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Abstract

Background: Menta illness contributes substantially to global disability, and public adoption of Al for mental health support
is accel erating without commensurate saf ety eval uation. General-purpose large language models can fail to recognize naturalistic
text expressing suicidal ideation, with immediate clinical consequences. Domain-specific natural language processing methods
offer a contrasting approach, but ensembles integrating the two have not been formally characterized.

Objective:  We aimed to (1) benchmark 5 modeling approaches for classifying mental health—related social media text, (2)
develop and optimize ensembles integrating a domain-specific natural language processing classifier with a fine-tuned large
language model, and (3) derive a closed-form framework constraining ensemble weighting in safety-critical classification.

Methods: We analyzed 60,889 publicly available Reddit and Twitter texts spanning 9 categories (anxiety, bipolar disorder,
depression, a normal baseline, personality disorder, stress, suicidal ideation, attention-deficit/hyperactivity disorder, and autism
spectrum disorder). Labels were derived from the originating subreddit or a self-stated condition and are not clinical diagnoses.
Five architectures were compared: prompt-engineered base GPT-40-mini; fine-tuned GPT-40-mini; a domain-specific classifier
(support vector machine over symptom-informed lexical features); and 2 ensembles of these models, hybrid probability—indicator
fusion and soft probability fusion. Datawere split into 70%, 10%, and 20% at the post level (n=42,622, n=6089, and n=12,178);
weightswere selected on the validation split and all reported performance comes from the held-out test split. Closed-form bounds
on permissible language model weightswere derived for both strategies. Cls are paired bootstrap intervals (n=10,000 replicates);
accuracy differences were tested with exact McNemar tests.

Results: The domain-specific classifier achieved 91.9% accuracy (95% Cl 91.4%-92.4%), exceeding the base (58.7%) and
fine-tuned (88.6%) large language models. Both ensembles outperformed either constituent model, reaching 93.9% (soft fusion;
95% CI 93.5%-94.3%) and 93.8% (hybrid fusion; 95% CI 93.4%-94.2%) at a weighting of 60% classifier to 40% fine-tuned
model, selected on validation (P<.001 for both against the classifier alone; the 2 ensembles did not differ from each other [P=.16]).
The hybrid ensemble reduced the missrate for the suicidal ideation category from 32.5% (650/2000) to 1.9% (37/2000), a17.6-fold
reduction relative to the base model, although its advantage over the classifier alone within that category was not significant
(P=.68). Accuracy fell discontinuously above a 50% language model weight, where the hybrid ensemble reduced exactly to the
fine-tuned model; the selected weight satisfies the derived instance-level bound of 44.0%.
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Conclusions:
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Domain-specific clinical grounding remained necessary for stable ensemble performance in this corpus, and

probabilistic fusion outperformed both constituent model swhen language model weight was bounded by a derivable, model-agnostic
constraint. Because labels were community-inferred and only one corpus was analyzed, these results are hypotheses requiring
external validation on clinically characterized data before use in decision support.

(JMIR Ment Health 2026;13:€98925) doi: 10.2196/98925
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Introduction

The global burden of mental illness continues to rise, with
mental and substance use disorders accounting for a substantial
proportion of disability-adjusted life years worldwide [1,2].
Preventive tools that support early identification of mental
illness before conditions escalate remain scarce. Accurate,
scalable tools to support screening, assessment, and clinical
validation are urgently needed [3-5]. Public adoption of Al for
mental health support is accelerating: chatbot-based
interventions have demonstrated efficacy in reducing symptoms
of depression and anxiety [6-9], and meta-analyses show that
app-supported smartphone interventions yield meaningful effect
sizes for depressive symptoms [10-12]. A growing share of
younger adults now report using conversational Al for emotional
support, often as afirst point of contact—regardless of clinical
readiness or regulatory status [13-16].

