Efforts like active learning, domain adaptation, and ethical dataset
curation aim to address these issues [15].

5.5 Multimodal Benchmarking
Multimodal benchmarks, such as the AVEC challenge, incor-

porate audio-visual and textual features for improved diagnostic
accuracy. Joint models analyze prosody, lexical content, and facial
expressions. For example, Multimodal Transformers have shown
superior performance on severity scoring and classification tasks
[5].

5.6 Benchmarking Challenges and
Standardization Needs

Several factors hinder consistent benchmarking:
• EvaluationMetrics: Inconsistencies in using F1-score, AUC-
ROC, and RMSE.

• Preprocessing Methods: Anonymization and sampling dif-
ferences affect reproducibility.

• Annotation Quality: Non-clinical annotations introduce
noise and variance.

• Ethical Compliance: Clear documentation of consent and
anonymization protocols is often lacking.

Community-driven initiatives such as CLPsych and eRisk Con-
sortium are working towards establishing unified benchmarks to
ensure transparency, fairness, and validity.

6 CHALLENGES AND FUTURE RESEARCH
DIRECTIONS

Natural Language Processing (NLP) has been integrated intomen-
tal health applications, thereby opening new avenues for proactive
diagnostics and monitoring. However, real-world implementations
face several persistent challenges, ranging from data limitations
to modeling and ethical considerations. This section discusses the
key challenges and provides future research directions based on
existing literature.

6.1 Data Scarcity and Annotation Ambiguity
A major bottleneck in mental health NLP research is the inad-

equacy of trustworthy labeled datasets. These datasets often rely
on self-disclosed mental health issues on social media, as discussed
by Coppersmith et al. [3], without clinical validation, thereby com-
promising credibility. Additionally, annotations are typically non-
expert or automated, leading to inconsistencies in labeling quality
and limited reproducibility [14].
Future Direction: Collaboration with clinical institutions to create
validated datasets is crucial. Approaches like data synthesis and
federated learning can help address privacy and scalability concerns
[15].

6.2 Demographic and Platform Generalization
Most current models are designed for specific platforms such

as Reddit or Twitter [6], [10], which limits generalizability across
populations, age groups, languages, and cultural contexts [14].
Future Direction: Develop domain-adaptive and multilingual models
that generalize across linguistic and cultural boundaries. Personal-
ized NLP can reduce generalization errors by capturing user-specific
linguistic nuances [14], [15].

6.3 Temporal and Longitudinal Modeling
Complexity

Mental health is inherently dynamic, yet many current models
treat it as a static classification task. Irregular posting patterns on
social media complicate the task of tracking symptom evolution
over time [14].
Future Direction: Leverage temporal neural networks and attention-
based architectures like BERT and XLNet [7], [9], to capture behav-
ioral drift. Longitudinal datasets should be emphasized for model
training and evaluation [10].



6.4 Need for Multimodal Integration
Mental health cues are not limited to textual expression. Par-

alinguistic signals—such as vocal tone, speech pauses, and facial
expressions—are critical for affective understanding [5]. However,
most current systems are unimodal [6].
Future Direction: Develop multimodal deep learning models that
fuse text, audio, and video to capture richer emotional context [15].

6.5 Interpretability and Clinical Trust
In sensitive domains like mental health, model interpretability

is essential. Although transformer models such as BERT [7], and
RoBERTa [8], offer high accuracy, they are often criticized for being
opaque. Ribeiro et al. [11] highlighted how this lack of transparency
impairs trust and adoption.
Future Direction:Apply explainability tools like SHAP, LIME, saliency
maps, and symbolic explanations [11], [12], [13]. Neuro-symbolic
models offer promising pathways for combining logic-based rea-
soning with deep learning [13].

6.6 Ethical Concerns and Privacy Violations
Many NLP models process sensitive user data without explicit

consent [14]. Ethical standards and privacy-preserving mechanisms
are rarely enforced.
Future Direction: Promote ethical AI frameworks, consent proto-
cols, and incorporate privacy-preserving methods like differential
privacy and federated learning [14], [15].

6.7 Lack of Standardization in Evaluation
The lack of standardized evaluation metrics, preprocessing rou-

tines, and benchmark datasets impedes reproducibility [14]. Lexi-
cons like LIWC [1] and NRC [2] are often inconsistently applied
across studies.
Future Direction: Establish community-wide benchmarks, shared
evaluation protocols, and transparent reporting standards, similar
to those used in traditional NLP tasks [1], [2], [14].

6.8 Toward Personalized and Adaptive Systems
Current systems adopt a generic modeling approach that over-

looks user-specific histories and context. However, mental health
expression is highly personal [3], [6].
Future Direction: Explore meta-learning and online learning meth-
ods that enable continuous adaptation to evolving user behavior
[14], [15], leading to proactive and personalized support systems.

7 CONCLUSION
Natural Language Processing (NLP)-based mental health detec-

tion is a fast-evolving area that can help traditional forms of psycho-
logically assessing the state of mind. Early studies such as LIWC [1]
and NRC Emotion Lexicon [2], as well as more recent transformer-
based technologies such as BERT [7] and RoBERTa [8], have shown
good potential in describing user mental states via online texts.
But we are far from impacting the world despite academic suc-

cesses. Job is done in an environment rife with issues such as dataset
dependability [3], demographic fairness [6], interpretability [11],
and ethical responsibility [14]. Addressing these concerns entails

interdisciplinary collaboration between computer scientists, clini-
cians, ethicists, and politicians.

This paper provides several important contributions: it proposes
a conceptual unification of NLP and Neuro-Symbolic AI with in-
terpretable mental health diagnostics; it reviews classical, deep
learning-based, and symbolic reasoning methodologies in the space;
it discusses important gaps around temporalmodeling, interpretabil-
ity, and ethical datasets; and it offers a concrete plan for testing and
implementing the proposed framework. Next steps for us include
developing a working prototype, potentially using Logic Tensor
Networks along with pre-trained and fine-tuned transformer mod-
els, to benchmark against data such as DAIC-WOZ and SMHD.
Future work should also include a focus on the integration of

multimodal signals [5], longitudinal modelling [10], as well as user-
adaptive systems with monitors that maintain user privacy [14],
[15]. The successful deployment of neuro-symbolic [12],[13] and
explainable AI [11] will be important as we aim to develop a trans-
parent and reliable ethical mental health tool.

More broadly, the aim is not just to improve the state of the art,
but to do so responsibly by leveraging NLP and AI-driven technolo-
gies which can empower one’s clinical decision-making while also
honoring the dignity, and privacy of vulnerable populations.
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