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Abstract: Post-traumatic stress disorder (PTSD) has been recognized as a critical global mental health challenge,
and the application of natural language processing (NLP) has emerged as a promising approach for its detection and
management. In this study, a systematic review was conducted to evaluate the quality, quantity, and consistency of
research investigating the role of NLP in PTSD detection. Through this process, prior research was consolidated,
methodological gaps were identified, and a conceptual framework was formulated to guide future investigations.
To complement the systematic review, a bibliometric analysis was performed to map the intellectual landscape,
assess publication trends, and visualize research networks within this domain. The systematic review involved a
structured search across ScienceDirect, IEEE Xplore, PubMed, and Web of Science, resulting in the retrieval of
328 records. After rigorous screening, 56 studies were included in the final synthesis. Separately, a bibliometric
analysis was conducted on 4,138 publications obtained from the Web of Science database. The findings highlight that
NLP methods not only enhance the detection of PTSD but also support the development of personalized treatment
strategies. Ethical and security considerations were also identified as pressing concerns requiring further attention.
The results of this study underscore the significance of NLP in advancing PTSD research and emphasize its potential
to transform mental health services. By identifying trends, challenges, and opportunities, this study provides a
foundation for future research aimed at strengthening the role of NLP in clinical practice and mental health policy.

Keywords: Post-traumatic stress disorder; Natural language processing; Health system; Systematic review; Biblio-
metric analysis

1 Introduction

The World Mental Health Report 2022 issued by the World Health Organization (WHO) highlights significant
global disparities in mental health care systems and outcomes. It is estimated that one in every eight individuals
worldwide experiences a mental health disorder [1]. Furthermore, individuals suffering from such disorders are at an
increased risk of premature mortality. Among children aged 2 to 17, high levels of emotional, physical, and sexual
violence have been reported, which significantly elevates the risk of developing mental disorders in later stages of
life [2]. Childhood represents a critical period in which adverse experiences can shape emotional and psychological
development. These adverse experiences are linked to a heightened risk of disorders such as depression, anxiety,
and PTSD [3]. Mental health conditions also pose substantial social and economic burdens. For instance, the
global economic cost of mental disorders was estimated at USD 2.5 trillion in 2010, with projections reaching nearly
USD 5 trillion by 2030 [4]. Environmental and societal stressors, including natural disasters (e.g., earthquakes and
floods) and human-made crises (e.g., terrorism), are recognized as major contributors to the onset of mental health
issues. The COVID-19 pandemic further exacerbated this burden; mental health disorders such as PTSD, anxiety,
and depression increased by approximately 25% during the first year of the outbreak, placing additional strain on
healthcare infrastructures worldwide [5].

PTSD is a complex clinical condition characterized by symptoms, including hypervigilance, avoidance behaviors,
cognitive and mood disturbances, and heightened physiological reactivity following a traumatic event [6]. Prevalence
rates vary across populations and contexts; for example, a study conducted in the United States and Canada reported
PTSD prevalence between 6% and 9% [7]. Untreated PTSD can significantly impair social functioning and lead to
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comorbid psychiatric or physical health conditions. Common symptoms include attention deficits, disrupted sleep,
emotional dysregulation, and anger outbursts, which collectively contribute to poor quality of life and may escalate
to suicidal ideation. NLP, a subfield of artificial intelligence (Al), has emerged as a promising tool for analyzing
unstructured text data, including clinical notes, survey responses, and social media content. NLP encompasses
technologies such as speech and emotion recognition, and semantic analysis. Its applications in healthcare are
increasingly diverse, spanning radiology reports, biomedical terminology mapping, and physician documentation.
One of the earliest examples of human—machine interaction via NLP is the ELIZA program developed in 1966 [8].
In modern implementations, NLP often integrates machine learning (ML) and deep learning (DL) to convert raw
text into computable features for classification or prediction tasks. WHO’s 2022 report highlights significant global
disparities in access to mental health services, particularly regarding limited availability of psychotherapy and
shortages in trained professionals [1]. In this context, Al and NLP technologies have emerged as supportive tools
for the early detection and monitoring of mental health symptoms, especially in resource-limited settings. This
study aims to systematically review the current literature on how NLP techniques may contribute to addressing these
systemic challenges in mental healthcare delivery.

The goal of this study is to systematically review and evaluate how NLP techniques have been employed to
support the identification and classification of PTSD-related symptoms. This review also explores methodological
trends, research gaps, and the potential integration of NLP-based tools into clinical workflows.

The research questions addressed in this study are as follows:

1. How have NLP techniques evolved specifically in the detection of PTSD?

2. What are the focal areas of NLP-based trauma research aimed at identifying PTSD?

3. Which NLP approaches have been used specifically for PTSD detection, and how were they applied?

4. What are the methodological challenges in using NLP for PTSD classification?

5. Can Al-based PTSD detection approaches be realistically integrated into healthcare systems?

The structure of this study is organized as follows: Section 2 outlines the methodology; Section 3 discusses
PTSD and associated research methods; Section 4 reviews NLP methods used in PTSD-related studies; and Section
5 presents the results and discussion.

2 Research Methodology

In this systematic review, the primary objective was not to establish a direct diagnostic framework for PTSD
using NLP techniques, but rather to assess the potential of NLP methods for detecting PTSD-related symptoms in
unstructured text data. The focus was on identifying and extracting key symptoms and linguistic markers associated
with PTSD, as reported in the literature. As such, the reviewed studies predominantly have utilized NLP for the
detection and classification of PTSD symptoms rather than formal diagnostic assessment based on clinical criteria.
The number of studies conducted in the field of mental health is increasing on a daily basis. A bibliometric analysis
and systematic literature review in this field are anticipated to serve as a roadmap for researchers. A research project
specifically focused on PTSD in the field of mental health can provide guidance on general trends, potential issues,
and solutions. To this end, bibliometric analysis can be used to examine research trends and structural patterns in
the literature [9]. In order to achieve this objective, a comprehensive and systematic analysis of a substantial corpus
of studies was conducted. This analysis generated a map of the trends and latest developments. The general process
of the literature review in this study is illustrated in Figure 1.

2.1 Bibliometric Analysis Method

Bibliometric analysis has been used for several decades to examine patterns in scientific publications [9].
The bibliometric analysis of publications, including articles, papers and books on a specific subject, allowed for the
identification of emerging trends, collaborations and research components. Furthermore, it was employed to examine
the intellectual structure of a subject area that is of interest to researchers. The existence of extensive databases such
as Scopus and Web of Science has greatly enhanced the accessibility of a vast array of publications. Consequently,
researchers have been able to conduct bibliometric analysis on big data in a more effective manner. The field of NLP
has undergone significant advancements over the past decade. These developments have resulted in the production of
a substantial corpus of articles, papers, and books. It is therefore evident that there is a growing need for bibliometric
analysis in the field of NLP. Selecting the most appropriate parameters for a bibliometric analysis within a specific
field is a crucial aspect of the process. To illustrate, the number of citations can be employed to determine the
relative importance of each publication. Furthermore, the citation network between publications can be employed
to analyze relationships between publications, thereby identifying the most influential articles in the field of interest.
Additionally, data regarding the countries in which the publications are concentrated can be obtained. Bibliometric
analysis encompasses a vast publication network within the applied database, and thus the collected information can
be presented graphically. In this study, VOSviewer was utilized to construct and visualize co-authorship, co-citation,
and keyword co-occurrence networks [10].
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Figure 1. Literature review process

2.2 PRISMA Method

The Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 2020 guidelines provide
an updated framework for reporting systematic reviews and meta-analyses [11]. While earlier systematic reviews in
this field commonly followed the PRISMA 2009 guidelines [12], the present study adheres to the updated PRISMA
2020 framework to ensure improved transparency and reporting rigor [11]. The systematic review method is a
frequently employed approach for empirically evaluating, developing a critical perspective, and summarizing data
collected by researchers. Systematic reviews assist in determining future research priorities. Additionally, systematic
reviews facilitate the synthesis of information about a research field and identify potential issues that may emerge in
the future by utilizing the information obtained.

Following the PRISMA 2020 guideline, the article selection process was updated to provide detailed counts at
each stage. Specifically, during the title and abstract screening, 198 articles were excluded due to irrelevance to
PTSD or NLP. At the full-text assessment stage, 35 articles were excluded, primarily because they were reviews, did
not apply NLP methods directly, or treated PTSD as a secondary topic.

3 Research Methodology for PTSD

Two research methods were selected for the examination and analysis of studies on the detection of PTSD using
NLP methods. These are bibliometric analysis and a systematic literature review method, respectively.

3.1 Bibliometric Analysis and Results

This bibliometric analysis was conducted in accordance with the Guideline for Reporting Bibliometric Reviews
of the Biomedical Literature (BIBLIO) [13] which outlines minimum reporting standards for bibliometric reviews
in biomedical literature. The guideline was followed to structure the processes of database selection, search strategy
development, inclusion/exclusion criteria definition, data extraction, performance analysis, and science mapping.
In particular, the Web of Science database was selected, and search strategies were designed based on keywords
(Table 1). The analysis covered aspects such as publication trends, country-wise distributions, co-authorship patterns,
citation counts, institutional productivity, keyword co-occurrence, and document-based bibliographic coupling.

