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 Abstract. PTSD in UK veterans often emerges long after service, 
complicating detection. The objective of this review is to assess whether 
deep learning applied to longitudinal NHS and Ministry of Defence data 
can facilitate a shift from late recognition to anticipatory intervention, and 
to define the requirements for its safe deployment. Evidence on sequence 
models (LSTM, transformers), multimodal integration of structured 
records and clinical notes, and explanation layers that render outputs 
legible to clinicians is synthesised. UK constraints, fragmented records, 
inconsistent veteran identifiers, and uneven digital maturity limit scale; 
feasible mitigations include secure data environments and federated 
training. Priority actions include standardising veteran coding, 
establishing a Veteran Health Analytics Hub, conducting prospective 
trials with health-economic endpoints, and integrating risk scores with 
concise, validated explanations into existing workflows. Properly 
implemented, longitudinal deep learning can reduce missed cases, 
accelerate access to effective support, and enable services to learn from 
their data while protecting privacy and trust. 

Keywords: veteran PTSD; deep learning; longitudinal EHR; NHS data; 
model interpretability. 

 

INTRODUCTION 

PTSD is a complex psychiatric disorder arising 
after traumatic experiences, characterised by 
symptoms such as intrusive memories, avoidance, 
negative mood shifts, and hyperarousal. Military 
veterans are a high-risk group for PTSD due to 
combat and service-related traumas [1]. In the UK 
Armed Forces, recent estimates put the rate of 
probable PTSD around 9–10%, with higher rates 
among combat-exposed subgroups [2]. This 
prevalence is roughly double that of the general 
UK population (approximately 4–5%) [3], 

reflecting the unique burdens of military service. 
PTSD in veterans often co-occurs with depression, 
anxiety, and substance misuse, compounding its 
impact on well-being and long-term functioning 
[4]. Moreover, PTSD can have a delayed onset and 
protracted course, sometimes emerging months 
or years after service separation [5]. Such 
temporal complexity challenges traditional 
screening and suggests that longitudinal 
monitoring may be necessary to identify at-risk 
individuals who initially appear resilient [6, 7]. 
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Early intervention is critical; untreated PTSD is 
linked to chronic physical comorbidities (e.g., 
pain, cardiometabolic illness) and elevated 
suicide risk [8]. However, timely diagnosis is often 
hampered by stigma, heterogeneous symptom 
profiles, and reliance on self-report or delayed 
help-seeking [9]. These challenges have spurred 
interest in data-driven approaches to augment 
PTSD detection and treatment. In particular, the 
rise of electronic health records (EHRs) and "big 
data" has enabled the leveraging of routine 
healthcare data to identify emerging mental 
health issues. The UK's NHS, which provides 
universal coverage including for veterans, houses 
rich longitudinal records of diagnoses, 
prescriptions, and hospital admissions [10, 11]. 
Integrating these records with military service 
data (e.g., deployment history or combat injuries) 
could enable more proactive identification of 
veterans who may develop PTSD, allowing for 
preventative care or early therapy. 

Machine learning (ML), particularly deep 
learning, offers powerful methods for detecting 
latent patterns in large and complex datasets. ML 
algorithms can "learn" predictive signatures from 
high-dimensional health data that might elude 
conventional analytic techniques. Early studies 
demonstrated the feasibility of ML models for 
PTSD risk stratification: for example, researchers 
have used pre-deployment survey data to predict 
which soldiers will screen positive for PTSD post-
deployment [12]. Deep learning, a subset of ML 
using multi-layered neural networks, is 
particularly adept at modelling sequential data 
and uncovering non-linear relationships in 
multimodal inputs. These capabilities align well 
with the needs of PTSD prediction, where time 
sequences of medical encounters and subtle 
changes in behaviour or physiology might presage 
symptom onset. In parallel, the NHS and UK 
research bodies have begun prioritising artificial 
intelligence (AI) innovations in healthcare [13]. A 
national NHS AI Lab has been established to 
accelerate safe deployment of AI, and pilots such 
as "Foresight" are training models on population-
scale NHS data [14]. Such initiatives create a 
timely opportunity to apply deep learning for 
veteran mental health. 

In this context, our review examines how deep 
learning on longitudinal UK health data can help 
combat PTSD in veterans. We outline the current 
state-of-the-art in ML for PTSD, highlight UK-
specific data considerations, and discuss key 
issues of model interpretability, clinical 

integration, and system readiness. By drawing on 
both foundational studies and the latest literature 
(2015–2025), we aim to provide a comprehensive 
overview and a strategic roadmap for researchers 
and practitioners interested in harnessing deep 
learning to improve outcomes for veterans with 
PTSD. 

 

METHODS 

We conducted a narrative literature review 
focusing on peer-reviewed studies and 
authoritative reports relevant to PTSD, veterans, 
and deep learning applications in health data. No 
formal PRISMA systematic search or meta-
analysis was performed, given our broad 
exploratory scope. Instead, we iteratively 
searched academic databases (e.g., PubMed, IEEE 
Xplore) and reference lists for English-language 
publications from approximately 2000 to 2025, 
with a particular emphasis on the period from 
2015 to 2025, to capture contemporary research 
on deep learning. Key search terms included 
combinations of "PTSD," "veteran," "machine 
learning," "deep learning," "longitudinal," 
"electronic health records," "UK," "NHS," 
"interpretability," and "healthcare AI." We also 
reviewed UK government and NHS digital 
strategy documents, as well as seminal older 
works, to provide background and contrast. 
Studies spanning a range of methodologies (e.g., 
retrospective EHR analyses, prospective cohort 
ML studies, and systematic reviews) were 
included to ensure a holistic understanding. 

Sources were selected for relevance to one or 
more of the following topics: (a) deep learning 
techniques for sequential or longitudinal medical 
data; (b) machine learning applications to PTSD 
or mental health; (c) UK veteran mental health 
epidemiology or health services; and (d) ethical, 
interpretability, or implementation aspects of 
healthcare AI. Given the narrative (rather than 
systematic) approach, we did not calculate inter-
rater agreement or perform risk-of-bias 
assessments. Rather, we synthesised findings 
qualitatively and organised the discussion around 
thematic headings. The lack of formal meta-
analytic pooling is a limitation of our method; 
however, our goal was to integrate diverse 
strands of evidence into an analytical perspective, 
identifying consensus, gaps, and implications for 
future work. The following sections (Literature 
Review, Results, and Discussion) reflect this 
integrative analysis. All source materials are cited 
as live hyperlinks for transparency. 
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Literature Review 

Early efforts to predict or identify PTSD using 
computational models date back at least two 
decades, initially employing simpler classifiers 
and regression models on questionnaire data or 
limited clinical features [15]. For example, 
researchers in the 2000s explored logistic 
regression models using demographics and 
trauma exposure scores to estimate PTSD risk, 
laying the groundwork for later data-driven 
approaches [16]. By the mid-2010s, interest 
shifted toward machine learning algorithms 
capable of handling more complex inputs and 
interactions. A 2015 study by Karstoft et al., for 
instance, used an ensemble of decision trees to 
differentiate soldiers with chronic vs. recovering 
PTSD trajectories, highlighting that non-linear ML 
methods could outperform traditional statistical 
predictions in this domain [17]. Around the same 
time, authors applied unsupervised learning to 
longitudinal PTSD symptom scores, uncovering 
distinct trajectory subtypes (resilient, delayed 
onset, etc.) [18], which underscored the 
heterogeneous and temporal nature of PTSD 
courses. These foundational works suggested that 
capturing the time dimension and multi-factorial 
nature of PTSD could improve predictive 
accuracy, a hypothesis that deep learning would 
soon test on a larger scale. 

