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Abstract

Background: Electronic patient records are a valuable yet underused data source; they have been explored in research using
natural language processing, but not yet within athird-sector organization.

Objective: This study aimed to apply natural language processing to develop a risk identification tool capable of discerning
high and low suicide risk among veterans, using electronic patient records from a United Kingdom—based veteran mental health
charity.

Methods: A total of 20,342 notes were extracted for this purpose. To develop the risk tool, 70% of the records formed the
training dataset, while the remaining 30% were allocated for testing and evaluation. The classification framework was devised
and trained to categorize risk as abinary outcome: 1 indicating high risk and O indicating low risk.

Results. The efficacy of each classifier model was assessed by comparing its results with those from clinical risk assessments.
A logistic regression classifier was found to perform best and was used to develop the final model. This comparison allowed for
the calculation of the positive predictive value (mean 0.74, SD 0.059; 95% Cl 0.70-0.77), negative predictive value (mean 0.73,
SD 0.024; 95% CI 0.72-0.75), sensitivity (mean 0.75, SD 0.017; 95% CI 0.74-0.76), F,-score (mean 0.74, SD 0.033; 95% ClI
0.72-0.76), and accuracy, which was measured using the Youden index (mean 0.73, SD 0.035; 95% CI 0.71-0.76).
Conclusions: The risk identification tool successfully determined the correct risk category of veterans from alarge sample of
clinical notes. Future studies should investigate whether thistool can detect more nuanced differencesin risk and be generalizable
across data sources.

(IMIR Al 2025;4:e64898) doi: 10.2196/64898
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such as aggression and violence, and include a plan for the

Introduction ongoing management of identified risks[2].

Background

It isimportant toidentify and managerisk in clinical populations
[1]. In the United Kingdom, guidelines from the National

Assessing Risk
Inclinical settings, risk istypically assessed using psychometric
methods and clinical interviews and patients are dichotomized

Ingtitute for Care Excellence require clinical mental health
servicesto have arisk management planin place. Individualized
risk assessments must address risks to the patient—including
self-harm and vulnerability to exploitation—as well asrisksto
others associated with the patient’'s mental health condition,

https://ai.jmir.org/2025/1/e64898

into high- and low-risk groups [3,4]. However, assessing and
identifying risk in clinical populations remains subjective and
difficult [5]. Accurate risk assessment may be hampered by the
complexity of biological, psychological, and environmental risk
factors and the interplay between them. Meta-analyses have
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indicated that no single factor [6] or set of factors [7] is
sufficiently predictive of risk to be useful in clinical risk
assessments. In addition, a systematic review of 19 studies
indicated that while current methods for assessing risk in
veterans are sensitive to identifying risk, they also yield ahigh
rate of false positives, which undermines the clinical utility of
these methods [8].

Novel Methodsto | dentify Risk

Electronic patient records (EPRS), including free-text clinical
notes that document patient contact and sessions, are an
underused yet rich source of data. Secondary research using
natural language processing (NLP) has increasingly been used
to make use of data contained in EPRs, informing clinical
service planning and improving safety management [9]. NLP
encompasses a range of techniques used to train algorithmsto
make meaning from natural speech or text, such as in speech
recognition technology and can be used with large samples.
Military research has also made use of these techniques to
identify veteransfrom aclinical research database [10], aswell
as to categorize patients with probable posttraumatic stress
disorder [11]. NLP has previously been used to identify suicide
risk from EPRs of alarge United Kingdom mental health service
[12].

Risksin Veterans

Veteran services may be one clinical population that could
benefit from such novel risk management methods. While
suicide rates are no higher than the United Kingdom general
population in serving military personnel, some veteran groups,
such as those below the age of 25 years, face an increased risk
relativeto the general public[13]. Veterans experiencing mental
health difficulties may delay seeking help compared to
nonveteran clinical groups [14], often waiting until they arein
crisisbefore doing so [15]. Once in treatment, veterans may be
more likely to drop out and respond less effectively to treatment
[16]. In addition, high levels of comorbidity and complexity in
mental health presentations are observed in treatment-seeking
veterans[17], particularly those who have reached acrisis point
[18]. These considerations highlight the importance of
monitoring risk in veteran services and evaluating the efficacy
of methods for doing so.

This Study

Thisstudy aimed to develop an NL P framework to identify high
and low risk of suicidefrom clinical notes of aUnited Kingdom
veteran mental health charity. A machinelearning classification
framework is used to test and evaluate arange of classifiersto
develop arisk identification tool.