In the initial phase of this study, the bibliometric analysis method was employed. This approach enabled us
to examine the trends in the utilization of NLP in the domain of health. The bibliometric analysis method entails
the examination of publications sourced from pertinent databases on research within a particular field. It entails
the analysis, mapping and visualization of these publications under specific parameters, thereby providing guidance
for researchers regarding the field under investigation [11]. In the course of this research on the use of NLP in
the detection of PTSD, the requisite information for the research query was gathered and the requisite analysis was
conducted. To this end, the Web of Science database was used, which is one of the leading databases of abstracts
and citations of major peer-reviewed publications, including journal articles, conference proceedings, books, and
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Table 1. Search criteria for NLP in computer science

Database Research Scope Keywords Language

(“natural language processing” OR
“Transformers” OR “language
models” OR “text analysis”) AND English
(“healthcare” OR “electronic health
records” OR “unstructured data”)

Articles, papers, book chapters,
inprogress documents, review articles,
and early access items published
between 2012 and May 2024

Web of Science

book chapters. A search was conducted in May 2024 utilizing the keywords outlined in Table 1. A total of 4,138
results were obtained from the research conducted by selecting all fields, including the title, author, and publication
title. The corpus comprises 2,873 articles, 498 ongoing documents, 446 review articles, 143 early access items, 81
meeting abstracts, 72 editorial materials and 25 book chapters published between May 2012 and 2024. The data
obtained from the study was subjected to evaluation under a number of different headings, including those relating
to the increase in published material, the number of publications produced by individual countries, an analysis of
the number of authors contributing to each publication, an analysis of the number of times each author has been
cited, an analysis of the most productive organizations, an investigation into the co-occurrence of keywords, and a
document-based bibliographic matching exercise.

For the bibliometric analysis, the Web of Science database was chosen over Scopus. This decision was made
because Web of Science offers more standardized citation metadata, higher consistency in author and institutional
affiliations, and strong compatibility with visualization tools such as VOSviewer. Although Scopus has broader
coverage, it contains more duplicates and heterogeneous document types, which may compromise the precision of
bibliometric mapping. Moreover, previous bibliometric guidelines (e.g., BIBLIO) frequently recommend Web of
Science as the primary source for systematic bibliometric reviews in biomedical fields.

In this study, a comprehensive search strategy was developed to identify publications related to the use of NLP
in the detection of PTSD. The search was performed in the Web of Science database in May 2024. The following
keywords were used: “post-traumatic stress disorder,” “PTSD,” “natural language processing,” and “NLP.” These
terms were combined using Boolean operators (AND, OR) to create the final search string. The search was conducted
across all fields, including title, author, keywords, and abstract. A total of 4,138 documents were retrieved using this
strategy, covering the period from May 2012 to May 2024. The inclusion and exclusion criteria below were applied
during the selection of documents. The inclusion criteria were (i) publications written in English; (ii) documents
categorized as articles, review papers, conference papers, or book chapters; and (iii) studies addressing the use of
NLP in the context of PTSD. The exclusion criteria were (i) publications not written in English; (ii) documents such
as editorials, meeting abstracts, letters, or commentaries; and (iii) studies not directly addressing the relationship
between PTSD and NLP.

3.1.1 Publication increase

Based on the documents obtained from the Web of Science database, 4,138 documents published in the field of
NLP and health since 2012 were classified according to years. As seen in Figure 2, 212 documents were accessed in
2012 and more than 700 documents were published by May 2024. It is seen that the interest of researchers working
in this field increases with each passing year. Rapid developments in Al have increased the possibilities of using this
technology in the field of healthcare.

Publication Increase Graph
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Figure 2. Annual publication numbers
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3.1.2 Publication numbers by country

The distribution of more than 4,000 documents taken from the Web of Science database by country was examined.
The most common country in these distributions is the United States. Figure 3 shows the distribution of the ten
countries that published the most documents. Based on these publication numbers, it is seen that the United States
is focusing on Al studies in the field of health. Pioneering studies have been carried out by the United States on the
use of NLP in the healthcare sector.

Publications By Country
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Figure 3. Number of publications by country

In addition, it is seen that the United Kingdom and China have contributed to the developments in this field
with over 300 publications. The United States, on the other hand, published seven times more documents. A
cross-validation between the bibliometric and systematic review findings reveals a strong degree of consistency.
Countries that ranked highest in publication output in the bibliometric analysis, such as the United States and the
United Kingdom, also contributed the majority of high-quality studies included in the systematic review, often
relying on Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition (DSM-5) criteria and advanced NLP
methodologies. In contrast, some countries such as China, while highly productive in bibliometric counts, were less
represented in the systematic review due to stricter methodological inclusion criteria. This comparison highlights
both convergence and divergence across the two analyses, thereby strengthening the reliability of the conclusions of
this study.

3.1.3 Co-authorship analysis

The act of co-authorship represents a tangible expression of scientific collaboration within a particular field of
study. In the context of academic publishing, co-authorship refers to a publication where two or more individuals
contribute to the work together [14]. It encourages academic creativity and improves the quality of scholarly work
by providing a forum for the exchange of ideas and knowledge among authors. Using VOSviewer, a joint author
analysis was conducted based on the criteria shown in Figure 4. Hongfang Liu is identified as one of the most prolific
collaborative authors in this field, with 69 documents. The top 10 authors in the field are presented in Table 2.

3.1.4 Author citation analysis

An author citation analysis enables the relationship between studies in the relevant field to be identified. Re-
searchers employ citations to establish a connection between their own studies and those in the existing literature,
thereby facilitating their own contributions to the field. This approach allows the connections between studies on
a given subject and between authors to be revealed [15]. A citation analysis was conducted on 4,138 documents
retrieved from the Web of Science database. The most frequently cited author is Hongfang Liu, with 1,521 citations.
The list of the most cited authors is presented in Table 3. Despite having only two publications, authors such as
Katherina Chou and Greg Corrado have a high citation count of 1,291. Using VOSviewer, a joint author citation
analysis was conducted based on the criteria shown in Figure 5.

3.1.5 Most productive organizations

Vosviewer was used to examine 4,138 documents retrieved using the relevant keywords. The organizations that
support researchers in this field were listed. Table 4 shows the top ten organizations according to the number of
documents. Harvard Med School is the most supportive institution, with 165 documents in this field. It has been
observed that Mayo Clinic College of Medicine and Science allocates large amounts of resources to researchers on
this subject.
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In total, there are 3,266 organizations that support researchers in this field. While some of these organizations
have published only one document, some have published 100 or more documents. Figure 6 also shows the map of
all organizations.

ol

hermagécaffyssarc, tina ' 8 stewart, robert

shettyphjiesh

Figure 4. Graphical representation of the co-authorship analysis

Table 2. Search criteria for NLP in computer science

Author Name Documents

Liu, Hongfang 69
Stewart, Robert 42
Xu, Hua 36
Sohn, Sunghwan 33
Zhou, Li 32
Cai, Tianxi 31
Zhang, Rui 28
Wang, Yanshan 27
Fu, Sunyang 26
Topaz, Maxim 26

Table 3. Search criteria for NLP in computer science

Authors Citation Counts
Liu, Hongfang 1,521
Chou, Katherine 1,291
Corrado, Greg 1,291
Cui, Claire 1,291
Dean, Jeff 1,291
Depristo, Mark 1,276
Esteva, Andre 1,276
Kuleshov, Volodymyr 1,276
Ramsundar, Bharath 1,276
Robicquet, Alexandre 1,276
Thrun, Sebastian 1,276

3.1.6 Co-occurrence of keywords

Keywords are employed by researchers to provide a concise summary of their studies. The combination of
keywords serves to guide researchers in their exploration of a given research field. Furthermore, the use of keywords
has been shown to enhance the likelihood of an author being recognized within their respective field of expertise. In
this study, the term “natural language processing” was identified as the most frequently occurring keyword, with a
total of 1,655 repetitions. Table 5 shows the list of the most used keywords. Figure 7 presents a map illustrating the
frequency of occurrence of keywords across 3,667 documents.
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Figure 5. Map of the author citation analysis

Table 4. Search criteria for NLP in computer science

Establishment Document Citation Number
Harvard Med. Sch. 165 2,380
Mayo Clin. 141 2,837
Brigham & Women’s Hosp 112 2,641
Univ. Utah 111 1,797
Massachusetts Gen. Hosp. 102 2,869
Vanderbilt Univ. 102 2,137
Stanford Univ. 96 2,894
Kings Coll London 91 1,648
Columbia Univ. 78 1,899
Univ. Penn 72 1,490

harvariimied sch

Figure 6. Graph of productive organizations

3.1.7 Document-based bibliographic matching

The analysis is conducted by examining the intertextual relationships between the documents. The referencing
technique employed in a given document can be classified into two main categories: bibliographic coupling and
co-citation. Bibliographic matching refers to the practice of citing the same publication in two different sources,
whereas co-citation denotes the referencing of two distinct publications in a single source. The list of documents that
received the highest number of bibliographic matching citations among the 3,667 documents is presented in Table 6.
The document by Esteva et al. [16] has been cited by 1,276 different documents. In addition, the document by Jiang
et al. [17] is expected to guide researchers working in this field by citing 1,150 different documents. A map of all
documents is given in Figure 8.
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Table 5. Search criteria for NLP in computer science