The advent of deep neural networks brought 
significant advances. Deep learning models can 
automatically learn complex feature 
representations from raw data, reducing the need 
for manual feature engineering. In healthcare, a 
landmark model was the "Deep Patient," which, in 
2016, demonstrated that unsupervised deep 
feature learning on EHR data could improve 
predictions of various diseases [19]. Authors 
trained stacked denoising autoencoders on a 
hospital's entire EHR warehouse, deriving a latent 
patient representation that consistently 
outperformed both original raw data and shallow 
models in forecasting future diagnoses [19]. This 
result was foundational in showing the promise of 
deep learning on longitudinal health records. 
Subsequent studies extended deep learning to 
mental health. For example, in a Translational 
Psychiatry meta-review, authors noted an 
emerging trend of applying deep multilayer 
perceptrons and convolutional neural nets to 
psychiatric data, albeit often with small sample 
sizes. By 2019–2020, mental health-focused deep 
learning research had accelerated: transformer 
networks, which excel at sequence modelling, 

were introduced to EHR data (e.g., TransformEHR 
using encoder–decoder transformers for disease 
outcome prediction) [20], and recurrent neural 
networks (RNNs) like LSTMs were being 
routinely used to model patient timelines in 
depression and psychosis studies [21]. 

Specific to PTSD, the literature of the past decade 
includes both systematic reviews and innovative 
modelling studies. A 2023 systematic review by 
[22] identified 41 studies using ML for PTSD 
diagnosis, concluding that AI-based methods 
show strong potential but require careful model 
selection, feature curation, and validation to be 
clinically useful. They stressed that integrating 
diverse data types often improved performance. 
Similarly, a 2024 meta-analysis by [23] found that 
machine learning could classify PTSD with ~89% 
overall accuracy, and that models using 
multidimensional data (e.g., combining clinical, 
psychological, and physiological inputs) achieved 
up to 96% accuracy, outperforming those using 
any single data type. This echoes findings in other 
domains that multimodal learning can provide a 
more comprehensive understanding of a 
condition. In terms of concrete model 
applications, several recent studies have 
leveraged large clinical datasets: authors [12] 
developed and validated an ML model on 4,711 
U.S. Army soldiers' data to predict post-
deployment PTSD, successfully stratifying high-
risk individuals before symptoms emerged. 
Authors [24] focused on EHR data, using Canadian 
primary care records with both structured fields 
and unstructured text; their best model (a hybrid 
deep neural network) could identify PTSD 
patients with an area under the curve (AUC) of 
0.88, and importantly, the unstructured *clinical 
notes over multiple visits provided a stronger 
predictive signal than structured data alone. The 
study underlines the value of longitudinal 
narrative data (progress notes, etc.) to detect the 
often subtle indicators of PTSD. 

The literature reveals a convergence of evidence 
that deep learning applied to longitudinal health 
data is a promising avenue for PTSD risk detection 
and diagnosis. Earlier foundational research 
established feasibility, and more recent works 
have demonstrated high accuracy when modern 
architectures and rich data are used. At the same 
time, across these studies, several common 
themes emerge: PTSD should be approached as a 
temporal phenomenon (not a static diagnosis), 
combining data sources (medical history, text 
notes, possibly even wearables or social data) 
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improves prediction, and achieving real-world 
impact will require addressing interpretability 
and integration challenges. Building on these 
insights, we next examine the current state of the 
art in this field and analyse key discussion areas, 
particularly relevant to UK veterans and the NHS 
context. 

 

RESULTS AND DISCUSSION 

Current Capabilities of Deep Learning for PTSD. 
Thanks to advances in algorithms and the 
growing availability of health datasets, state-of-
the-art models can sift through years of patient 
data to flag those at risk of PTSD or related 
disorders with impressive accuracy [25]. Recent 
machine learning models have moved beyond 
simple classification toward more nuanced 
predictions, for instance, forecasting the future 
trajectory of PTSD symptoms or the likelihood of 
relapse at a given time point [26]. Cutting-edge 
architectures, such as transformers (originally 
developed for natural language processing), are 
now being applied to sequences of healthcare 
events. These models employ self-attention 
mechanisms to capture long-range dependencies 
in a patient's record. Early experiments suggest 
that transformers outperform traditional RNNs in 
handling the irregular timing and varied types of 
medical events found in EHRs [27]. For example, a 
2023 study reported that a transformer-based 
model could predict a range of 12-month 
outcomes (including new mental health 
diagnoses) from prior EHR data more accurately 
than logistic regression or RNN benchmarks [27]. 
Figure 1 provides a conceptual framework for 
how such deep learning models ingest 
longitudinal veteran health data and produce 
predictions of PTSD risk. 

 

 

Figure 1 – Conceptual Framework: Deep learning on 
longitudinal veteran health data for PTSD prediction 

Patient records are extracted and processed into 
sequential representations (e.g. timelines of 
diagnoses, treatments, and notes). A deep neural 
network (such as a multilayer transformer or 
recurrent model) learns abstract features from 
these sequences, capturing temporal patterns. 
The learned representation can then be used for 
predictive tasks, here, identifying individuals at 
risk of developing PTSD, which in turn can inform 
early interventions [19]. 

As Figure 1 suggests, a hallmark of modern 
approaches is the integration of multimodal data. 
PTSD risk factors are diverse, encompassing 
medical history, psychological assessments, 
service records, and social determinants; 
therefore, models that only consider one aspect of 
the data may miss the broader picture. Today's 
best-performing systems often combine 
structured data (such as diagnoses or 
prescription codes) with unstructured text 
(clinician notes, mental health questionnaires), 
and sometimes even biomarker or sensor data. 
The author's work [24] is illustrative: their 
model's sensitivity improved markedly when 
free-text notes (documenting patients' moods, 
sleep problems, trauma narratives, etc.) were 
included alongside coded data. In general, natural 
language processing (NLP) techniques, including 
domain-specific BERT-based transformers, have 
enabled the extraction of PTSD-related signals 
from clinical text at scale (for instance, flagging 
phrases indicative of flashbacks or hypervigilance 
in psychotherapy notes). This multimodal trend 
aligns with the meta-analysis above, which finds 
that multidimensional models achieve ~96% 
accuracy, compared to ~86–90% for single-
source models [23]. 