Methods

Ethical Considerations

Approva for this project was granted by Combat Stress
Research Committee (ref.pn2020). The study was conducted
in alignment with the 2024 Declaration of Helsinki for medical
research with human participants.
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Participants

The deidentified data used in this study were extracted from an
EPR system managed by a third-sector charitable organization
that provides mental health services to United Kingdom
veterans. The charity EPR system has supported a range of
research projects [19-21]. Many of these studies have aimed to
answer specific clinical or population-based research questions
such as the demographic profile of referrals to the charity and
to develop a mobile phone app to reduce alcohol consumption.

The data used in this study were extracted from the patient
EPRs, which were created by clinical staff each time they
interacted with a patient or updated the patient’s file. These
records provide an overview of patient interactions, treatment,
risk profiles, and patient-reported concerns. Clinical risk is
determined by individual clinicians, who assess and document
it based on the charity’s guidelines and their professional
judgment. Risk is recorded as either low or high according to
these criteria.

Procedure

There are approximately 650,000 records from 33,000 patients
in the charity’s EPR. Owing to the large number of records and
time constraints, we extracted a subset for the development of
our risk tool. This subset (hereafter termed risk database) was
extracted from the EPR system for patients who had a
modification in their record between July 2020 and July 2022,
had a clinical risk indicator and free-text summary (see quote
1 asan example), and had provided consent for their anonymized
datato be used for research purposes. The extraction time frame
was sel ected because patients must have their consent reviewed
after 2 years, and due to an EPR outage that commenced in late
July 2022:

Full meeting minutes can be observed in the meetings
tab. Patient appears happy and consent with life, but
has indicated low mood, and bouts of manic
depression with some suicidal thoughts. Recommend
further follow-up intwo weeks. [Quote 1: synthetically
generated free-text statement as an example of the
type of note provided in the charity’s EPR]

How Clinical Risk Category | sComputed in the Service
the Sample |sDrawn From

Every veteran referred to the charity is offered a screening call
during which the frequency of suicidal ideation isassessed using
item 9 of the Patient Health Questionnaire [22]. Risk statusis
determined by this question, along with further questions
regarding intent, previous suicide attempts, current plans, and
the presence of high levels of shame, guilt, impulsivity, or
risk-taking behaviors. Referrals for veterans who are assessed
ashighrisk inthisregard are not accepted for afull assessment
and are instead offered information about more appropriate
services. During treatment, risk status is determined by
subjective clinician judgment and considering the following
factors: historical attempts, vague or contemplative plans,
evidence of elevated alcohol or drug use, previous involvement
with acute mental health services, isolation and withdrawal,
evidence of frequent anger or physical aggression, impulsivity,
reduction in meaningful activities, and protective factors
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(employment status, support network, motivation to engage in
treatment, future orientation, evidence of external locus of
control and self-efficacy, hopein treatment success, and triggers
to mental health deterioration). A high-risk rating is assigned
when the Patient Health Questionnaire-9 items 3 “feeling down
depressed or hopeless’ and 9 “thoughtsthat you would be better
off dead or of hurting yourself in someway” arerated as“more
than half the days’ in the previous 2 weeks, aswell as presence
of the aforementioned risk factors.

A total of 20,342 records were retained for analysis, which are
hereafter referred to asthe gold standard dataset. Theserecords
included assigned clinical risk scoresfor 582 patients (low risk:
10,984; high risk: 9358). The clinical risk score serves as the
benchmark for assessing the performance of machine learning
models. Each patient may have multiple records, reflecting
different points in their care. The decision to include only 582
patientswas driven by resource constraints, such aslimited staff
timefor annotating each record and the need to maintain patient
privacy by processing the fewest possible number of records.
Due to these considerations, a sample size calculation was not
conducted.

For the devel opment and eval uation of therisk tool, we all ocated
70% of the dataset (14,239 out of 20,342 records) for training,
while the remaining 30% (6103 records out of 20,342) were
used for testing and evaluation. To ensure the integrity of the
evaluation, patients were assigned to either thetraining or testing
group, with no patient’s records appearing in both groups. It is
important to note that thereis no universally recognized method
for determining the size of the training and testing groups.
Therefore, our approach was guided by methodol ogies reported
insimilar studies [10,23,24].