Keywords Number of Co-occurrences
natural language processing 1,655

machine learning 545
electronic health records 509
deep learning 336
artificial intelligence 264
text mining 136
NLP 104
sentiment analysis 103
COVID-19 90

naturdl ta

Figure 7. Co-occurrence of keywords in PTSD-related NLP studies

Table 6. Search criteria for NLP in computer science

Reference Number of Citations

Estexa et al. [16] 1,276

Jiang et al. [17] 1,150
Lundervold and Lundervold [18] 869
Ting et al. [19] 525
Dharmage et al. [20] 492
Zhang et al. [21] 433
Lee and Yoon [22] 380
Price et al. [23] 364
Wang et al. [24] 334
Perera et al. [25] 310
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Figure 8. Bibliographic matching map of top-cited PTSD NLP studies
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3.1.8 Limitations

This study has certain limitations. Firstly, the analysis was limited to publications indexed in the Web of Science
database, potentially excluding relevant studies listed in other academic databases such as Scopus, PubMed, or
IEEE Xplore. Secondly, only publications written in English were included, which may have led to the omission
of significant research published in other languages. Finally, while bibliometric indicators such as citation counts
and co-authorship analysis provide valuable quantitative insights, they may not fully capture the qualitative impact
or methodological quality of the included publications.

3.2 Comprehensive Review of Advanced NLP Techniques

This section outlines key NLP techniques used in computer science. To classify textual data, words must first
be converted into numerical vectors. The second step involves interpreting these vectors, and the final step is the
assessment of model performance using classification algorithms. This section is divided into three parts: text
representation, neural network architectures, and pre-trained language models. Text representation refers to the
process of making natural language texts processable by computers [26], which can only handle numerical vectors.
Thus, text must be transformed into mathematically expressible forms. These methods fall into two main categories:
discrete and continuous representations, mainly differing in how they preserve the size and structure of data. These
vector formats allow for mathematical operations and similarity calculations between texts.

3.2.1 Discrete text representation

Digitizing text for computer processing is a key concern in digital humanities. Researchers have proposed
various methods to address this. Discrete text representation converts documents of different lengths into fixed-
length vectors [27], typically by indexing unique words as a dictionary. Each vector has the same length as the
dictionary, marking present words with “1”” and others with “0” Common methods include the bag-of-words model,
Term Frequency-Inverse Document Frequency (TF-IDF), and n-gram. The sparsity of one-hot vectors led to the Bag
of Words (BoW) model, where texts are represented by a matrix with rows for sentences and columns for unique
words with dimensions depending on sentence count and vocabulary size [28].

TF-IDF is a statistical method used to assess word significance in a document [26]. Term Frequency (TF)
reflects how often a word appears, while Inverse Document Frequency (IDF) shows its rarity across the corpus.
Words with high TF and IDF scores are considered important. TF-IDF is widely applied in information retrieval,
text classification, recommendation systems, and text mining. Another key method is n-gram representation, which
splits text into sequences of n words (e.g., bigrams for two words and trigrams for three) [27]. This approach retains
word order and context, making it valuable in language modeling, sentiment analysis, automatic classification, and
recommendation systems.

3.2.2 Continuous text representation

Continuous text representation mathematically maps words into a high-dimensional vector space to preserve
semantic similarity [29, 30]. Models like Word to Vector (Word2Vec), Global Vectors for Word Representation
(GloVe), and FastText learn these vectors from large text corpora, capturing meaning and context. This method
is widely used in NLP tasks such as sentiment analysis, classification, and information retrieval [31, 32]. Latent
Semantic Analysis (LSA) identifies semantic relationships in texts by transforming a term-frequency matrix into
a lower-dimensional space using Singular Value Decomposition (SVD) [33]. It enables grouping of semantically
similar words and documents, but its limitations lead to the development of advanced methods like Word2Vec. LSA
reduces a term-frequency matrix to a lower-dimensional space using SVD, grouping semantically related words
and documents, though it has limitations that lead to more advanced models like Word2Vec [33]. Latent Dirichlet
Allocation (LDA) is a probabilistic model that identifies hidden topics in document collections [34]. It assumes that
documents are mixtures of topics, and words are linked to topics probabilistically, often using algorithms like Gibbs
sampling to uncover thematic structures.

Word2Vec generates word embeddings that capture semantic relationships by training on large corpora [31]. It
includes Continuous Bag of Words (CBOW), which predicts a word from its context, and Skip-gram, which predicts
context from a word. These vectors place semantically similar words closer in space and are widely used in NLP tasks
like classification and sentiment analysis. Dynamic word representation allows word embeddings to adapt over time
and across contexts, addressing the limitations of static vectors [35]. This is crucial for analyzing rapidly evolving
language use, such as on social media, where words like ’cool” may shift in meaning depending on context. These
models enhance language understanding by capturing temporal and contextual semantic shifts. Contextualized word
embeddings, such as Context Vectors (CoVe), Embeddings from Language Models (ELMo), Generative Pre-trained
Transformer (GPT), and Bidirectional Encoder Representations from Transformers (BERT), generate vectors that
vary with context, reflecting a word’s meaning dynamically. These are typically trained on large-scale language
modelling tasks to create context-sensitive representations [36].
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Context2Vec builds on this by learning word or phrase representations based on their surrounding context,
offering deeper insight than traditional fixed embeddings [37]. Context2Vec uses neural networks, often Recurrent
Neural Network (RNN) or Transformer-based, to generate word embeddings that reflect immediate context [38].
For example, in “The bank is by the river”, it distinguishes between meanings of “bank” by analyzing surrounding
words. This enhances performance in tasks like language modelling, sentiment analysis, and machine translation
by capturing nuanced semantic relationships. CoVe, on the other hand, generates contextual embeddings using
Bidirectional Long Short-Term Memory networks (BiLSTM) that process text in both directions [36]. This allows
the model to consider both preceding and following words, producing richer word representations. CoVe has shown
strong results in tasks like question answering, sentiment analysis, and named entity recognition by better capturing
contextual meaning.

3.3 Neural Network Architectures

Inrecent years, there has been a notable increase in the utilization of artificial neural network models by researchers
in the field of health-related text analysis. Amongst the most prevalent are Convolutional Neural Network (CNN),
Long Short-Term Memory (LSTM), RNN and Transformer-based architectures.

3.3.1 CNN

Initially successful in image processing, CNNs have since proven highly effective in NLP. Designed to capture
local patterns and dependencies in word sequences, CNNs apply convolution operations to extract key features from
text. These operations help identify important structures, such as nearby word relationships. CNNs are widely
used in NLP tasks like sentiment analysis, text classification, summarization, and language modeling, significantly
enhancing structural understanding of textual data.

3.3.2 LSTM

LSTM networks, a type of RNN, were developed to address the vanishing gradient problem and capture long-term
dependencies in sequences [39]. They feature internal memory cells and three gates of forget, input, and output that
regulate information flow. These gates allow LSTM to retain or discard information as needed, enabling learning
across longer contexts. LSTMs are widely used in NLP tasks such as machine translation, sentiment analysis, speech
recognition, and text generation, where understanding sequence and context is critical. Their ability to model syntax,
semantics, and discourse has significantly improved language modelling.

3.3.3 RNN

RNNss are designed to model sequential data by retaining an internal state and using feedback loops to capture
temporal dependencies [40]. Unlike feedforward networks, RNNs process sequences recursively, making them
suitable for tasks involving variable-length inputs. However, they face the vanishing gradient problem, which limits
their ability to learn long-term dependencies. To address this, enhanced versions like LSTM and Gated Recurrent
Unit (GRU) include gating mechanisms that improve information retention over longer sequences. RNNs are widely
applied in NLP, time series analysis, and speech recognition, particularly in language modeling, translation, sentiment
analysis, and entity recognition.

3.3.4 Transformer-based language models

Transformer-based models, introduced by Vaswani et al. [41], revolutionized NLP by replacing recurrent and
convolutional layers with a self-attention mechanism. This allows them to capture long-range dependencies and
process sequences in parallel, boosting efficiency. Models like BERT and GPT have achieved state-of-the-art results
in tasks such as classification, question answering, and machine translation [42]. Pre-trained on large corpora, they
offer strong linguistic representations adaptable to various applications. Their success has led to widespread use in
academia and industry, enhancing NLP capabilities across numerous domains.