In the UK, an exciting development is the national-
scale modelling of health outcomes using deep 
learning techniques. In 2024, researchers from 
University College London and King's College 
London piloted an AI model named "Foresight" on 
de-identified NHS data encompassing 57 million 
individuals [14]. Leveraging techniques akin to 
large language models, Foresight was trained on 
sequences of routine health events (hospital 
admissions, accident & emergency visits, 
medications, etc.) to predict subsequent 
outcomes. Initially focused on forecasting COVID-
19, this pilot demonstrated that it is feasible to 
train a single model using an entire country's 
longitudinal health records. The model showed 
accuracy in predicting various medical events 
(new diagnoses, complications) and illustrated 
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the potential of large-scale data to capture 
patterns even for minority conditions or 
subpopulations [14]. For veteran PTSD, such an 
approach could be transformative: by 
representing the full "health trajectory" of 
millions, including those with military service, a 
model might learn subtle precursors of PTSD that 
occur in the years following discharge (e.g., 
increasing primary care visits for sleep issues or 
chronic pain). 

Another cutting-edge feature is the integration of 
model interpretability techniques into AI focused 
on PTSD. Researchers recognise that clinical 
uptake of deep learning will require more than 
just accuracy; models must also explain their 
reasoning. To that end, recent studies often 
accompany their deep models with 
interpretability methods such as attention weight 
visualisation (highlighting which past events most 
influenced a PTSD prediction) or feature 
importance rankings derived via SHAP (SHapley 
Additive exPlanations) values [28, 29]. For 
example, in a deep learning study on EHR data, the 
authors computed the contribution of each 
feature. They found that prior diagnoses of sleep 
disorders and frequent pain complaints were 
among the top predictors of later PTSD diagnoses, 
consistent with clinical intuition and thus helping 
to validate the model [30, 31]. Such tools not only 
build trust but can yield novel insights; a model 
might reveal, say, that a sequence of minor 
physical health issues in a veteran (headaches, 
hypertension) strongly preceded their PTSD 
onset, suggesting a stress mechanism worth 
further examination. The literature indicates a 
growing synergy between predictive 
performance and interpretability, a positive 
development given that black-box models alone 
are often viewed skeptically in medicine. 

Finally, it's worth noting that the technical 
barriers to deployment are receiving more 
attention in state-of-the-art discussions. The real-
world implementation of these AI models in the 
NHS presents challenges, including data security, 
integration with electronic health record systems, 
and obtaining regulatory approval. However, 
progress is evident: secure data environments 
(SDEs) have been established to enable the 
training and validation of models on sensitive 
NHS data without compromising privacy. 
Regulators, such as the UK Medicines and 
Healthcare products Regulatory Agency (MHRA), 
are piloting sandbox initiatives for AI-as-a-
medical-device oversight [32]. And the NHS AI 

Transformation Directorate emphasises 
principles of explainability and human oversight 
for any AI tools deployed in patient care [32]. 
These parallel efforts mean that the technical 
state-of-the-art is increasingly about not just 
model accuracy, but also how well models can be 
integrated into clinical workflows, audited, and 
scaled across the health system. In summary, the 
field now has powerful deep learning models 
capable of processing longitudinal UK health data 
for the prediction of PTSD. The next steps are to 
refine these models for the veteran context and 
ensure they can be responsibly deployed. 

Modelling PTSD as a Temporal Disorder: The 
Case for Longitudinal Learning. Unlike many 
medical conditions that have a clear onset or 
diagnosis date, PTSD often follows a dynamic 
temporal course [33]. In delayed-onset PTSD, 
symptoms may fluctuate, recur after periods of 
remission, or appear for the first time long after 
the triggering trauma. PTSD is "characterised by 
delayed onset and prolonged duration" in a 
significant subset of cases [5]. Some military 
studies estimate that more than one-third of PTSD 
cases might be classified as delayed-onset, only 
manifesting clinically months or years post-
trauma or service. This temporality means that a 
single cross-sectional snapshot of a patient's 
status is often insufficient to gauge their true risk 
or illness trajectory [34, 35]. For example, two 
veterans might both screen negative for PTSD one 
year after discharge, yet one could remain 
resilient while the other begins showing subtle 
prodromal signs, leading to full PTSD three years 
later [34]. Traditional diagnostic approaches, 
which rely on point-in-time assessments (e.g., a 
questionnaire during a clinic visit), risk 
misclassifying the second veteran as a false 
negative. 

Longitudinal data and temporal modelling address 
this gap. By continuously or periodically 
monitoring health indicators over time, one can 
detect patterns suggestive of emerging PTSD. 
Deep learning models, especially sequence-based 
architectures, are well-suited to exploit such 
longitudinal patterns. Recurrent neural networks 
(RNNs), such as LSTMs and gated recurrent units, 
can maintain a memory of past events when 
scanning through a patient's timeline. In contrast, 
transformer models can attend to events 
regardless of when they occurred [36]. These 
models effectively treat a patient's history as a 
sequence to be learned, rather than a set of 
independent observations. In doing so, they can 
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capture temporal dependencies (e.g., the 
worsening of insomnia and hyperarousal 
symptoms every winter) and evolving risks (e.g., 
a veteran's danger might spike following a divorce 
or retirement from work; transitions are often 
observable in health records through indirect 
signals). Studies have shown that incorporating 
prior time points improves the prediction of PTSD 
and related outcomes [37]. For instance, a 
machine learning analysis of trauma survivors 
found that trajectories of symptom change in the 
first few months post-trauma were highly 
predictive of chronic PTSD; patients who showed 
even small residual symptoms at 1 month tended 
to either recover or exacerbate along specific 
paths, which a temporal model could learn to 
forecast [37]. 

Another benefit of modelling PTSD as a temporal 
disorder is the ability to perform early warning 
surveillance. By the time PTSD is formally 
diagnosed (often many months after symptom 
onset, due to delays in help-seeking), the disorder 
may have already impaired the person's life 
significantly. However, if a deep learning model 
monitoring longitudinal data could flag "PTSD 
likely" earlier, perhaps when only mild symptoms 
are documented, clinicians could intervene 
proactively. Encouraging evidence comes from 
the authors [38], who reviewed longitudinal EHR-
based models and found that ML/DL algorithms 
can detect diseases earlier than clinical diagnosis 
in various conditions. Applied to PTSD, the 
findings could mean identifying patients for 
further evaluation before they hit crisis points. 
For example, imagine a veteran who, over two 
years, has escalating complaints of chronic pain, 
interpersonal problems noted in therapy 
sessions, and a couple of emergency visits for 
panic attacks; a longitudinal model might 
recognise this pattern as similar to prior patients 
who eventually were diagnosed with PTSD, thus 
prompting an alert for a PTSD screening. 
Preliminary research indicates that this kind of 
temporal risk flagging is feasible; one study 
achieved the successful prediction of PTSD onset 
14 months in advance by analysing subtle changes 
in functional MRI and psychophysiological data 
over time (though MRI is not routine in practice, 
analogous patterns in EHRs could exist) [39]. 