Generating an Annotated Word Features Dataset

In this phase, 5000 records from the training dataset, evenly
divided between low risk (2500) and high risk (2500) and
representing 105 patients, were annotated. To ensure balanced
representation of both classes and to mitigate class imbalance
during model training, we explicitly selected an equal number
of recordsfrom each risk category. DL and NB developed a set
of classification rules for annotating each record using an
annotation protocol. This method involved categorizing words
and phrases into three groups: (1) those indicating any kind of
clinical risk, such as self-harm, suicidal thoughts, or suicidal
intent; (2) descriptions of suicidal behavior or thoughts
pertaining to individuals other than the patient; and (3)
expressionsthat might cause confusion, such as“hewasangry”
or “the TV show had death.” As the researcher team analyzed
each record, terms relevant terms were highlighted by the
annotation software based on the aforementioned groupings.
These groupings were used to extract the different feature sets
used for moddling. If differences occurred, these were discussed
until an agreement was reached regarding inclusion or exclusion.
This systematic categorization yielded a set of word features
that were used in developing and training therisk identification
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tool. Details of the annotation protocol and classification rules
are available upon request from the corresponding author.

Developing the Risk | dentification Tool

In this study, we developed a machine learning classification
framework to test and evaluate a range of machine learning
classifiers.

The training dataset (defined earlier) was preprocessed to
remove (1) punctuations (using regular expressions algorithm),
(2) words or phrasesrelated to another individual’s clinical risk
(these were required to exactly match those in the annotated
feature dataset), (3) stop words and frequently occurring terms
(except wordsrelated to harm and risk), and (4) word or phrases
that may cause confusion with correctly identifying self-harm
and risk. The remaining features were then converted into term
frequency—inverse document frequency (TF-1DF) features. The
risk terms and phrases identified in the annotation phase were
used for the TF-IDF features. Mutual information scores were
calculated for each annotation using the mutual_info_classif
function to quantify the dependency between terms and risk
class. Thetop 500 features with the highest scoreswereretained
for model training and incorporated into the TF-IDF features.
This approach was undertaken to ensure that key phrases and
terms associated with risk were given a higher prominence,
whereas terms related to confusion were penalized. This
approach follows a similar framework reported €l sewhere [10].

The classification framework was developed and trained to
identify risk with the outcome being abinary value (1=high risk
and O=low risk). A training set of 9966 recordswas used within
the framework to select the best performing machine learning
classifier to usethe on thetest set defined earlier. As mentioned
earlier, there is no standardized approach in the literature for
determining the training and testing size cutoff. Thisisaso the
case when selecting the most suitable machine learning
algorithms for specific analyses, not only in the field of NLP
but also in areas such as health care, agriculture, and security
[12,25,26].

Therefore, in this study, a comparison was made based on
10-fold cross-validation accuracy using TF-IDF features as an
input of the following machine learning classifiers (which are
part of the scikit-learn package): support vector machines,
random forest, artificial neural network, k-nearest neighbor,
logistic regression, and XGBoost. It is important to note that
thereis sparse literature on which machine learning algorithms
are best suited for specific tasks such as clinical risk detection
using NLP. Therefore, algorithms have been selected based on
prior useinthisdomain. During thisinitial phase, each machine
learning classifier used default parameters as specified by
scikit-learn package. The 10-fold cross-validation randomly
samples the 9966 records at each “fold” to identify which
parameters are suitable for the best performance. Logistic
regression yielded the best performance during the 10-fold
cross-validation (see Table 1 for full results).
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Table 1. Machine learning classifier 10-fold cross-validation performance based on the training dataset of 9966 records.

Classifier Accurecy, mean  Negative predictive value, precision (PPV3), mean Sensitivity, mean  F;-score, mean
(SD) mean (SD) (D) (SD) (SD)

Support vector machines 0.922 (0.026) 0.898 (0.020) 0.948 (0.043) 0.900 (0.018) 0.923 (0.024)

Random forest 0.889 (0.025) 0.874 (0.043) 0.906 (0.015) 0.867 (0.043) 0.886 (0.026)

Artificial neural network 0.851 (0.014) 0.826 (0.035) 0.877 (0.017) 0.822 (0.028) 0.848 (0.012)

k-nearest neighbor 0.798 (0.031) 0.817 (0.044) 0.782 (0.031) 0.815 (0.042) 0.797 (0.028)

Logistic regression 0.977 (0.014) 0.972 (0.016) 0.983 (0.014) 0.972 (0.016) 0.977 (0.014)

3ppV: positive predictive value.

In addition to comparing multiple classifiers, we also considered
dimensionality reduction and feature selection techniques,
including SelectKBest and truncated singular value
decomposition, to evaluate whether reducing the dimensionality
of the feature space improved model performance. However,
while these methods modestly reduced computational
complexity, they did not significantly enhance classification
accuracy or F;-score when compared with other approaches.
Furthermore, the records were relatively short in length,
resulting in low computational complexity.