3.4 Systematic Literature Review and Results

This systematic review was conducted in accordance with the updated PRISMA 2020 guidelines. The study
aimed to synthesize the current state of research on the use of Al and NLP in the detection of PTSD. A PRISMA 2020
flow diagram was used to document the screening process, and a completed PRISMA 2020 checklist was provided
as supplementary material. This review did not include a quantitative meta-analysis. Therefore, no formal data
extraction of statistical outcomes (e.g., sample sizes, confidence intervals, and effect sizes) was performed. Instead,
a thematic and bibliometric synthesis approach was applied. Each eligible study was manually reviewed and coded
using a structured extraction framework. The following key data items were recorded for each study: title, first
author, publication year, database source, dataset type, target task (e.g., classification or detection of PTSD), applied
NLP or Al techniques (e.g., RNN, LSTM, and BERT), language of the dataset, and study context (e.g., clinical
or social media). This information was manually organized into an Excel spreadsheet and served as the basis for
qualitative comparison and thematic categorization. As no meta-analysis was conducted, formal statistical tests for
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reporting bias (e.g., funnel plot analysis) and formal risk of bias tools such as the Revised Cochrane Risk of Bias Tool
for Randomized Trials (RoB 2) or Risk Of Bias In Non-randomized Studies—of Interventions (ROBINS-I) were not
applied. However, potential sources of methodological limitations such as small sample sizes, dataset imbalance,
insufficient reporting, and domain specificity were noted qualitatively during the screening process. These factors
were taken into account when evaluating the robustness of each study’s findings.

Similarly, a formal certainty of evidence assessment tool such as Grading of Recommendations Assessment,
Development and Evaluation (GRADE) was not utilized due to the absence of aggregate quantitative outcomes.
Nonetheless, the overall reliability of included studies was considered based on the consistency of reported results,
methodological transparency, and dataset characteristics (e.g., annotation quality, linguistic variability, and popula-
tion representativeness). A systematic literature review is a type of review article that aims to identify evidence-based
clinical effectiveness on a given problem in order to provide recommendations for the resolution of specific research
topics. The objective of a systematic literature review is to synthesize existing research, identify gaps in the existing
research landscape, produce a coherent report, and create a research framework. In this study, databases such as
ScienceDirect, IEEE, Web of Science and PubMed were scanned. A systematic literature review was conducted
in accordance with the PRISMA method and meta-analysis. The following steps were followed for the systematic
literature review in the study:

Step 1: Identifying a research question.

Step 2: Determining the database to be researched.

Step 3: Identifying keywords.

Step 4: Review of title, abstract and keywords.

Step 5: Literature eligibility criteria (inclusion and exclusion criteria).

3.4.1 Keywords selection

A systematic literature review was conducted to determine research topics. These were evaluated in relation to
PTSD and Al and search terms were identified. The research terms are provided in the table. The research was
conducted using these keywords in relevant databases. The selected keywords are given in Table 7.

The research was conducted using databases that had been previously identified through the application of a
keyword selection process. The relevant keywords were determined to be “post-traumatic stress disorder” “PTSD”
“natural language processing” “recurrent neural network” “RNN” “NLP” “language models” and “Transformers”.
The research text was created by combining the keywords into two groups. The resulting search string was as follows:
(“post-traumatic stress disorder” OR “PTSD”) AND (“recurrent neural network” OR “RNN” OR “natural language
processing” OR “NLP” OR “language models” OR “Transformers”).

Table 7. Search criteria for NLP in computer science

Keywords

post-traumatic stress disorder
PTSD
recurrent neural network
RNN
natural language processing
language model
Transformers

3.4.2 Research questions

A systematic literature review is a process that begins with the formulation of research questions. These
questions serve to guide the investigation and facilitate the analysis of the subject matter. Table 8 illustrates the
research questions and objectives associated with the detection of PTSD using NLP methods.

3.4.3 Exclusion criteria and database results

a. Articles published before 2012 are not selected.

b. Articles that use PTSD disorder as a subheading of another disease are not selected.

c. Articles written in a language other than English are not selected.

Studies written in English were searched between January 2012 and May 2024 through ScienceDirect, IEEE,
PubMed and Web of Science. Following the PRISMA guideline, 206 studies were identified from ScienceDirect, 12
from the IEEE database, 29 from PubMed, and 37 from Web of Science. A total of 328 documents were examined.
The results obtained are shown in Table 9. The article selection process is shown in Figure 9. Although 29 records
were initially retrieved from PubMed, only two articles met the inclusion criteria. Most PubMed results were
clinical or biological studies not directly related to NLP, or general psychiatric research where PTSD was treated as
a secondary aspect. In some cases, NLP was mentioned in the abstract, but a full-text review revealed insufficient
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application of NLP techniques for PTSD detection. Therefore, the low number of included articles is due to the
characteristics of PubMed-indexed literature rather than overly strict selection, minimizing the risk of selection bias.

Table 8. Search criteria for NLP in computer science

Number Question Purpose
| What are the challenges associated with the utilization Identifying the challenges experienced and
of NLP for the classification of PTSD? determining solutions

Can Al be used for the detection of PTSD in the

2 Determining its impacts on the healthcare system
healthcare system?
3 What are the datasets used in PTSD detection? What Evaluating the methods used based on specific
are the challenges of these datasets? criteria
What are the Al techniques used in solving PTSD? o o
o Identifying the challenges and opportunities in
What are the opportunities and challenges of these . . .
. . . . . mental health disorder detection using NLP
techniques in mental health disorder detection using .
techniques
NLP?
Table 9. Search criteria for NLP in computer science
Database Number of Articles Number of Articles Included Number of Excluded Articles
Name Found
ScienceDirect 240 27 213
IEEE 15 8 7
Web of Science 44 19 25
PubMed 29 2 27

ScienceDirect, [EEE, Web of Science and PubMed
g ScienceDirect: 240,
= IEEE: 15, PubMed: 29, . .
54 Web of Science: 44 4 Identical articles were removed
!:é' Records identified from before screening. (1= 27)
o databases: 328
=
" Examining the Title, | Excluded Documents
E Abstract and_Mithocl section Y Not related to NLP (z = 73)
g (n=328) Review documents (1= 37)
w Not related to PTSD (n = 40)
+ Not related to Text Analysis (n = 58)
The suitability of the
documents was evaluated
Excluded Documents
(n=59) (n=35)
2
2 v
o
K]
Documents Included in the
Review
(n=24)

Figure 9. Article selection process
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4 NLP Methods Used in PTSD

A categorization and examination of NLP methods used in the detection of PTSD was conducted. Furthermore,
an investigation was undertaken into the evolution of NLP methods between 2012 and 2024, with a particular focus

on their utilization in the early detection of the disease.

4.1 Classification of NLP Techniques Used in PTSD

This analysis examines approaches used in research on PTSD by comparing NLP methods and techniques used

in various studies. The results obtained are shown in Table 10.

Table 10. NLP techniques

Comparative
Reference NLP Techniques Strengths Weaknesses performance /
applicability
Text mining, Support
Vector Machine SVM and LR achieve
(SVM), Logistic Effective at Limited moderate accuracy
[43] Regression (LR), identifying PTSD generalizability due  (~ 70-75%) in small
text cleaning, features from to small sample size narrative datasets;
tokenization, narratives (159 narratives) good for pilot studies
lemmatization, and but not scalable
stop word removal
SVM generally
SVM, Naive Bayes Useful for quality outperforms NB in
(NB), text cleaning, assessment of May not capture precision; suitable
[44] tokenization, entity therapy notes and nuanced meanings in for structured text
recognition, and automated therapy notes (therapy notes) but
sentiment analysis classification weaker in nuanced
semantics
NB and DT are
NLP, entity Less effective for simple, 1nterpret?1ble
L. . . . methods; effective
recognition, Good for high-level  detailed text analysis
o o . for structured
[45] standardization, NB,  conceptualization of and requires .
.. . ) Electronic Health
and Decision Tree medical notes substantial manual
. Records (EHR) data
(DT) labeling
but weaker on
unstructured text
NLP keyword - RF sh.ows. better
. . Limited by the generalization than
extraction. Comprehensive r
o . specificity of the text LR on psychotherapy
[46] Algorithmic analysis of .
. Cy . data used (e.g., notes; LR remains
matching. Validation  psychotherapy usage sychotherapy notes)  robust with smaller
with EMR codes. psy 24 ’
structured data
SVM. NB, text SVM performs better
. . . .. than NB (~75% F1)
cleaning, speech Effective for realtime  Speech recognition
.o . .o . when ASR accuracy
[47] recognition, distress detection in ~ accuracy may impact . . . .
. C is high; applicable in
language modeling, crisis situations the results . .
. real-time crisis
and data coding
systems
. . NB is faster for
LR, NB, text Effecnv.e for May not generalize categorical data; LR
cleaning, data assessing o non-Veterans is more robust with
[48] ’ psychotherapy Affairs (VA) settings

standardization, and
missing data analysis

implementation in a
clinical setting

or other types of
psychotherapy

continuous data;
both are limited to
VA datasets
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Comparative