Nowhere is this gap between deployment and safety more
conseguential thanin suicidality detection. Suicideremainsone
of the leading causes of preventable death globally, yet the
systems being adopted most rapidly—general-purpose large
language models (LLMs)—can fail to recognize the indirect,
knowledge-seeking, or contextually embedded signals that
characterize  real-world  suicidal  ideation [17,18].
Transformer-based LLMs have attained fluency and genera
reasoning capabilities [19] that make them superficially well
suited for emotional support but were never designed with
clinical deployment in mind. This concern isnow supported by
peer-reviewed evaluations and not by preprints aone: in a
controlled comparison against expert suicidologists, 3 frontier
chatbots systematically overrated the appropriateness of
responses to suicidal ideation [20], and in a
clinician-benchmarked risk-stratification study, the same models
responded inconsistently to queries of intermediate risk and
diverged from clinician-assigned risk levels [21]. Across these
evaluations, the recurring critical failure mode is the same:
implicit suicide risk expressed in ecologicaly valid queriesis
not recognized [17].

Domain-specific natural language processing (NLP) methods,
by contrast, incorporate carefully engineered features grounded
in diagnostic criteria, symptom vocabularies, and validated
assessment tools [22]. In our previous work, atraditional NLP
classifier outperformed both prompt-engineered and fine-tuned
GPT-40-mini models on a 7-category mental health
classification task [23]. That study established which single
model performed best; it did not address how the 2 model
families should be combined, which is the question we take up
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here. The present study therefore differs from our earlier work
[23] in 4 respects: the label space is extended to 9 categories
by adding attention-deficit/hyperactivity disorder (ADHD) and
autism spectrum disorder (ASD); 2 ensemble architectures are
introduced and optimized rather than single models compared;
aclosed-form bound is derived that explains, rather than merely
reports, the observed weighting behavior; and performance is
evaluated from a patient-safety perspective, with the miss rate
inthe suicidal idestion category asthe primary safety end point.
The central question istherefore not whether Al can contribute
to mental health, but how models should be combined so that
contextual sensitivity is gained without surrendering safety.

To address this, we investigated 5 model architectures across
60,889 mental health—related texts spanning 9 source-derived
label categories, developed and optimized 2 ensemble
strategies—hybrid  probability—indicator fusion and soft
probability fusion—and derived amathematical framework that
formally constrains LLM weight in ensemble design. Our
specific aims were to quantify how much of the performance
difference between the 2 model families survives ensembling,
to establish whether the weighting behavior we observe is an
artifact of thisdataset or astructural property of thefusionrule
itself, and to measure the conseguences of these design choices
for the detection of posts labeled as suicidal ideation. We
hypothesized that adomain-specific classifier would outperform
unadapted LLMs, that a weight-constrained ensemble would
outperform its constituent models, and that the location of the
performance cliff would be predictable from a closed-form
bound rather than dataset-specific.

Methods

Dataset and Preprocessing

Our evaluation used a dataset of 60,889 mental health—related
social mediatext instances across 9 categories: anxiety, bipolar
disorder, depression, normal (baseling), personality disorder,
stress, suicidal ideation, ADHD, and ASD. This extends our
previous 7-category framework [23] by adding ADHD and
ASD. The core dataset was curated from publicly available
mental health datasets sourced from Reddit and Twitter
(subsequently rebranded X), aggregated from the Kaggle Mental
Health Sentiment Analysisdataset [23]. ADHD datawere drawn
from r/ADHD and r/adhdwomen; ASD data were drawn from
r/autism and r/aspergers. Categorieswere assigned based on the
originating subreddit. A stratified train-validation-test split
(70%, 10%, and 20%) was applied, yielding 42,622 training,
6089 validation, and 12,178 test instances.
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Dataset labelsreflect explicitly stated or source-derived mental
health labels and do not represent formal clinical diagnoses. A
post isassigned to a category because of whereit was published
or what its author said about themselves, not because aclinician
assessed that author. High classification accuracy on such data
therefore demonstrates that a model can separate the language
communities associated with these categories; it does not
demonstrate that the model identifies psychiatric disordersin a
diagnostic sense. An unknown but potentially substantial share
of the achievable accuracy will reflect subreddit-specific
register, terminology, and topic conventions rather than clinical
status, and some proportion of postsin any category will have
been written by people who do not have the condition the
subreddit is organized around. Throughout this paper, category
names such as “depression” or “suicidal ideation” should be
read aslabelsfor thisdiscourse and not as diagnoses. The public
availability and size of the corpus nevertheless make it a useful
resource for investigating how NLP and LLM architectures
behave in this domain.