Data Analysis

All analyses were performed using Python version 3.5 with
standard mathematical packages and scikit-learn (version 0.20.3)
[26]. Machine learning classifier 10-fold cross-validation was
selected as the highest accuracy with consideration of the
negative predictive value, precision, sensitivity, and F;-score
with each reported with SD and 95% CI with SD and 95% Cl
reported to represent the n-fold result.

Record characteristics were reported as the average frequency
in which words, sentences, whitespaces, stop words, and
nonal phanumeric across records were stratified by risk status.
For evaluating the risk tool, each classifier model was tested
by measuring itsresults against the resultsfrom the clinical risk
assessment status (the gold standard testing dataset), allowing
for computation of positive predictive value, negative predictive
value, sensitivity, F;-score, and accuracy at a record level. In

this study, positive predictive value was defined as the
proportion of correctly identified true high-risk cases over the
total number of true high-risk cases identified by the classifier.
Negative predictive value was defined as the proportion of
correctly identified true low-risk cases over the total number of
low-risk cases identified by the classifier. Sensitivity was
defined as the proportion of true high-risk cases identified by
the classifier over the total number of actual high-risk cases
(identified by each record). F;-score considers both positive
predictive value and sensitivity and produces a harmonic mean,
where the best value lies at 1 and the worst value lies at 0.
Classifier performance was additionally assessed using the
Youden index, which summarizes the trade-off between
sensitivity and specificity. The Youden index is calculated as
(sensitivity+specificity—1), with values ranging from O,
indicating no discriminatory power, to 1, representing perfect
discrimination. Thus, it provides auseful metric for identifying
the classifier threshold that maximizes both sensitivity and
specificity.

Results

Record Char acteristics

Descriptive characteristics of the gold standard dataset are
reported in Table 2. These analyses indicate that high-risk
records had more words (mean 472.98, SD 407.75), sentences
(mean 158.88, SD: 222.47), white spaces (mean 62.80, SD
87.66) and stop words (mean 25.39, SD 50.12).

Table 2. Record characteristics including frequency and mean (SD) stratified by low risk and high risk.

Characteristics

Low risk (n=10,984), mean (SD) High risk (n=9358), mean (SD)

Words 376.28 (309.17) 472.98 (407.75)

Sentences 147.17 (234.01) 158.88 (222.47)

White spaces 56.02 (85.67) 62.80 (87.66)

Stop words 25.57 (52.45) 25.39 (50.12)
Per for mance contained 6103 records, which represented 3102 low-risk and

The performance of the risk tool using logistic regression is
reported in Table 3 and evaluated using the testing dataset
producing a positive predictive value, negative predictive value,
sensitivity, F;-score, and accuracy statistics. The testing data

https://ai.jmir.org/2025/1/e64898

3001 high-risk records. Overal, the clinical risk tool had an
accuracy of 0.734 (0.035; 0.712-0.756), a negative predictive
vaueof 0.734 (0.024; 0.719-0.749), aprecision of 0.737 (0.059;
0.7-0.774), a sensitivity of 0.748 (0.017; 0.738-0.758) and an
F,-score of 0.741 (0.033; 0.721-0.761).
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Table 3. Performance results for the clinical risk identification tool using logistic regression.

Performance metric

Results, mean (SD; 95% Cl)

Youden index 0.734 (0.035; 0.71-0.76)
Negative predictive value 0.734 (0.024; 0.72-0.75)
Precision 0.737 (0.059; 0.70-0.77)
Sensitivity 0.748 (0.017; 0.74-0.76)
F-score 0.741 (0.033; 0.71-0.76)
Discussion that risk categories can be captured by free-text clinical notes,

Principal Findings

Thisstudy applied NLP to EPRsfrom anational veteran mental
health charity to develop a risk identification tool and the
findings demonstrate the feasibility of using alarge electronic
records database to classify patientsinto general risk categories
(high or low). This is one of the growing number of studies
using free-text clinical recordsto identify risk [12,27]. Our risk
tool performed favorably in comparison to similar studies,
achieving a precision of 74% in classifying risk category. One
study using an NLP agorithm to identify risk reported a
precision value of 60%, while another tool wasableto correctly
identify 92% of cases of suicide ideation and 83% suicide
attempts [12]. Another machine learning algorithm was able to
identify suicide attempts with a precision of between 93% and
97%.