Reference NLP Techniques Strengths Weaknesses performance /
applicability
Complex NN > 80% F1 on
NN, SVM, text Innovative use of metho dI()) o clinical records;
[49] cleaning, data cognitive computing otentiall ligiy,h better than SVM in
normalization, and methods for pcom utat};onil large datasets, but
statistical methods differential diaznosis P requires strong
requirements
hardware
SVM, LR, text SVM slightly
7 Effective for . outperforms LR in
cleaning, Limited by data .
e automated PTSD . . short self-narratives;
[50] tokenization, . diversity and sample
L screening from . accuracy ~70-75%,
lemmatization, and . size 7.
ston word removal self-narratives limited
P generalizability
Heuristic algothms, Useful for novel . .. Effective for
DT, text cleaning, Pilot study, limited )
. template . exploratory tasks;
[51] template extraction, . . . sample size (5,000 .
. identification from low scalability and
and entity . records) L
recognition medical records generalization
Deep Neural CNN/DNN achieve
Neton; k (DNN) Advanced neural Requires extensive >80-85% accuracy
(52] CNN. text cleanin’ network techniques, computational in psychiatric notes;
NILP and data & good for complex resources and data best for large text
norrrlalization pattern recognition normalization corpora and require
GPUs
LR, NB, text Large-sF:ale analysis, Data quality and Both scalf.: Well; LR
. applicable to a . . offers stability, NB is
[53] cleaning, NLP, and . consistency issues
L national healthcare faster but less robust
data standardization across a large system . .
system with noisy data
oo Gmene Mambe mror
[54] cleaning, NLP, and roeress and E (I))nveteran applicability
data standardization progre . restricted to VA data
outcomes in veterans populations
LR, SVM, text Focus on Limited to Twitter SV]I,\V/IV iltl;r:jfi;ljf:srse
[55] cleaning, sentiment explainability and data, which may not better: LR is easier
. analysis, and topic trustworthiness in capture all aspects of .
. . . to interpret but less
modeling Twitter analysis PTSD
accurate
S Stable over time but
LR, NB, text aIr;zln ‘(’;litsug\l]z?la M;}l]al;e :SITienc:ie;it;)y sensitive to changes
[56] cleaning, NLP, and Y & in data capture; NB

[57]

(58]

data standardization

Transformerbased
models, multi-aspect
transfer learning, text

cleaning, language

modeling,
multilingual
embeddings

NN, LR, text
cleaning, NLP, and
sentiment analysis

significant time
period

Effective for
detecting mental
disorders in
lowresource
languages; strong
performance on
social media data
Advanced Al
methods for
predicting longterm
outcomes, effective
sentiment analysis

collection methods
over time

Limited
generalizability to
clinical datasets;
performance
depends heavily on
pre-trained
transformer quality

Requires substantial
computational
resources and

highquality data

is simpler, LR is
more robust
Transformer models
outperform
traditional ML
baselines; strong
semantic sensitivity
but computationally
heavy
NN achieves >80%
Fl in longitudinal
datasets; LR is less
accurate but efficient
on smaller sets
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Reference

NLP Techniques

Strengths

Weaknesses

Comparative
performance /
applicability

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

Neural networks,
language modeling,
text cleaning,
sentiment analysis

Social media
analytics, text
analysis, and emoji
analysis

Bollo. TF-IDF,
logistic regression
(LR), random forest
(RF), Naive Bayes
(NB), multilayer
perceptron (MLP)
neural network
LSTM, RF, survey
data cleaning,
missing data
imputation, text
normalization, and
data labeling

SVM, NB, text
cleaning, NLP, entity
recognition, and text

normalization

MentalBERT and
processing of EMR
data

ML modeling
analysis and data
mining

LDASSes (dynamic
topic modelling)

Effective in
predicting longterm
trauma-related
outcomes; sentiment
features significantly
improve prediction
Interdisciplinary
approach combining
linguistics and cyber
psychology,
bilingual analysis
(English and Arabic)

Combines structured
EMR data with NLP
features;
interpretable ML
models work well on
sparse EHR text

Focus on a specific
and important issue,
effective for handling
sequential data

Large-scale data
from national
healthcare systems,
effective for
largescale analysis
High precision and
recall in capturing
PTSD from EMR
data, combining
structured and
unstructured data.
Personalized
approach, focus on
postpartum PTSD,
presented at many
conferences
Identification of
time-sensitive
suicide risk variables
improved over the
REACHVET model

Requires sufficiently
large training
datasets;
interpretability of
deep models is
limited

Performance limited
by EMR sparsity and
missing data; MLP
requires more
computation

Limited to a specific
population and data

type

Data quality and
consistency issues
across a large system

Model performance
may vary depending
on data quality,
requiring extensive
preprocessing of
EMR data.

Limited to women’s
health context,
specific to birth

experiences

Requires large data
sets, may not
generalize well to
smaller cohorts

Neural models
outperform simpler
baselines in most
scenarios; LR is not
reported in the
original study

Strong in exploratory
social/cyber
psychology; weak
comparability with
clinical data

RF and MLP
perform better than
LR/NB in EHR
classification; Boll +
TF-IDF remain
interpretable and
stable
LSTM is >80%
accuracy on
sequence data; RF is
stronger with
tabular/structured
inputs
SVM is generally
more accurate; NB is
faster but less robust
with heterogeneous
data

BERT-based models
have >85% Fl,
state-of-the-art;

strong but
compute-intensive

Promising in
postpartum data; not
easily generalizable
outside women’s
health

Works best in
longitudinal VA
datasets; not reliable
for small cohorts

He et al. [43] proposed the use of TF-IDF and n-gram models, in conjunction with verbal feature analysis and text
mining techniques, to effectively detect the symptoms of PTSD. While this approach is effective in detecting PTSD
symptoms based on self-narratives, it is constrained to self-reported narratives alone. The MedCat framework,
developed by Fodeh et al. [45], employed an ontology-based approach to conceptualize medical notes, thereby
facilitating a high level of conceptualization and the interpretation of medical terms. However, there are some
limitations to the applicability of this framework. Shiner et al. [44] examined the use of evidence-based psychotherapy
through analysis of electronic medical records and treatment notes, utilizing word frequency analysis and text
classification techniques. While this method provides information on evidence-based practices, it remains dependent
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on accurate documentation. Shiner et al. [44] automatically classified psychotherapy note texts using SVM and
LR techniques with the aid of algorithms in ML. However, with this technique offering an automatic, objective
quality assessment method, accuracy in text classification, including comprehensiveness, should be guaranteed.
Howard et al. [49] did research on cognitive computational methods for various diagnoses of PTSD, such as semantic
analysis and pattern recognition techniques. While these methods offer more accurate diagnoses, they are not without
difficulties in terms of complexity and applicability. Watts et al. [48] examined the implementation of evidence-based
psychotherapies in VA specialty clinics, analyzing both electronic medical records and clinical notes. Although this
approach does give an indication that evidence-based practices are effective, there is a need to ensure that such
practices are sustainable and documented.

In the work of Pacula et al. [47], audio signal processing and text mining techniques were employed to automat-
ically detect the signs of psychological distress in crisis line conversations. While this method detects symptoms
with both speed and accuracy, crisis line conversations are inherently complex, posing a great challenge. Tran and
Kavuluru [52] used a DNN for the prediction of mental states from psychiatric notes and retrieved high accuracies
with the use of both RNN and CNN models. However, such models require training on large amounts of data.
Another novel approach was the heuristic algorithms to identify new patterns from VA text data obtained from
electronic medical records; however, the algorithm’s applicability and generalizability are big challenges [51]. In a
nutshell, all these papers make a great contribution to the detection and analysis of PTSD, as well as other mental
disorders, by applying different NLP techniques. Yet, each method has its strengths and weaknesses depending on
the specific context in which it would be put to application, together with the dataset. Therefore, their combination
and continuous improvement will go hand in glove with more comprehensive and accurate results.

Several of the reviewed studies in Section 4.1 incorporated internationally recognized standardized diagnostic
tools for assessing PTSD. For instance, Shiner et al. [59] utilized both the PTSD Checklist for DSM-IV (PCL-IV) and
the PCL-5 (aligned with DSM-5 criteria); Sawalha et al. [63] applied the PCL-C and discussed its correlation with
Clinician-Administered PTSD Scale for DSM-5 (CAPS-5), the clinical gold standard; Bartal et al. [65] employed
the PCL-5 for postnatal PTSD symptom evaluation. In addition, Zafari et al. [61] classified PTSD cases using
the International Classification of Diseases, Ninth Revision, Clinical Modification (ICD-9-CM) code 309.81, and
Howard et al. [49] integrated structured clinical interviews such as CAPS, Structured Clinical Interview for DSM
Disorders (SCID), the Diagnostic Interview Schedule, Fourth Edition (DIS-IV), and the Composite International
Diagnostic Interview (CIDI). Although not all articles referenced ICD-11 directly, the continued use of ICD-9/10
across large health systems provides clinically valid diagnostic frameworks. Therefore, a significant portion of the
analyzed literature demonstrates alignment with established diagnostic standards such as DSM and ICD, adequately
supporting PTSD classification within this review context.