Back-translation augmentation was applied to a 10% random
sample of the corpus before partitioning, so an original statement
and its back-trand ated variant couldin principlefall on opposite
sides of the split. We quantified this. No test statement appeared
verbatim in the training set. Using term frequency—inverse
document frequency (TF-IDF) cosine similarity, 128 of 12,178
test statements (1.1%) had a training neighbor above 0.99
similarity and 166 (1.4%) above 0.95. Classification accuracy
on those 166 statements was 96.4%, against 91.8% on the
remaining 12,012; excluding them changed overall accuracy
from 91.9% to 91.8%. The corpus does not retain author
identifiers, so partitioning was performed at the level of the post
rather than the user, and we could not verify whether multiple
posts by the same author spanned the split. Because users who
post repeatedly within the same subreddit tend to reuse
vocabulary, phrasing, and topics, the absolute accuracies
reported here should be read as upper bounds on what would
be obtained under strict user-level separation.

M odel Architectures

Domain-Specific NLP Model

We implemented a domain-specific traditional NLP classifier
optimized for mental health text, using asupport vector machine
with radial basisfunction kernel and TF-I DF features (unigrams
and bigrams, maximum 10,000 features) informed by
symptom-specific vocabularies derived from validated
diagnostic criteria. Class probabilities were obtained by Platt
scaling fitted during training, and al reported classifier
predictions are the argmax of that calibrated distribution; the
ensemble derivations below assume these probabilities are
calibrated. Data augmentation via back-trangdation (English to
French to English) was applied to improve robustness in
underrepresented classes.

LLM Approaches

We evaluated 2 approaches based on GPT-40-mini (OpenAl):
the general -purpose base model using prompt engineering and
a version fine-tuned on mental health—specific data. For both
language model configurations, class predictions and
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probabilities were obtained by querying the model with the
instruction format used during fine-tuning and reading the
log-prababilities of thefirst token of each of the 9 label names,
which are mutually distinct under the model’s tokenizer; the
resulting distribution was renormalized over the 9 classes.
Applying asingle elicitation procedure to every architectureis
acorrection relative to the submitted version of this manuscript,
in which the stand-alone evaluation of the fine-tuned model
reposed the task as aletter-code selection while the ensembles
used the plain instruction on which that model had been
fine-tuned. Because the model was fine-tuned to emit label
names, the letter-code prompt was out of distribution and
understated its stand-alone accuracy by approximately 14
percentage points. All results reported here use the single,
consistent procedure.

Ensemble Architectures

We evaluated 2 ensemble strategies. In  hybrid
probability—indicator fusion, the NLP mode contributes
calibrated class probahilities Py, p(c), whilethefine-tuned LLM
contributes a one-hot indicator for its predicted class y.r. For
each class ¢, the ensemble scoreis asfollows:

Shybrid(€) = Wyp* Pyrp(€) + wep - 1{c = yp)

wherewy p and wet are model weights satisfying wy p+wWer=1.

In soft probability fusion, both models contribute full probability
distributions:

Ssopt(€) = Wyrp* Pyip(c) + wer Per(c)

In both formulations, thefinal predicted classisthe classc with
the highest ensemble score. Weights were optimized via
stratified grid search (step 0.05) on the validation split, and all
reported accuracies were computed on the held-out test split,
which was not used for weight selection.

Evaluation Protocol

Five approaches were eval uated: base GPT-40-mini, fine-tuned
GPT-40-mini, traditional NLP, hybrid probability—indicator
ensemble, and soft probability ensemble. Overall accuracy
served asthe primary optimization criterion for ensembleweight
selection, with detailed per-class analysis of precision, recall,
and F,-score across all 9 categories. Weight selection used the
validation split only; the test split was held out and used once
for the fina performance estimates reported below. All
performance metrics are reported as percentages.