In summary, treating PTSD as a moving target 
over time, rather than a binary state, aligns with 
clinical reality and improves predictive modelling. 
Longitudinal deep learning leverages the rich 

temporal context available in veterans' health 
records. It enables the capture of delayed effects 
(e.g., the latent impact of combat exposure that 
surfaces years later) and cumulative burdens (e.g., 
multiple minor stressors that compound until a 
threshold is crossed). For UK veterans, whose 
PTSD may surface after they've left military 
service and lost the daily support structure of unit 
cohesion, such modelling is especially pertinent 
[40]. The case for longitudinal learning is thus 
strong: it mirrors the nature of PTSD and yields. 
This approach provides earlier warnings and 
potentially differentiates between transient 
distress and the onset of a chronic disorder. 
Future research should continue to refine 
temporal models, incorporating irregular time 
intervals and life events, to exploit the 
longitudinal dimension of veteran data fully. 

Bridging Data Gaps in UK Veteran Health 
Records. A critical challenge in applying deep 
learning to UK veterans' PTSD is the 
fragmentation and gaps in their health data. 
Unlike the United States, which has the Veterans 
Health Administration providing an integrated 
medical record for many former service 
members, the UK does not have a single, unified 
veterans' health system [41, 42]. During active 
duty, servicemembers receive healthcare via the 
Ministry of Defence's Defence Medical Services 
(DMS) [43]. Upon leaving the forces, their care 
transitions to the NHS and civilian providers [44]. 
In principle, a summary of their military medical 
record is supposed to be transferred to their NHS 
general practitioner (GP). In practice, this 
handover is inconsistent, and historically, no 
routine flag or indicator existed in NHS health 
records to identify individuals who are veterans 
[45]. Authors [46] note that England and Wales 
lacked a universally applied coding system to 
identify veteran status in secondary mental health 
care systems, making it difficult to even count the 
number of veterans accessing those services. 
Although initiatives such as the Armed Forces 
Covenant and GP accreditation schemes now 
encourage GPs to code patients as veterans, 
under-recording remains widespread; veterans 
often do not disclose their military history, or 
providers fail to update records accordingly [47, 
48].  

Bridging this gap requires both data linkage and 
data sharing. On the linkage front, efforts have 
begun to connect disparate sources. For example, 
researchers funded by the Forces in Mind Trust 
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conducted a feasibility study linking a mental 
health trust's patient records with a list of known 
veterans to see if service history could be inferred. 
They developed a "Military Service Identification 
Tool" to search NHS records for clues (like specific 
injuries or terms) that suggest a patient is a 
veteran [49]. Such work demonstrated that it is 
possible to identify many veterans retrospectively 
in EHR data, but the process is labour-intensive 
and imperfect. A more systematic solution would 
be to embed veteran status into NHS data at the 
point of registration, for instance, when someone 
registers with a GP after leaving the military, using 
the standard Read code or SNOMED code for 
"Military veteran" (codes Xa8Da or 13J [48, 50]). 
This is now NHS policy in England; veterans are 
advised to tell their GP and have their records 
coded, but compliance is uneven [51]. 

Even assuming we can identify veterans in NHS 
data, the next gap is the content of their military 
health records. Service-related information, like 
deployment history, combat exposures, any 
mental health evaluations during service, or 
physical injuries, often resides only in MoD 
archives and is not automatically merged with 
NHS records. Yet these data are relevant for PTSD 
risk modelling; for example, a history of traumatic 
brain injury or participation in intense combat 
operations is a strong risk factor for subsequent 
PTSD [52]. Currently, a researcher or AI model 
trying to predict PTSD from NHS records alone 
might lack that context. Bridging the gaps requires 
secure data-sharing agreements between the 
MoD and NHS databases to enable the linking of 
individuals' records. Figure 2 illustrates the 
envisioned data flow: MoD service records 
(containing dates of service, roles, and medical 
events from DMS) would be joined with post-
service NHS health records, creating a combined 
longitudinal dataset for each veteran, which can 
then be used to train the model. 

Military service data (e.g., deployment history, 
DMS medical records) and civilian NHS data (GP 
and hospital records, mental health services) are 
linked, with appropriate consent and de-
identification, to produce a unified longitudinal 
health profile of veterans. This combined dataset 
is used to train deep learning models (such as 
sequential neural networks), which then output 
predictions (e.g. PTSD risk scores). Secure data 
environments and governance frameworks 
ensure privacy during this process. 

 

Figure 2 – Data flow linking UK Armed Forces service 
records with NHS health records for deep learning 

 

Table 1 – Themes, example deep-learning methods, 
and UK-specific implications for linking MoD and 
NHS records to model veteran PTSD risk 

Theme 
Example Deep-

Learning 
Methods 

UK-Specific 
Implication 

Temporal 
Modelling 

LSTM / GRU 
sequences; 
transformer 
EHR models 

Leverages 
longitudinal 
NHS records to 
flag delayed-
onset or 
relapsing PTSD 
[22]  

Interpretability Attention heat-
maps; 
SHAP/LIME 
attribution 

Meets MHRA & 
NICE 
expectations 
for clinician-
explainable AI 
in mental-
health care 
[53]  

Data 
Integration 

Federated 
learning; 
synthetic-data 
augmentation 

Links MoD 
service data 
with NHS EHRs 
while 
preserving 
GDPR privacy 
[54] 

Infrastructure 
Readiness 

Model 
compression; 
edge-inference 
deployment 

Eases rollout 
across NHS 
trusts with 
uneven GPU/IT 
capacity [55] 
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Achieving this linkage in practice faces technical 
and ethical hurdles. Data security is paramount; 
veteran data is sensitive and must be handled in 
strict compliance with GDPR and other 
regulations. The NHS England Secure Data 
Environment (SDE) approach, as used in the 
Foresight project, offers one model: data from 
different sources can be linked within a secure 
enclave that researchers query without extracting 
identifiable records [56]. For example, the MoD 
and NHS Digital could collaborate to place 
relevant data into an SDE for veteran health 
research, where an AI model could be trained 
within the environment, without exposing 
individual identities. This federated or enclave-
based training preserves privacy while allowing 
large-scale analysis [57]. Another approach is 
federated learning across institutions: rather than 
pooling data centrally, algorithms are sent to train 
separately on MoD data and NHS data and then 
aggregate the learned parameters [58]. This way, 
raw data remains in its original systems. 
Federated deep learning is still an emerging 
technique in healthcare, but it may be suitable for 
scenarios where direct MoD–NHS data sharing is 
restricted. 