The included studies varied in their definition of PTSD symptoms. While the majority relied on DSM-based
criteria (primarily DSM-5 in recent studies, with a smaller number using DSM-IV), several studies referred to ICD-
10/11 classifications, and others employed validated symptom scales such as PCL or CAPS [58]. Although these
approaches are broadly aligned, they are not identical, and this heterogeneity may introduce bias in the comparison
of results. To mitigate this, this study explicitly reports the diagnostic frameworks used and emphasizes that future
research should adopt standardized definitions, preferably DSM-5 or ICD-11, to ensure comparability across studies.

4.2 Datasets

A variety of datasets have been employed in research on NLP methods used to assess and treat PTSD. An in-depth
examination of these datasets is essential to ascertain the efficacy of the methods, their potential applications, and
the challenges encountered. The section below presents a summary of the key points regarding the datasets utilized
in the articles referenced in Table 11.

Table 11. Datasets

. Dataset
Reference Datasets Used Data Type Dataset Size Accessibility
[43] Verbal featqres m Text 159 narratives Closed
selfnarratives
[44] Automated classification of Text 4310 notes Closed
psychotherapy note text
High-level

[45] conceptualization of Text 60000+ notes Closed

medical notes
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Table 11. Datasets

. Dataset
Reference Datasets Used Data Type Dataset Size Accessibility
Measuring use of
[46] evidencebased Text 3.191 notes Closed
psychotherapy for PTSD
Several
Differential diagnosis of thousand
[49] PTSD using cognitive Text and clinical records records (exact Closed
computing methods number not
reported)
[47] Crisis hotline conversations Speech 50 hours Closed
Evidence-based
[48] psychotherapies in VA Text 1.000+ notes Closed
specialty clinics
“History of present illness”
[52] . .. Text 53000+ notes Closed
in psychiatric notes
. s . 200+
[50] Patients’ self-narratives Text . Closed
narratives
511 VA electronic medical Text 5.000+ Closed
record texts records
Evidence-based
[53] psychotherapy trends in a Text 19.000+ Closed
. records
national healthcare system
Evidence-based
psychotherapy trends for 19.000+
561 PTSD in a national Text records Closed
healthcare system
Twitter analysis model for . . 57.000+
[55] PTSD assessment Social media data e eats Open
[54] NLP tools for assessing Text 8,183 notes Closed
veteran populations
[57] Psychlatrl'c assessments and Text and clinical records 2.000+ Closed
patient records records
Al language predictors for 4.000+
[58] twoyear trauma-related Text and clinical records ’ Closed
records
outcomes
Social media data from . .
[60] online forums and platforms Social media data Not reported Open
[59] VA clinical notes Text Not reported Closed
EHR data from the
Manitoba Primary Care
Research Network
[61] (MaPCReN) of primary Text Not reported closed
care clinicians in Manitoba,
Canada.
[62] Child abuse memal. Survey data 1,000+ cases Closed
symptom cases in India
Processed with
Short diagnostic text fields anonymization
Pan-Canadian EHR data and free text encounter algorithms and
[64] . 56.795 .
were used. notes obtained from some accessible by
regional networks. certain
researchers
[63] AVEC-19 semi-structured Text 75 Closed

clinical interview transcripts
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Table 11. Datasets

. Dataset
Reference Datasets Used Data Type Dataset Size Accessibility
Used data from 1,127 L. s
ostpartum women who Participants > written
pOS'p: . accounts of their personal Auvailable by
[65] participated in a research . . 1127
. birth experiences , PTSD agreement
survey conducted during the scales
COVID-19 pandemic
Included US VA patients Psychother apy notes, free
[66] diagnosed with PTSD -‘{ext encou‘f’l{er s 568 Is limited
between 2004 and 2013 ’

Some studies [43, 44, 48, 50] were conducted with patients’ own narratives and clinical notes. These data
include patients’ PTSD symptoms and the way they express their condition. Such data can be difficult to analyze
due to the complexity of language and individual differences. However, NLP and text mining techniques can be
used effectively to extract important features from these narratives. Shiner et al. [46] similarly measured the use
of evidence-based treatment methods by analyzing clinical notes and psychotherapy texts. Some studies [48] were
conducted with medical records and EHR data. These datasets contain large amounts of unstructured data and
provide extensive information about patients’ medical history. Processing such data may present challenges due to
the volume and diversity of data, but NLP techniques can be used to extract meaningful information from the data.
Studies were conducted with social media and other open-source data. Twitter data was used in the study by Alam and
Kapadia [55]. Social media data consists of information that users voluntarily share, and the data can reflect real-time
emotional states. However, social media data has a high potential to be noisy and misleading, so it is important to
use reliable and explainable models in analyzing the data. Some studies were conducted with psychotherapy notes
and interviews. For example, psychotherapy notes and crisis line conversations were used [44, 47, 48]. Such data are
valuable for understanding patients’ treatment processes and responses because they involve direct patient-therapist
interactions. However, the emotional content and context in the data must be interpreted correctly.

The predominance of closed datasets (e.g., EMR and VA clinical notes) in PTSD research raises challenges for
reproducibility and comparability across studies. While such datasets ensure clinical validity, they are often inac-
cessible to independent researchers due to strict privacy regulations, limiting external validation and generalization
of findings. In contrast, open data sources such as social media provide broader accessibility and support replica-
bility, but they introduce challenges related to noise, context validity, and ethical concerns. A balanced approach
is required: advanced anonymization techniques, federated learning, and secure data-sharing frameworks can help
preserve patient privacy while enabling academic transparency. The establishment of controlled-access repositories
with de-identified clinical data may also support reproducibility without compromising confidentiality.

The reliance on closed datasets such as VA clinical records may lead to selection bias, as these sources typically
represent specific populations and limit generalization to broader contexts. Conversely, open datasets like Twitter
and Reddit provide broader coverage and replicability, but raise ethical concerns (e.g., lack of informed consent)
and methodological challenges due to noisy, unstructured, and culturally variable content. Another critical issue
is data imbalance, since PTSD-positive cases are often underrepresented compared to negative or control samples.
This imbalance can bias models toward majority classes and reduce sensitivity to true PTSD cases. Addressing this
challenge requires the use of techniques such as data augmentation, resampling strategies such as Synthetic Minority
Over-sampling Technique (SMOTE), cost-sensitive learning, and the integration of synthetic or multimodal data.
Such strategies help mitigate bias, improve generalizability, and ensure more ethically robust PTSD detection systems.

4.3 Preprocessing Techniques

The use of NLP techniques and ML algorithms in PTSD research plays an important role in understanding
patients’ conditions and improving treatment processes. Table 12 shows the datasets, pre-processing techniques,
classification algorithms used, and the results obtained.

The preprocessing techniques employed in these studies are essential for transforming raw text data into a format
that is conducive to analysis. These techniques enhance the quality of the data, reducing noise and extracting
meaningful information, which is essential for NLP and ML models to perform effectively. The selection of
preprocessing techniques is contingent upon the characteristics of the data and the analytical objectives. For
instance, in the context of clinical and medical studies, entity recognition and standardization are essential for the
extraction and classification of medical terms. In the domain of social media analysis, sentiment analysis and topic
modelling are crucial for understanding public opinion and detecting mental health conditions. In general, the
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judicious choice and implementation of preprocessing techniques are pivotal for the success of text analysis and ML

projects.
Table 12. Preprocessing techniques
Preprocessin, Classification Impact on PTSD
Reference Used Datasets P . g . P . .
Techniques Algorithms Detection / Sensitivity
. Entity recognition and
. . Text cleaning, . ..
Automated classification . . sentiment analysis improved
tokenization, entity . .
[44] of psychotherapy note . SVM and NB  affective feature extraction,
recognition, and . . o
text . . leading to higher sensitivity
sentiment analysis .
in therapy notes.
. Lemmatization preserved
Text cleaning, . o .
. . linguistic meaning;
Verbal features in tokenization, .
[43] . . SVM and LR  excessive stop-word removal
self-narratives lemmatization, and . . .
risked losing affective cues
stop word removal .
(e.g., negations).
. . Standardization improved
Measuring use of Text cleaning, NLP, comparabilit acIr)oss
[46] evidence-based and data LR and RF p . y
.. records, critical for
psychotherapy for PTSD standardization o .
longitudinal consistency.
. . Entity recognition of
. Text cleaning, entity Y &
High-level recoenition traumarelated concepts
[45] conceptualization of snton, NB and DT improved detection;
. standardization, and L.
medical notes N normalization reduced
text normalization .
noise.
. . Handling missing data
Evidence-based Text cleaning, data ensured r(%bust ou t‘(’; omes:
[48] psychotherapies in VA standardization, and LR and NB . C L
. .. .. . preprocessing minimized
specialty clinics missing data analysis .
false negatives.
Text cleaning, speech ASR quality is critical;
Crisis hotline recognition, errors in speech recognition
[47] : Soinon, SVM and NB s TSP 5
conversations language modeling, directly reduced PTSD
and data coding detection sensitivity.
. Normalization and
. L. . Text cleaning, data . ..
Differential diagnosis of normalization integration improved
[49] PTSD using cognitive .. ’ NN and SVM  comparability; NN showed
. statistical methods,
computing methods . . better robustness to
and data integration . .
preprocessing noise.
Text cleaning, Template extraction
. . template extraction, Heuristic improved structured feature
VA electronic medical . .. . . ..
[51] record texts entity recognition, algorithms capture; entity recognition
and missing data and DT boosted affective feature
analysis detection.
Text cleaning, lemmatization aided
. . tokenization, consistency, stop-word
[50] Patients’ selfnarratives .. SVM and LR y p
lemmatization, and removal sometimes
stop word removal removed emotional words.
Normalization essential for
“History of present Text cleaning, NLP, .
 Istory Of presei anme, =5 DNN and DNN/CNN; improved
[52] illness” in psychiatric data coding, and data . . .
.. CNN signal-tonoise ratio for
notes normalization .
affective features.
Evidence-based . . .
svchotherapy trends in Text cleaning, NL.P Standardization critical for
[53] psy . Py and data LR and NB multi-center data; ensured
a national healthcare . .
standardization stable feature extraction.