Key to why the performance metrics of the current tool werein
themiddle of thisrangeislikely the much smaller samplesand
more precise risk categories used in previous studies, potentially
making these toolsmore accurate. For example, other algorithms
used gold standard datasets of thousands of records rather than
hundreds. Second, “suicideideation” and “suicide attempt” are
much clearer to define and dichotomize than the high and low
general risk classifications in this study. Risk ratings in the
EPRs encompass multiple areas of risk of harm to self and
others, including substance use, homelessness, and safeguarding
concerns, among other risk areas. As such the categories*“high”
and “low” risk are relatively general and depend on clinician
interpretation of multiple factors.

Of interest in this work, we found that high-risk records
contained a greater number of words compared to low-risk
records and may indicate differencesin documentation practices
when clinicians identify increased risk. Specifically, clinicians
may provide more detailed or extensive documentation when
patients present higher levels of risk, reflecting more complex
clinical considerations, abroader range of concerns, or increased
efforts to record comprehensive management plans. This
observation warrants further investigation to better understand
how documentation practices may vary according to perceived
risk, which in turn may inform future NL P-driven approaches
for risk identification.

The relatively lower accuracy of the current tool compared to
similar studies indicates that such tools should not replace
clinical risk assessment by a qualified clinician. Given the
importance of evaluating risk in clinical samples, only 100%
accuracy would suffice. However, this study has demonstrated

https://ai.jmir.org/2025/1/e64898

suggesting that there may be a place for NLP algorithms in
using large databases of clinica notes to find patterns in
indicators of risk that may not have been considered by
individual clinicians.

Interpretability and Clinical Reasoning

An important consideration in the development of clinical
decision support toolsistheir interpretability. That is, the extent
to which the output can be explained and justified to clinicians
and service providers. This is important in a mental health
setting, where risk decisions have significant consequences. In
this study, interpretability was a key consideration. Unlike
black-box models, logistic regression (for example) alows for
the direct examination of model coefficients, facilitating the
identification of the most predictive features and their relative
contribution to risk classification. In addition, low-complexity
models can be exploited within the resource-constrained
environments typical of third-sector organizations or National
Health Service, where advanced infrastructure required for
complex models may not be available.

Our analysisrevealed that the most predictive features associated
with high-risk classification included terms such as “suicidal
thoughts,” “self-harm,” “hopeless” “impulsive,” “previous
attempts,” and “risk to self.” These features align closely with
theclinical criteriaused within the service to define and assign
high-risk ratings. Conversely, terms associated with protective
factors, such as “supportive family,” “engaged in treatment,”
“stable” and “improvement” were associated with low-risk
classifications and contributed negatively to the model’sdecision

boundary.

These findings are consistent with clinical reasoning and
established suicide risk frameworks. For example, indicators
such asprior suicide attempts, aswell as psychological markers
such as hopelessness and impulsivity, are well-established
predictors of suicide risk in both the general population and in
veteran groups[8,23]. Similarly, the presence of social support,
treatment engagement, and expressions of psychological
recovery areroutinely considered protective factorsby clinicians
when assessing risk. The ability to identify and understand
which features contribute to risk classification improves trust
in the algorithm and enables amechanism for validation against
clinician judgment. However, future development should
continue to emphasize transparency and clinical alignment,
particularly if suchtoolsareto beintegrated into routine practice
within veteran mental health services.
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Usesof a Risk Tool in Veteran Services

However, the naturalistic data contained within a large EPR
database was able to be exploited by this study. An advantage
of developing a tool using this approach is that the methods
used could transfer more easily to create similar tools on
extracted EPR data from other services. Risk tools, such asthe
one developed in this study, may be particularly useful in
improving effectiveness and efficiency of risk evaluation, which
is often highly subjective and lengthy [5]. EPRs are arich data
source because they contain longitudinal, detailed information
from large patient sampl es. Using such data could permit amore
nuanced perspective of risk, which may be particularly valuable
in population subgroups such as treatment-seeking veterans,
who may exhibit different risk profiles compared to other
groups. For example, treatment-seeking veterans face a high
burden of comorbid difficulties [28] adding to the complexity
of their mental health difficulties [17] and yet veterans may
delay seeking support until they have reached a point of crisis
[15]. Veteran groups may be more likely to underreport when
asked about risk factors by clinicians [29], which highlights a
potential need to use whatever data are available when
identifying risk, including that contained within clinical notes.

Strengths and Limitations

While this study was able to use alarge sample to identify risk
category, several limitations should be noted. First, the sample
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