Beyond identity linkage, we must also address 
data quality and completeness. Many UK veteran 
health records suffer from missing data, e.g., an 
Afghanistan deployment might not be noted in 
NHS files, or mental health symptoms discussed 
with a charity counsellor might never enter NHS 
systems. Real-world NHS data itself is often 
incomplete or inconsistently coded; one report 
observes that NHS data is frequently "incomplete, 
mislabelled or unsuitable" for AI use, limiting 
model performance [59, 60]. For veterans, this 
limitation is compounded by potential care 
outside the NHS (through charities like Combat 
Stress or private providers) [61]. Bridging gaps 
thus also means pulling in non-NHS data where 
possible (with permission), such as charity 
treatment records or research cohort data (like 
the King's Centre for Military Health Research 
cohort studies). 

In summary, bridging data gaps for UK veterans 
entails:  

(1) systematically identifying who the veterans 
are in health datasets (e.g. enforcing the use of 
veteran status codes nationwide),  

(2) linking MoD and NHS records to get a full 
picture of service and post-service health,  

(3) improving data accessibility and quality.  

Progress is being made: the Armed Forces 
Covenant has heightened awareness of veterans' 
needs in the NHS, and projects like "Op Courage" 
(the Veterans Mental Health and Wellbeing 
Service) create dedicated pathways that might 
generate more consistent data [44, 62]. 
Nonetheless, significant work remains to be done 
to integrate these data streams. For deep learning 
models to truly capitalise on longitudinal data, 
they must have longitudinal data to begin with. 
Bridging the current gaps will require policy 
support, technical infrastructure (as depicted in 
Figure 2), and trust-building among stakeholders 
(veterans must trust that data sharing will be used 
to help them, not penalise them). The payoff, 
however, could be substantial, enabling models 
that understand a veteran's journey from 
enlistment through civilian life and using that 
understanding to predict better and prevent 
PTSD. 

Interpretability and Trust in Deep Learning 
Applications. In applying deep learning to any 
medical domain, one confronts the classic tension 
between model complexity and interpretability. 
This is especially pronounced in mental health, 
where diagnoses like PTSD are nuanced and 
sensitive, and clinical decisions (e.g. whether to 
intervene based on a risk score proactively) carry 
substantial ethical implications. Clinicians, 
patients, and healthcare leaders alike have 
expressed concerns about "black-box" AI: How 
did the model arrive at this prediction? Can we 
trust it, or is it picking up spurious correlations? 
In the context of veteran PTSD, these questions 
are vital; a false prediction could lead to 
unwarranted anxiety or stigma for the veteran, 
while a missed prediction could mean a lost 
opportunity to prevent suffering [63, 64]. 
Therefore, interpretability and trustworthiness 
are not optional features; they are requirements 
for any deep learning solution in this space. 

One key aspect is the need for transparent 
algorithms. Traditional PTSD risk assessment 
relies on human-understandable factors (e.g., the 
presence of nightmares, hypervigilance, startle 
responses, etc.) assessed through clinical 
interviews or questionnaires. If an AI model 
suggests a veteran is at high risk of PTSD "because 
of patterns in data," it must provide a rationale 
that clinicians can comprehend and evaluate. 
Various strategies exist: interpretable model 
design (using simpler models or constrained 

https://www.zotero.org/google-docs/?ORHYeo
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models), post-hoc explanation tools, and 
visualisations of what the model "attended" to. 
For deep neural networks, which are inherently 
complex, post-hoc interpretability is the usual 
approach. For example, an attention-based model 
might highlight specific past medical events that 
most contributed to the PTSD risk score, perhaps 
a sequence of physical injury, relationship 
breakdown, and job loss notes that parallels 
known risk narratives. Alternatively, one can use 
feature importance analysis to rank predictors: a 
model might implicitly use features like "number 
of prior mental health visits" or "sleep medication 
refills" strongly in predicting PTSD; surfacing 
those can reassure clinicians that the model aligns 
with known risk factors. In study [24], the authors 
found that information from narrative notes (such 
as mentions of nightmares or flashbacks) had high 
predictive value, which both made intuitive sense 
and lent credence to the model's operation. 

Beyond technical explanations, trust is also 
fostered by rigorous validation and user 
involvement. Healthcare professionals are more 
likely to trust AI if they know it has been stress-
tested in conditions similar to their own practice 
and if they have a say in its development. A Nature 
review on trust in AI noted that in healthcare, 
"transparency and explainability are the most 
important factors of trust" among clinicians [65]. 
Physicians want to understand how an AI arrives 
at its conclusions and to verify that these align 
with clinical logic [66]. The same review 
highlighted other factors eroding trust, including 
the paucity of high-quality clinical trials for AI 
tools and concerns about bias [65]. In the PTSD 
prediction realm, this means AI models should be 
prospectively evaluated, for instance, tested on a 
fresh cohort of veterans to see if those flagged at 
high risk show higher PTSD incidence over time. 

Additionally, involving mental health 
professionals in the design phase (e.g., selecting 
the outputs the model provides, such as a risk 
category with an explanation versus a raw score) 
can enhance acceptance. There is also the veteran 
perspective: veterans may worry that an 
algorithm labelling them with "PTSD risk" could 
affect how they're treated or even have 
implications for things like insurance or 
employment if not kept confidential [67]. Thus, 
building trust requires communicating to veteran 
patients how the AI is intended as a supportive 
tool for better care, not a diagnostic stamp or a 
replacement for human judgment. 

A notable development is the pursuit of 
explainable AI (XAI) techniques specifically 
tailored to healthcare [68]. Some research is 
looking at hybrid models that incorporate causal 
reasoning or more structured knowledge (like 
risk factor graphs) into deep learning so that the 
outputs are inherently more interpretable. For 
example, a model might provide output such as 
"High PTSD risk, primarily due to the combination 
of prior depression + chronic pain + recent 
bereavement," a format that a clinician can readily 
grasp. While not many PTSD-specific models have 
achieved this level of semantic explanation yet, it's 
a direction worth exploring. It's also worth noting 
that simpler predictive tools (like the PTSD 
Checklist questionnaire) are already in use and 
are fully transparent; any AI system needs to offer 
a net gain significant enough to warrant 
introducing a black-box element, and part of that 
gain should be mitigated by making the black box 
as glass-like as possible [69]. 

Finally, trust is bolstered by robust ethical 
guardrails. For deep learning in veteran PTSD, this 
means ensuring the model does not inadvertently 
reinforce bias (for example, if training data were 
mostly male veterans, does it perform equally 
well for female veterans?) [32]. It also means 
having clear protocols: an AI might flag someone, 
but a human clinician should verify and discuss 
the matter with the patient before any action is 
taken, employing the so-called "human-in-the-
loop" approach that NHS guidance endorses [32, 
70]. The NHS AI Ethics Initiative and others 
emphasise that algorithms in care should be 
assistive, not autonomous, and this principle must 
be adhered to to maintain user trust [59]. 