system
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Table 12. Preprocessing techniques

Reference

Used Datasets

Preprocessing
Techniques

Classification
Algorithms

Impact on PTSD
Detection / Sensitivity

[54]

[55]

[56]

[61]

[59]

[60]

[58]

[57]

[64]

[62]

[63]

NLP tools for assessing
veteran populations

Twitter analysis model
for PTSD assessment

Evidence-based
psychotherapy trends for
PTSD in a national
healthcare system

EHR data from the
MaPCRenen

VA clinical notes

text cleaning, linguistic
markers, emoji analysis

Al language predictors
for twoyear
trauma-related outcomes

Psychiatric assessments
and patient records

Pan-Canadian EHR data

Child abuse mental
symptom cases in India

AVEC-19
semistructured clinical
interview transcripts

Text cleaning, NLP,
and data
standardization

Text cleaning,
sentiment analysis,
and topic modeling

Text cleaning, NLP,
and data
standardization

Bollb lemmatization,
and TF-IDF

Text cleaning, NLP,
entity recognition,
missing data
analysis, data
standardization, and
text normalization

None (conceptual
paper)

Text cleaning, NLP,
and sentiment
analysis

text cleaning,
tokenizer, subwerd.
embeddings

basic text
normalization and
cleaning

Survey data
cleaning, missing
data imputation, text
normalization, and
data labeling
text cleaning,
sentiment extraction,
lexical features

None
reported
(NLP
extraction
pipeline, not a
classifier)

LR and SVM

LR and NB

Multi-layered

preprocessing stability
improved longitudinal
assessments.

Sentiment analysis directly
enhanced affective signal
detection; noise in tweets

remained a challenge.
Standardization key for
largescale VA datasets;
reduced variability across
facilities.

Lemmatization and TF-IDF

improved text vectorization;

NN, and RF critical for sparse EHR data.
Entity recognition and
LR and RF norn'lahzatlon 1mpr0vejd
affective feature extraction
and reduced false negatives.
Highlights feasibility of
SVM and NB online PTSD detection; no
empirical model tested.
Sentiment analysis crucial
NN and LR for aff?ctlv.e feature
extraction; improved
long-term PTSD prediction.
transformerbased .
. Transfer learning
classifiers significantly improves
(BERT/RoBE g y ump
performance for
RTa),
. lowresource mental health
multi-aspect
datasets.
transfer
Preprocessing enables
extraction of structured
None (not a . .
. . diagnostic patterns; study
classification
study) focuses on EMR
y completeness, not model
performance.
RF, SVM, RF performed best among
LR, KNN, classic ML models after
DT preprocessing.
LR SVM, e ion betneen
RF, XGBeeat

PTSD and non-PTSD
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Table 12. Preprocessing techniques

Preprocessing Classification Impact on PTSD

Reference Used Datasets Techniques Algorithms Detection / Sensitivity

all-mpnet-base-v2,

They provided brief Deep Feed Forward Transformer embeddings

reduced reliance on

[65] written accounts of their Neural Network DENN reprocessing: better
birth experiences. (DFNN), Sentence- preb . &
affective capture.
Transformers
Tokenization,
removing stop . Tokenization essential for
. . Dynamic . .
US VA patients words, removing topic topic modeling; stop-word
[66] diagnosed with PTSD symbols and p1c removal sometimes
. modelling . ..
between 2004 and 2013. punctuation, and and LDA removed negations critical

converting all words for PTSD features.
to lowercase

5 Results and Discussion

While this review underscores the potential of NLP techniques in identifying PTSD-related symptoms, it is
crucial to delineate the distinction between symptom detection and diagnostic assessment. The studies reviewed
herein employed NLP primarily for the identification of linguistic markers and symptomatology associated with
PTSD. However, direct diagnostic classification using NLP remains a complex and evolving domain, requiring
further validation through clinical datasets and standardized diagnostic tools (e.g., PCL-5, CAPS, and ICD-11).
Consequently, this review does not claim that NLP techniques can independently diagnose PTSD but rather highlights
their supplementary role in symptom detection and clinical assessment. PTSD is widely recognized as a significant
mental health concern. This study was designed to examine the relationship between PTSD research and AI methods,
with a particular focus on NLP. Systematic searches were conducted in four major databases: Web of Science, IEEE
Xplore, ScienceDirect, and PubMed. The databases were subjected to a comprehensive examination through the
application of systematic literature review and bibliometric analysis techniques. With regard to the bibliometric
analysis, the Web of Science database was queried with the pertinent keywords, resulting in the retrieval of 4,138
documents. In the context of the systematic literature review, 328 documents were accessed through the use of
relevant keywords across four databases, namely Web of Science, IEEE, ScienceDirect and PubMed. The systematic
literature review was structured around four research questions, which are outlined in Table 8 (Chapter 3). The
first of these, “What are the challenges associated with the utilization of NLP for the classification of PTSD?”, was
addressed under the following thematic headings. The corresponding findings are presented in Table 13.

Table 13. Challenges encountered

Challenge Category Description

Clinical data is often of high quality, whereas data from
unstructured sources like social media may have lower quality.
This makes it challenging to accurately understand emotional

and linguistic contexts.

Variations in language and contextual differences between data
sources can make it difficult for NLP techniques to accurately
capture emotional and traumatic expressions.
Handling health data involves significant concerns regarding

Data security and privacy data security and privacy. Protecting data requires compliance
with legal and ethical standards.
Highlights the importance of semantic parsing and linguistic
features in text. Semantic parsing can affect the accuracy of
Lexical and semantic parsing NLP models, especially as individuals use different linguistic
expressions to describe trauma experiences, making the parsing
process complex.

Data quality and diversity

Linguistic and contextual
complexity

Challenges in detecting PTSD using NLP involve several factors, from data quality to the selection of algorithms.
Major factors include data cleaning and standardization, linguistic and contextual complexities, dataset size and
diversity, choice of classification algorithms, and semantic parsing. Future studies should focus on investigating
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various strategies and improvements for overcoming these challenges and developing more accurate and reliable
NLP-based PTSD detection methods. As for the second research question, “To what extent is Al used in detecting
PTSD within the healthcare system?”, the answers can be seen in Table 14.

Table 14. Health system integration

Criterion Description

Al systems can quickly analyze large datasets to detect PTSD

Early detection and intervention symptoms early, which can accelerate early intervention and

treatment processes.

Al can process large datasets and identify emotional patterns. It
can analyze data from sources such as social media and EHR.
Al can provide customized treatment recommendations based

Personalized treatment approaches on individual data and past experiences, making treatment

processes more effective.
The quality and security of health data are crucial. Concerns
Data quality and security about data privacy and security can complicate the protection of
personal information.

Big data analysis

This holds a number of advantages with regard to health systems for the detection of PTSD using Al. The benefits
it confers due to early diagnosis, scalability, personalized treatment, and holistic data analysis can help manage the
condition more effectively. However, challenges such as data quality, accuracy of algorithms, cultural and linguistic
barriers, and ethical issues also exist. Overcoming these challenges will grant new frontiers of leveraging Al systems
into healthcare applications safely and more reliably. As for another question, “What are the datasets used in PTSD
detection? What are the challenges of these datasets?”, the answers are shown in Table 15.