Statistical Analysis

Ninety-five percent Cls for accuracy and per-class recall were
obtained by bootstrap resampling of the test set with 10,000
replicates, using a common set of resamples across models so
that between-model comparisons were paired. Differences in
accuracy between model sweretested with exact McNemar tests
on discordant predictions. Because the architectures were
evaluated on identical items, their errors were correlated, so
differences between them should not be judged by inspecting
whether their Cls overlap. Two-sided P values are reported;
P<.05 was considered significant.
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M athematical Weight Bound

Full derivations of ensemble weight bounds under binary and
multiclass settings, for both hybrid and soft fusion, are provided
in Multimedia Appendix 1. Two distinct quantitiesfollow from
that analysis and should not be conflated. The first is an
instance-level condition: under hybrid fusion, when the NLP
model correctly identifies the true class A with calibrated
probability pa=Pp. p(A) and the LLM predictsanincorrect class,
the ensemble still predicts correctly if and only if wer <1 -
1/(2p,). Evaluated at the mean calibrated confidence measured
on the 917 test statements where the classifier was correct and
thelanguage model was not (p,=0.893), this gives wet <44.0%.
The second isastructural threshold that does not depend on p,
at al: because the LLM contributes a one-hot indicator of
magnitude wer while the NLP contribution cannot exceed 1 -
WeT, any Wer >0.5 makesthe LLM's predicted class the argmax
for every input, so the hybrid ensemble becomes identical to
thefine-tuned LLM. Theinstance-level bound describeswhere
the optimum lies; the structural threshold explains why the
accuracy curveisdiscontinuousthere. Both depend only onthe
calibration of the probabilistic classifier and on the hard, one-hot
form of the LLM output, not on the identity of either model.

Ethical Consider ations

This study analyzed only publicly available, aggregated social
media text that had already been collected, deidentified, and
released as a research dataset by third parties. No individuals
were contacted, no private or access-restricted content was
obtained, and no attempt was made to reidentify authors or to
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link posts to accounts. The work therefore does not constitute
research on human participants within the meaning of the
Swedish Act concerning the Ethical Review of Research
Involving Humans (2003:460), and no ethical review board
approval or waiver was required. Because the corpus
nevertheless consists of first-person disclosures about mental
health, no verbatim post text is reproduced in this paper, and
no derived data that could support reidentification are rel eased.

Results

Individual M odel Performance

Evaluation revealed substantial performance differences across
modeling approaches (Figure 1). The base LLM achieved 58.7%
overall accuracy (95% Cl 57.9%-59.6%), with an F;-score for
personality disorder of only 16% and a recall of 67.5% in the
suicidal ideation category, meaning that 1 in 3 posts carrying
that label was not identified. The base LLM’s F;-scores for
stress (27%) and ADHD (49%) were also low. Fine-tuning
improved performance to 88.6% (95% Cl 88.1%-89.2%), but
this did not reach the domain-specific NLP model, which
achieved 91.9% (95% CI 91.4%-92.4%) with per-condition
F,-scores ranging from 78% (ADHD) to 99% (personality
disorder). The 2 model families showed different strengths in
termsof F,-score: the classifier led on personality disorder (99%
Vs 89%), stress (97% vs 84%), and suicidal ideation (97% vs
89%), whereas the fine-tuned model led on ADHD (86% vs
78%). Per-condition precision, recall, and F;-score with 95%
Clsfor recal are given in Multimedia Appendix 2.

Figure 1. Overall accuracy and per-condition F1-score across 5 modeling approaches (held-out test set, n=12,178). (A) Overall accuracy with 95%
Cls; the dashed line marks 90% accuracy. (B) Fi-score by condition and model, with rows aigned with the models in panel A. ADHD:
attention-deficit/hyperactivity disorder; Anx: anxiety; ASD: autism spectrum disorder; Bip: bipolar disorder; Dep: depression; LLM: large language
model; NLP: natural language processing; Nor: normal; PD: personality disorder; Str: stress, Sui: suicidal ideation.
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Figure 2 compares row-normalized confusion matrices for the
base LLM, NLP model, and optimized hybrid ensemble. The
base LLM showed severe off-diagona errors, particularly
depression cases misclassified as anxiety (12.5%) and
personality disorder cases widely scattered. The NLP model
achieved near-diagonal classification across all 9 conditions,

https://mental .jmir.org/2026/1/€98925

RenderX

=

B
85 98 95 96 93 97 97 28
00
50

PD

Fr1-score (%)