In conclusion, interpretability and trust are about 
making the deep learning model not only accurate 
but also legible and reliable to those it serves. A 
powerful PTSD prediction algorithm is of little use 
if clinicians distrust it or if veterans feel alienated 
by it. By incorporating explainability (through 
technical means such as attention weights or 
SHAP values) and embedding the model's use 
within a framework of clinician-patient 
interaction (rather than as a sole decision-maker), 
we enhance acceptance [71]. The maxim "with 
great power comes enormous responsibility" 
applies: deep learning affords us powerful 
predictive tools, and it is our responsibility to 
wield them in a transparent, fair, and empathetic 
manner, particularly in the domain of mental 
health, where trust and understanding are of 
paramount importance. 

https://www.zotero.org/google-docs/?meTslQ
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Deployment Barriers and Systemic Readiness in the 
NHS. Deploying a deep learning solution for PTSD 
risk detection in the NHS involves more than just 
having a successful model. The surrounding 
health system must be ready to integrate, support, 
and sustain this innovation. The UK's NHS is a 
large, complex mosaic of organisations with 
varying digital maturity levels. While some 
hospitals and GP practices are equipped with 
modern electronic health record systems and data 
science teams, others continue to struggle with 
outdated technology and limited IT resources. 
Basic infrastructure challenges are holding back 
the potential of AI: a recent analysis noted that 
many NHS staff are enthusiastic about AI's 
promise but are hindered by "crumbling" IT 
infrastructure, outdated computers that crash, 
slow internet, and systems not designed to 
support AI workloads [72]. In fact, it's estimated 
that between 10% and 50% of NHS technology 
systems need modernisation to be AI-ready [72]. 
This uneven digital terrain means any PTSD-AI 
tool might work smoothly in one trust but face 
technical obstacles in another. 

One barrier is simply ensuring access to data and 
computing where it's needed. Some NHS trusts 
have already partnered with academia to gain 
access to high-performance computing for AI, 
while others lack even the personnel to extract 
data from their EHRs. There are reported 
instances of EHR vendors not facilitating simple 
data export, with some requiring additional fees 
or proprietary tools to extract patient data [72]. 
This poses a challenge: our deep learning model 
for PTSD will only be as effective as the data 
pipeline feeding it. If an NHS trust cannot readily 
compile a veteran's longitudinal record (due to 
technical or contractual barriers), the model can't 
function. To address this, national bodies are 
pushing for data standards and interoperability. 
The NHS Long Term Plan and recent Data Strategy 
call for open APIs and data portability in clinical 
systems [73]. Overcoming vendor lock-in and 
fragmentation is critical; one Health Foundation 
report cited the lack of standardised data access 
across the NHS as a particular barrier to scaling AI 
innovations. 

Another deployment barrier is workflow 
integration. Even if a PTSD risk model exists in the 
background, how does it deliver its output to 
clinicians in a useful way? Busy GPs or mental 
health clinicians will not want to log into a 
separate AI dashboard; they would need the alert 
or score surfaced in their existing workflow (e.g., 

a flag on the patient's electronic chart). 
Integration with electronic record interfaces 
(EMIS, SystmOne, etc. in UK primary care, or 
hospital EHR systems, is thus a practical hurdle. 
Such integration often requires collaboration with 
the EHR software companies and assurance that 
the AI's suggestions align with clinical pathways. 
For example, if a veteran patient is flagged as high-
risk for PTSD, there should be a clear protocol: 
perhaps a prompt for the GP to ask certain 
questions or refer to a veteran-specific clinic (like 
Op Courage). Developing these protocols and 
ensuring the AI output triggers appropriate action 
(without causing alert fatigue) is a part of 
deployment that goes beyond the AI model itself. 

Workforce skills and training also play a role. 
Many NHS clinicians have limited training in AI. A 
survey by the British Medical Association found 
that clinicians are often unsure about how to 
evaluate or work alongside AI tools. Deploying a 
deep learning model for PTSD would necessitate 
educating care teams about the model's 
capabilities, its limitations, and how to interpret 
its outputs. Without this, there's a risk of misuse 
(either blind over-reliance or dismissive 
underuse). Additionally, data science expertise 
within the NHS is growing but still limited; trusts 
may rely on external partners to maintain AI 
systems. If a model encounters issues (e.g., starts 
drifting in accuracy), internal capacity to detect 
and correct that is essential for safe ongoing 
deployment. 

A further systemic consideration is regulatory and 
legal clearance. In the UK, an AI that influences 
clinical decisions can be considered a medical 
device, subject to regulation. The MHRA's pilot of 
an AI sandbox and the forthcoming AI-specific 
regulatory framework mean that our PTSD model 
would likely require assessment for safety, 
efficacy, and bias before widespread use [32]. 
Compliance with GDPR is also fundamental: 
models must justify the data they use and how 
they use it. Fortunately, there is momentum on 
this front; NHSX (now part of NHS England) 
published guidelines, "Artificial Intelligence: How 
to Get It Right," which outline best practices for 
validation and the ethics of AI in healthcare [74]. 
One key recommendation is conducting 
prospective trials. The cost is a barrier in itself: 
evaluating an AI tool in real-world NHS settings 
can be time-consuming and expensive, requiring 
approvals, data sharing agreements, and outcome 
tracking. Many innovators struggle with this "last 

https://www.zotero.org/google-docs/?84RnmY
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mile" of evidence generation [32], which can delay 
deployment. 

Lastly, we must consider organisational culture 
and readiness for change. Introducing AI into 
mental health services for veterans could face 
resistance if staff fear it might replace human 
roles or if patients worry about privacy. 
Transparent communication and involving 
stakeholders (clinicians, veterans, and IT staff) 
from the outset can mitigate this. For example, co-
design workshops with clinicians to determine 
how the AI should present information will result 
in a tool that better suits practice [32]. The King's 
Fund in 2025 emphasised building both the 
technical and human capability, training the 
workforce, engaging leadership, and establishing 
governance as essential to realising AI benefits in 
care. 

In summary, the NHS is making strides, albeit 
unevenly: some trusts operate on cutting-edge 
systems that are on par with those of leading 
global institutions, while others still rely on paper 
notes and fax machines [32, 75]. This discrepancy 
hinders the large-scale implementation of AI, as 
any solution must be compatible with the most 
basic infrastructure. Investment in core IT (up-to-
date hardware, network, and interoperable 
software) is needed. Encouragingly, national 
initiatives (like the NHS AI Lab and targeted 
funding for digital upgrades in hospitals) are 
addressing this [13]. As these barriers slowly fall, 
the system will become more ready to absorb 
innovations like our PTSD deep learning model. In 
planning deployment, one should adopt a phased 
approach: pilot in digitally mature settings (to 
prove value and iron out kinks), then 
incrementally expand while providing support to 
less digitally mature sites. The NHS's sheer size 
means scaling a solution is non-trivial, but also 
that the impact of success is immense. Overcoming 
the deployment barriers is the price to pay for that 
impact. If we can surmount these challenges — 
modernising infrastructure, integrating 
workflows, training users, and ensuring robust 
evaluation — we can truly leverage deep learning 
to support veteran mental health across the UK. 