The datasets for diagnosing PTSD are full of challenges. EHR consists of patients’ medical histories and
treatment processes. However, while analyzing these datasets, the main challenges found were those related to a lack
of data standards, incomplete data, and data security. Crisis hotline conversations have other issues, which involve
personal information protection and diversity in language accommodation. In contrast, social media data is marked
by linguistic variations and noisy data that hamper proper classification and analysis. Similarly, psychiatric notes
are also linguistically and contextually diverse, which may impact the effectiveness of NLP techniques. All these
datasets have other challenges, such as data anonymization and protection of personal information. These challenges
may cause problems in most ways of carrying out Al, especially NLP-based methods, for PTSD and highly underline
careful processing and standardization of data. Beyond general considerations, the ethical challenges of applying
NLP to PTSD data are unique and multi-layered. First, trauma narratives expose both researchers and clinicians to
the risk of secondary trauma, underlining the need for careful curation, anonymization, and support mechanisms.
Second, algorithmic transparency is critical: PTSD detection tools must provide explainable outputs so that clinicians
and patients understand the basis of risk assessments. Third, mining social media data for PTSD research raises
issues of informed consent, user privacy, and the potential re-exposure of individuals to trauma content. Although
open data enhance replicability, ethical safeguards such as anonymization, adherence to platform policies, and
privacy-preserving methods (e.g., differential privacy and federated learning) are essential. Finally, clinical data
such as EMR and VA records demand strict data governance and advanced security protocols, as breaches may have
severe consequences for vulnerable populations. These considerations highlight that ethical design is not peripheral
but central to NLP applications in PTSD. As for the fourth and final question, ”"What are the Al techniques employed
in the treatment of post-PTSD? What are the opportunities and challenges presented by these techniques?”, the
answers are shown in Table 16.

Application of Al techniques shows great promise in detecting and treating PTSD, though it is not an obstacle-free
territory. Techniques like NLP, ML, DL, and probabilistic models can bring about improvement in the management
of PTSD. However, data quality issues, concerns pertaining to privacy, and model explainability might hamper
the effectiveness of such techniques. Therefore, the integration of Al applications requires careful assessment and
planning in order to be effectively realized. Articles under review indicated a different level of influence that NLP
had on the detection and analysis of PTSD. Some common methods followed in general involve text cleaning,
tokenization, lemmatization, and many other types of classification algorithms. The most common algorithms
adopted include SVM and LR. Other research also went deep to conduct more advanced DNN and CNN techniques.
Various strengths can be found in the high-performance models. Most of the articles use a high-performance model
for the detection of PTSD. In particular, methods such as DNN and CNN have been demonstrated to be effective in
understanding complex patterns and relationships. For instance, Tran and Kavuluru [52] attained favorable outcomes
through the utilization of DL techniques. The utilization of extensive data sets is a further strength. The utilization of
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Table 15. Dataset challenges

Dataset Description Challenges
Records containing patients’ . ..
. ) . eP Non-standardized data, missing data, data
EHR medical histories, treatment

Crisis hotline conversations

Social media data

Psychiatric notes
Medical notes and reports

Twitter and Reddit data

processes, and symptoms.

Calls and conversations
during crisis situations.

Messages and posts
collected from social media
platforms.

Notes written by
psychiatrists about patients.
Various medical reports and
notes about patients.
Messages and comments
from users on social media.

security and privacy issues.

Protection of personal information, data
anonymization, and diversity in spoken
language.

Variability in data quality, linguistic
variation, and lack of context.

Linguistic and contextual diversity, and
lack of standardized data.
Data heterogeneity, and missing or
ambiguous labels.
Data noise, linguistic complexity, and
mislabeling.

extensive data sets enhances the model’s capacity for generalization. The findings of Maguen et al. [53], which were
obtained using large-scale health data, serve to emphasize the importance of large data sets. A very critical cleaning
and preprocessing of data must be performed in order for the quality and reliability of a data set to be present.
Effective cleaning and preprocessing techniques employed in articles enhanced the performance of models. Among
those, especially, text preprocessing techniques like cleaning, tokenization, and removal of stop words proved very
effective to enhance the accuracy of results.

Table 16. Opportunities and challenges of Al techniques used for PTSD

Opportunities

Challenges

Al Usage
Technique g
Analysis of patient
NLP reports, psy.chlatry .
notes, and social media
data.
ML Symptom prediction and

classification.

Extracting complex
DL features from text and

Extracting meaningful
information from large
datasets, and developing
early warning systems
Learning capacity from
large datasets, and accurate
symptom classification.
Capturing complex
symptom models and high

Data heterogeneity, linguistic
variations, contextual
differences, and protection of
personal data.

Data quality and quantity,
model interpretability, and
generalization ability.

High computational power and
data requirements and model

performance on large
datasets.
Understanding hidden
structures and topics in data,
and meaningful
representation of texts.

speech data. interpretability issues.
Data preprocessing,
hyperparameter tuning, and
interpretability of results.

Probabilistic
models

Identifying latent topics
and semantic structures.

As summarized in Table 10, classical ML models such as SVM and LR are effective for small, structured datasets,
while DL models (CNN, LSTM, and DNN) achieve higher accuracy in complex or sequential data but require
extensive resources. Transformer-based models (e.g., MentalBERT) currently demonstrate the best performance
in EMR-based studies, though they are dependent on large annotated corpora. Thus, model selection in PTSD
detection should be guided by dataset size, structure, and computational resources. The aspects below also need
more emphasis. Another source of worry is the quality and diversity of data. Quite a good number of studies have
reported constraints regarding the quality and diversity of data. In particular, the limited size or scope of the data sets
may affect the model’s ability to generalize. For example, He et al. [43] obtained limited results using a small data
set. The deployment of DL methodologies necessitates the availability of substantial computational resources and
data processing capabilities. This may be a limitation in small-scale studies or projects with limited resources [52].
While the benefits of using NLP techniques in PTSD analysis are apparent, a host of challenges includes data quality
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issues, generalization ability, and computational requirements. Future performance enhancement to result in higher
accuracy may only be realized once larger data sets and more sources of data have been utilized. Moreover, new
computational power enables the methods to be applied on a wider array of data and enhances the NLP techniques
themselves.

The impact of preprocessing steps on PTSD detection performance varies across data types. For example, entity
recognition plays a crucial role in extracting trauma-specific concepts (e.g., “combat” and “assault”), thereby im-
proving the sensitivity of affective feature extraction. Lemmatization and normalization reduce linguistic variability
and are particularly beneficial in morphologically rich languages or noisy social media data. Conversely, aggressive
stop-word removal may inadvertently eliminate emotionally charged words (e.g., “never” and “alone”), thus reducing
classification sensitivity. This suggests that preprocessing pipelines should be carefully tailored. While general
cleaning improves robustness, certain steps such as entity recognition and normalization are critical for effective
feature capture in PTSD detection.

Although NLP technologies show promise in supporting personalized PTSD treatment, their clinical applicability
remains limited. Most current models are at the research stage and have not undergone prospective clinical validation.
In practice, NLP can complement existing diagnostic tools such as PCL-5 and CAPS by automatically screening
EMR notes or therapy transcripts for symptom patterns, thereby reducing clinician burden. However, integration
into clinical workflows requires addressing key barriers, including physician acceptance, regulatory approval, and
trust issues arising from inadequate model interpretability. Pilot projects, such as NLP-assisted EMR screening
initiatives in VA hospitals, illustrate potential pathways, yet broader deployment will depend on ensuring transparency,
explainability, and secure integration into electronic health record systems.

6 Future Work

Results obtained from this study serve as a very good insight into the state of analyzing PTSD with NLP
techniques. Nevertheless, the following recommendations could further develop the research of the subject in an
area of its limitation to explore future studies.

e Diversity of data and its coverage: Larger and more diverse data should be used in the future. Studies have
focused their attention on data sources such as social media and medical records. Data from diverse cultural and
geographical regions can enable models to provide wider generalization, and therefore model validity assessments
can be realized in a much larger population.

e Advanced NLP methods: The technique is ever-evolving in the field of NLP. With the introduction of DL
methodologies and the rise of large language models, such as GPT-4 and BERT, the possibility for more advanced
forms of analysis becomes possible. It is recommended that future studies investigate the potential of these advanced
NLP techniques in the context of PTSD detection and further explore how such methods can be operationalized in
practical applications.

e Data quality and ethics: While improving data quality, ethical aspects also require stronger standards in
collecting and treating data. Most importantly, this involves ensuring that ethical legislation and privacy standards
are guaranteed during the processing of personal and sensitive information. Moreover, standardized cleaning and
preprocessing methods of data can sometimes help in enhancing the performance of the models as well.

e Multimodal data usage: Future research can make use of multimodal datasets that include audio, images,
and other forms of data in addition to text data. Available data in this regard can help gain deep insights into the
psychological state of subjects and perhaps will be more useful for the analytics involved.

Future work should focus on the integration of multimodal data (e.g., text, voice, and physiological signals) to
improve the robustness of PTSD detection. However, multimodal integration faces specific challenges. Heterogeneity
across modalities requires synchronization and representation learning that can bridge linguistic, acoustic, and
physiological features. Moreover, labeling multimodal datasets is resource-intensive, as expert annotation is needed
for both clinical and affective cues. Possible technical pathways include early, late, and hybrid fusion strategies,
as well as the use of self-supervised multimodal models that reduce annotation costs. Pilot projects could involve
collecting text and voice data from therapy sessions or crisis hotlines, supplemented with wearable sensor data, to
test the feasibility of multimodal PTSD detection in real-world settings.
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