Str Sui

ADHD Anx ASD Bip

Dep Nor

with the main residual error being ADHD recall (66.1%), with
24.7% of ADHD statements being classified as normal,
reflecting linguistic similarity between ADHD self-reports and
other categories. The hybrid ensemble further improved
performance, raising ADHD recal to 75.0%, reducing
ADHD-to-normal confusion from 24.7%to 17.6%, and reaching
98.2% recall in the suicidal ideation category.
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Figure 2. Row-normalized confusion matrices for the base large language model (LLM), the domain-specific natural language processing (NLP)
classifier, and the hybrid probability—indicator ensemble (held-out test set, n=12,178). All values are percentages of actual cases within each row. (A)
Base LLM (58.7% accuracy). (B) NLP classifier (91.9%). (C) Hybrid ensemble (93.8%). ADHD: attention-deficit/hyperactivity disorder; Anx: anxiety;
ASD: autism spectrum disorder; Bip: bipolar disorder; Dep: depression; Nor: normal; PD: personality disorder; Str: stress; Sui: suicidal ideation.
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Ensemble Optimization

Figure 3 shows the weight optimization curves for both
ensemble strategies. Weights were selected on the validation
split; both ensembles sel ected we;=40%, giving test accuracies
of 93.8% for the hybrid ensemble and 93.9% for the soft
ensemble. Both ensembl es exceeded the classifier alone, by 1.9
and 2.0 percentage points, respectively (P<.001 for each), and
their gain over the classifier was concentrated in ADHD
(F4-score 85% vs 78%), the classifier's weakest category. The
optimism avoided by selecting on a separate split is small: the
best test-split valuefor either ensembl e exceedsthe value at the
selected weight by 0.1 percentage points to 0.2 percentage

Predicted

Predicted

points. Beyond w1=50% the hybrid ensemble dropped abruptly
to 88.6% and remained constant, because once the language
model weight exceeded one-half, theindicator term necessarily
dominated the probabilistic term for every instance, and the
ensemble reduced exactly to the fine-tuned model; the flat
branch therefore lay at the fine-tuned model’s own accuracy
and was anayticaly determined rather than empiricaly
estimated (Multimedia Appendix 1). The soft ensemble degraded
gradually to the same end point, since both of itstermsremained
probabilistic. Both curves confirmed that language model
authority must remain below 50% of ensemble weight for the
hybrid architecture to retain any contribution from the classifier
at all.

Figure 3. Ensemble weight optimization curves. Accuracy is plotted against the weight assigned to the fine-tuned model (WFT). The solid lineisthe
held-out test split (n=12,178) and the dashed line is the validation split (n=6089) on which the weight was selected; the marked point is the selected

weight. (A) Hybrid probability—indicator fusion. (B) Soft probability fusion.
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Safety Recall by Condition

Figure 4 reports recall by condition. Recall in the suicidal
ideation category is the most clinically consequential quantity
we measure, subject to the caveat that the category is defined
by subreddit membership rather than by clinical assessment:
the base LLM missed 32.5% (650/2000) of the posts carrying
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this label; the fine-tuned LLM missed 9.1% (181/2000; recall
91.0%); the NLP model missed 2% (40/2000; recall 98.0%);
and the hybrid ensemble missed 1.9% (37/2000; recall 98.2%).
This 17.6-fold reduction in miss rate between the base LLM
and the hybrid ensemble is large enough to matter in any
screening application, although its clinical value can only be
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established on clinician-labeled data. The ensemble achieved
the highest recall for ADHD (75.0%, against 66.1% for the
classifier alone). ADHD was the only category in which the
ensemble remained below 90% recall. Thedifferencein suicidal

Kallstenius et al

ideation recall between the hybrid ensemble and the classifier
alonewas not statistically significant (98.2% vs 98.0%; P=.68);
the safety gain was established against the base language model
(P<.001), not against the domain-specific classifier.

Figure4. Recall by mental health category and model (held-out test set, n=12,178). Each cluster shows 1 of 9 categories, defined by subreddit membership
rather than by clinical assessment; the dashed horizontal line marks 90% recall, and the shaded column is the suicidal ideation category. ADHD:
attention-deficit/hyperactivity disorder; LLM: large language model; NLP: natural language processing.
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Domain Expertise as a Design Constraint

Our resultsindicate that domain-specific expertise should remain
central to mental health Al systems of this kind. The NLP
model’ s higher individual accuracy (91.9% vs 88.6%) is modest
in aggregate, but the per-condition picture is sharper: the
classifier holds aclear advantage on the categorieswith the | east
training data and the greatest clinical consequence, including
personality disorder and suicidal ideation, while the fine-tuned
model isstronger on ADHD. The ensembl e optimization results
make the structural point more directly than the accuracy
comparison does: the selected configuration givesthe classifier
majority control (60%), and performance degrades sharply the
moment that ordering is reversed. That bound is derived rather
than tuned and does not depend on the size of the accuracy gap
between the 2 models. We note, however, that this conclusion
is drawn from a single corpus with community-inferred labels
and that the advantage of engineered features may be smaller
on data whose categories are not aligned with distinct online
communities.