 

Implications for Veteran Mental Health Services in 
the UK 

Integrating deep learning PTSD risk models into 
veteran mental health services could significantly 
enhance the proactive and personalised care 

veterans receive. Currently, UK veterans access 
mental health support through both mainstream 
NHS services and veteran-specific programs, such 
as Op COURAGE, the Veterans' Mental Health and 
Wellbeing Service [44, 62]. These services, 
launched in recent years, are designed as entry 
points where veterans can be assessed and routed 
to appropriate care (therapy, medication, social 
support) [76, 77]. An accurate PTSD prediction 
model could act as a force multiplier for such 
services by enabling early identification and 
outreach. For instance, a veteran who does not 
actively seek help might still show signs in their 
health records (perhaps repeated attendances for 
somatic complaints or notes about marital strain) 
that the model flags as high PTSD risk. The service 
could then reach out to this individual, even 
inviting them for a screening or offering 
resources, rather than waiting for self-
presentation, thereby aligning with the NHS's 
prevention agenda [41]. 

Moreover, deep learning could help stratify and 
tailor interventions. Not all veterans with PTSD 
have the same needs; some may respond well to 
trauma-focused cognitive-behavioural therapy, 
others might need medication or social 
interventions (housing, employment support), 
and some have complex comorbidities requiring 
intensive care. By analysing patterns in the data, 
AI models might identify subgroups or profiles of 
PTSD among veterans. For example, one cluster 
might be veterans whose PTSD is highly 
associated with chronic pain and physical injury, 
suggesting they benefit from integrated pain 
management and mental health care. Another 
cluster might involve those with primarily moral 
injury or guilt-related PTSD, indicating a different 
therapeutic approach. This type of data-driven 
clustering (sometimes achieved through 
unsupervised deep learning) can inform service 
development, ensuring that UK veteran services 
segment their care pathways intelligently [78]. It 
complements the traditional "assessment then 
refer" model by providing an evidence-based 
second opinion on what trajectory a patient might 
follow or what resources they are likely to need. 

A further implication is in resource planning 
and policy. The UK's commitment to the Armed 
Forces Covenant has brought veteran mental 
health to the forefront of policy [79]. 
Policymakers could use insights from longitudinal 
data analyses to allocate funding or design 
programs [80]. For instance, if the deep learning 
analysis reveals that a significant proportion of 
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high-risk veterans are not engaging with existing 
services, it could prompt targeted outreach 
initiatives or adjustments in how services are 
advertised and delivered. It might highlight gaps; 
perhaps certain regions or cohorts (like early 
service leavers) have worse outcomes, prompting 
targeted interventions [81]. Over time, deploying 
predictive analytics could also allow the NHS to 
evaluate the impact of interventions. If high-risk 
individuals are identified and offered preventive 
care, the data should show reduced progression to 
full PTSD or improved recovery rates, thereby 
justifying the approach [82]. This ties into a 
learning health system model, where data 
continuously inform improvements in care. 

For frontline clinicians and support workers, the 
integration of AI predictions could change 
practice by introducing a system of alerts or 
reminders for veteran patients. GPs, for example, 
if alerted that "this patient is a veteran with 
elevated PTSD risk," might be prompted to ask 
about nightmares or hypervigilance during a 
routine visit for something else. It effectively 
increases awareness at the point of care. Similarly, 
therapists in veteran charities could potentially 
benefit from having access to a fuller NHS history 
(if data sharing is established), ensuring 
continuity and a more holistic understanding. The 
AI can serve as a safety net, catching those who 
might otherwise fall through the cracks (such as 
veterans who frequently miss appointments or 
move between regions, patterns that an algorithm 
can notice and flag for follow-up). 

It is important, however, to manage expectations 
and maintain a human-centred approach. Veteran 
mental health services are fundamentally built on 
trust, confidentiality, and rapport. An AI should 
augment but never replace the human touch. For 
veterans, knowing that the health system is 
proactively monitoring their wellbeing (in a non-
intrusive, supportive manner) could reinforce the 
message that "we care and we're keeping an eye on 
your wellbeing as part of our covenant 
commitment." Conversely, any sense of 
surveillance or loss of control must be avoided. 
This underscores the need for clear 
communication about data use; veterans should 
ideally consent to and be aware of the use of 
predictive models in their care, framed positively 
as an aid for their clinicians [79]. 

In practice, if properly implemented, veteran 
PTSD prediction tools could enable earlier, more 
precise care, which might reduce the severity and 

chronicity of PTSD in the community. Better 
outcomes for individuals (e.g., maintaining 
employment and family stability due to timely 
support) translate into societal benefits, lowering 
healthcare costs, and fulfilling the moral 
obligation to those who serve [83]. We might also 
see an indirect destigmatisation: if the system is 
actively identifying and helping veterans with 
PTSD, it normalises seeking help and treating 
PTSD as a manageable health condition, not a 
personal failing. Over time, successes in the 
veteran sector could even be transferred to 
civilian trauma care or other mental health 
arenas. 

In summary, the implications are promising; deep 
learning could become an invaluable tool in the 
proactive armamentarium of veteran mental 
health services in the UK. It aligns well with 
current policy directions of personalised, 
preventive care. To realise these benefits, 
however, careful integration, ethical oversight, 
and continuous evaluation will be necessary, 
ensuring that the use of AI truly enhances the 
support structure around each veteran rather 
than becoming a mere tech add-on. 

 

CONCLUSIONS 

Building on this review, we propose several 
recommendations for research and practice at the 
intersection of deep learning, UK health data, and 
veteran PTSD: 

1. Establish a Unified Veteran Data Repository: To 
facilitate advanced modelling, stakeholders 
should create a secure, integrated repository of 
veteran health data. This could be a virtual 
federated database linking MoD service records 
(with key variables such as deployment dates, 
roles, and in-service medical episodes) and NHS 
records (including primary care, secondary care, 
and mental health services) for veterans. 
Initiatives like the NHS England Secure Data 
Environment provide a blueprint [84]. A 
dedicated "Veteran Health Analytics Hub" could 
dramatically accelerate research by providing 
pre-linked, de-identified longitudinal datasets to 
approved studies [85]. We recommend the MoD, 
NHS, and academic partners pilot such an 
initiative for a cohort (e.g., all veterans of a recent 
deployment) to demonstrate feasibility and value. 