Mathematical Analysis of Ensemble Constraints

To explain the shape of the curves in Figure 3A, we derived
upper boundson LLM weight under both ensemble formulations
(full derivations in Multimedia Appendix 1). In binary
classification, when the NLP model correctly identifiesthetrue
class A with calibrated probability pa=Pp.p(A) whilethe LLM
predicts the incorrect class B, the hybrid ensemble predicts
correctly if and only if wer <1 — 1/(2p,)- Since p, > 0.5, this
bound isstrictly lessthan 0.5. Evaluated at p,=0.893, measured
on the 917 statements where the classifier was correct and the
language model was incorrect, the bound yields wer < 44.0%.
The weight selected on the validation split, 40%, satisfies this
bound, and the accuracy discontinuity occurs at exactly 50%
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corresponding condition iswer< (pa — Pg)/(1 + pa — Pg), Where
Pg isthe NLP probability of the classthe LLM has chosen; this
reduces to the binary bound when pg = 1 - p, and is stricter
whenever the LLM’s error targets a class that the NLP model
already considersplausible. Separately from thisinstance-level
condition, the hybrid rule hasahard structural limit at we;=0.5,
beyond which the one-hot term alone determines the argmax
and the ensembl e collapses onto the fine-tuned LLM irrespective
of pa; thisis the discontinuity visible in Figure 3A. The soft
probability fusion bound isgenerally looser, which explainsthe
gradual degradation in Figure 3B. Two caveats limit the reach
of these results. They are conditions on the disagreement case
under a specific pair of fusion rules, not a universal design
principle for classifier combination, and they assume the
probabilistic classifier is caibrated, so systematic
overconfidence or underconfidence will displace the bound.
Where calibration cannot be verified, the safe reading is the
structural limit at 0.5 rather than the tighter p,-dependent value.

We note that the bound governs whether an individua
disagreement is resolved correctly, whereas Figure 3 plots
aggregate accuracy; their agreement isan empirical result rather
than an identity.

Ensemble Synergy and Clinical Implications

Therecall analysisin Figure 4 showsthe practical consequence
of model choice. Thebase LLM’s 32.5% missratein thesuicidal
ideation category is approximately 17.6 times the hybrid
ensemble's 1.9%. These gains arise from partia error
complementarity: of the 1904 statements misclassified by at
least 1 of the 2 congtituent models, 1437 (75.5%) were classified
correctly by the other. The erors are not independent,
however—both modelsfailed on 467 (3.8%) statements, against
0.9% expected under independence—indicating a core of
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intrinsically ambiguous text that neither approach resolves. An
oracle that always deferred to whichever model was correct
would therefore reach 96.2%, so the 93.8% achieved by the
hybrid ensemble leaves roughly 2.5 percentage points of
headroom, and no weighting of these 2 models can exceed the
oracle. Comparing the 2 fusion strategies, soft fusion attains
nominally higher accuracy but the difference is not significant
(P=.16); we prefer the hybrid formulation on the grounds that
its weight admissibility condition is a hard structural property
that can be checked before deployment, not because it is more
accurate.

Comparison With Prior Work

The strongest comparator for this study is our own earlier
7-category evaluation [23], and the relationship between the
two deserves to be stated precisely. The core qualitative
finding—that a domain-specific classifier outperforms both
prompt-engineered and fine-tuned GPT-40-mini on this family
of corpora—was established there and is reproduced, not
discovered, here, and the marginis now considerably narrower:
3.3 percentage points on 9 categories against 4 points on 7
categories. What is new is the ensemble analysis: 2 fusion
architectures, a closed-form account of why their weight
response takes the form it does, an explicit structural threshold
at which hybrid fusion degenerates, and a safety-oriented
evauation centered on the miss rate in the suicidal ideation
category. The 2 additional categories (ADHD and ASD) are a
secondary contribution, and they behave differently from one
another: ADHD is the hardest of the 9 categories for the
classifier and for both ensembles, whereas ASD is handled
comparatively well.