2. Advance Longitudinal Modelling Techniques: 
Researchers should continue to refine deep 
learning models that handle irregular, long-term 
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sequences typical of health data [27]. This 
includes experimenting with transformer 
architectures on EHR sequences (beyond initial 
studies) and exploring hybrid models that 
combine data-driven learning with clinical 
knowledge (e.g., models that enforce certain 
temporal logic, such as the principle that PTSD 
cannot occur before trauma) [27, 86]. Special 
attention should be given to calibrating models 
over long follow-up periods, as many veteran 
outcomes unfold over decades, necessitating 
models with mechanisms to refresh or update 
with new data. Continuous-learning systems that 
update with new patient data (while preventing 
catastrophic forgetting) would be valuable for 
keeping predictions current [87]. 

3. Focus on Multimodal and Contextual Inputs: 
PTSD risk is influenced by context beyond clinical 
variables [88]. Future models should integrate 
social and environmental data where available, 
for example, incorporating data on social care, 
employment status, or housing (some of which 
might be recorded in GP notes or social services 
databases). Researchers may also utilise natural 
language processing on veterans' self-reported 
narratives, such as those from online forums or 
research interviews (if ethical), to enrich models 
with psychosocial context. The aim is to construct 
a holistic picture of each veteran's life. 
Additionally, leveraging sensor data (like sleep 
trackers or heart rate variability from wearable 
devices) could provide early physiological signs of 
PTSD exacerbation [89]. Pilot programs that 
provide veterans with wearable technology and 
feed that data into prediction models could be 
trialled to see if it boosts accuracy. 

4. Strengthen Explainability and Clinician 
Interface: We recommend that any predictive 
model for PTSD be paired with an explainability 
module before deployment. Research should test 
different explanation approaches with clinicians 
and veterans to see which builds the most trust 
and understanding. For example, does a simple 
rule-based explanation suffice ("Key factors: 
increasing anxiety medication usage and recent 
bereavement") or are visual timelines better? 
User-centred design studies can optimise how 
model outputs are communicated [90]. Moreover, 
the interface in clinical systems should be refined: 
perhaps risk scores are embedded as a small icon 
in the GP's screen that expands to show details 
when clicked. Co-designing this interface with end 
users (GPs, psychiatrists, and veteran support 

workers) is recommended to ensure it enhances 
rather than hinders workflow [32]. 

5. Rigorous Prospective Trials and Health 
Economic Evaluation: While retrospective 
accuracy studies are valuable, the true test is 
prospective impact. We call for trials of the deep 
learning PTSD risk system in a real-world setting. 
For example, a cluster-randomised trial could be 
conducted in which some NHS regions implement 
the AI-assisted veteran care pathway. In contrast, 
others continue with standard care, measuring 
outcomes such as PTSD incidence, time to 
treatment, symptom severity reduction, and 
patient satisfaction. Alongside, perform a health 
economics analysis: does the early intervention 
prompted by AI lead to cost savings (e.g. fewer 
hospitalisations, quicker return to work)? [91] 
Evidence of cost-effectiveness will be crucial for 
the NHS to adopt it broadly. Additionally, such 
trials should include monitoring for any 
unintended consequences (like over-referral or 
increased anxiety from risk labelling) to ensure 
patient safety and benefit. 

6. Education and Training Modules: To prepare 
the system, develop training programs about AI in 
mental health for both clinicians and patients [92]. 
For clinicians, short courses or e-learning can 
demystify how the PTSD risk model works, its 
limitations, and how to communicate its results to 
patients [93]. For veterans, informational 
materials can explain that an AI might assist their 
care ("the NHS is using advanced computer 
models that look at your health data to support 
you better; here's what that means…"). 
Transparent education will preempt 
misunderstandings and promote collaborative 
use of the tool. We also suggest involving veteran 
advocacy groups in crafting the messaging to 
ensure it resonates and alleviates concerns about 
privacy or stigma.  

7. Policy Frameworks for Ethical AI Use: On a 
policy level, we recommend that the Department 
of Health and Social Care and MoD develop joint 
guidelines for AI in veteran healthcare [94]. This 
could cover data governance specifics for veteran 
records, consent processes for data use (perhaps 
an "opt-out" model with safeguards), and clarity 
on liability (e.g., if an AI misses a PTSD case, how 
is accountability handled?). Additionally, ensure 
alignment with emerging AI ethics frameworks by 
implementing routine bias audits of the model (to 
evaluate performance across subgroups, such as 
female versus male veterans or different service 
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branches) and instituting an oversight committee 
that includes veterans, ethicists, and clinicians to 
review the AI's operation [95] continuously. 

8. Extend to Related Mental Health Needs: Finally, 
while PTSD is a focal point, veterans often face a 
suite of mental health challenges (depression, 
anxiety, substance use, traumatic brain injury 
effects). Future research can enhance models to 
predict or detect comorbid conditions and 
transitions between them, such as the risk of 
alcohol misuse relapse in veterans with PTSD. A 
comprehensive deep learning system might 
eventually track overall "veteran wellbeing" using 
multiple outputs. This aligns with holistic care: 
addressing not just PTSD in isolation but the full 
spectrum of a veteran's mental health. Multi-task 
learning models, which can output predictions for 
several related conditions, could be explored [22]. 

By pursuing these recommendations, we can 
move from concept to reality in using deep 
learning to combat PTSD among UK veterans. It 
will require a multidisciplinary, collaborative 
effort, bringing together data scientists, clinicians, 
NHS IT personnel, MoD officials, ethicists, and the 
veteran community. The momentum exists and 
the need is clear; with thoughtful action, the next 
decade could see AI-driven mental health support 
become an integral part of how the UK honours its 
commitment to those who have served. 

The risk of posttraumatic stress in UK veterans 
fluctuates over time, not due to clinic visits. Deep 
learning applied to longitudinal records, linking 
Ministry of Defence service histories with NHS 
data, offers a practical route from reactive care to 
anticipatory medicine. Sequence models can 
detect subtle precursors, integrate multimodal 
signals, and support earlier, more tailored 
intervention without displacing clinical judgment. 

Real impact, however, depends on system choices. 
Veteran identifiers and interoperable data flows 
must be enforced; secure data environments or 
federated approaches should govern linkage; and 
outputs must be legible at the point of care, 
pairing risk scores with concise, clinician-tested 
explanations. Deployment requires routine bias 
audits, prospective evaluation, and workforce 
preparation so that models augment decisions 
rather than automate them. 

The prize is clear: fewer missed cases, faster 
access to effective support, and services that learn 
from their data. With a focused program, 
establishing a Veteran Health Analytics Hub, 
conducting prospective trials with health-
economic endpoints, and co-designing interfaces 
with clinicians and veterans, the UK can leverage 
longitudinal data and modern AI to create a 
reliable early-warning system for those who have 
served.
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