The submitted version of this manuscript reported the fine-tuned
model at 74.5% accuracy, an unexplained regression relative
to the 91% reported in our earlier study. That figure was an
artifact of the elicitation mismatch described in the Methods
section and is corrected here to 88.6%. We record the
discrepancy explicitly becauseit changes how the present results
should be read: on the corrected measurement, the 2 model
families are much closer in aggregate accuracy than the
submitted version implied, and the case for domain-specific
grounding rests on the derived weight bound and on
per-condition performancein the safety-critical categoriesrather
than on a large aggregate gap. The ensembles’ advantage over
the classifier alone, which is the paper’'s principal empirical
claim, is unaffected by the correction and is now larger rather
than smaller.

Ethical Considerations and Deployment Safeguards

The results above concern classification accuracy, which is a
necessary but not sufficient condition for responsible use. Three
requirements follow directly from our findings. First, any
deployment must be a screening aid that routes text to ahuman
reviewer, never an autonomous triage or diagnostic decision,
the label s this system was trained on are not diagnoses, and the
system has never been evaluated against clinician judgment.
Second, false positives are not cost-free. A system that flags
suicidal ideation imposes a burden on the person flagged and
on the service reviewing the flag, and any deterministic safety
layer placed above the ensembl e trades specificity for sensitivity
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by design; the resulting fal se-positive rate must be measured in
thetarget population, monitored after deployment, and reported
to the clinicians who act on the output. Third, because the
optimal weight rangeisnarrow and calibration drifts aslanguage
use and model versions change, continuous monitoring with
scheduled recalibration and a documented rollback path is a
condition of safe operation rather than an optional extra.
Governance arrangements should also address consent and
secondary use: individuals who post in support communities
did not write for the purpose of training classifiers, and any
prospective system operating on identifiable content requires
an explicit legal and ethical basis of its own.

Limitations

Several limitations constrain the generalizability and clinical
applicability of our findings. First, and most importantly, the
dataset consists of socia media text with community-inferred
rather than clinician-validated |abels, so thetask we solveisthe
identification of mental health—related discourse and not the
detection of psychiatric disorders; the gap between the two is
large and is not quantified by any metric reported here. Second,
back-translation augmentation preceded partitioning, and
partitioning was performed at the post rather than the user level;
the near-duplicate overlap this creates is quantified in the
M ethods section, but account-level leakage cannot be excluded
because the corpus does not retain author identifiers. Third, all
experimentswere conducted on asingle aggregated corpus, and
no external validation was performed; the optimal weights, the
measured calibrated confidence, and hence the numerical value
of the derived bound may not transfer to clinical note formats,
structured assessments, or other cultural and linguistic contexts.
Fourth, the ensemble’s advantage over the classifier alone in
the safety-critical category isnot statistically significant (P=.68),
so the safety caserests on the comparison with the base language
model. Fifth, we did not evaluate clinical utility metrics such
as screening effectiveness or treatment outcomes. Sixth, the
narrow optimal weight rangeimpliesthat any deployment would
require ongoing monitoring and adaptive recalibration.
Prospective validation in clinicaly diagnosed populations
remains an essential prerequisite before clinical use.

Conclusions

Integrating adomain-specific NLP model intoan LLM ensemble
architecture improved both accuracy and safety in the
classification of mental health-related social media text. The
optimized ensembles achieved 93.8% (hybrid) and 93.9% (soft)
overall accuracy, each exceeding both constituent models, and
reduced the missratein the suicidal ideation category 17.6-fold
relativeto ageneral-purpose LLM baseline. We further provide
a closed-form bound showing why the language model weight
must remain below approximately 44% under hybrid fusion at
the calibrated confidence measured here and why the
architecture degenerates entirely above 50%, converting an
empirical observation into a design constraint that can be
checked in advance. On this evidence, domain-specific clinical
grounding is best regarded as a necessary component of safe
mental health text classification rather than an optional
refinement. Because the eval uation rests on asingle corpuswith
community-inferred labels, the wider clam—that these
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congtraintstransfer to other biomedical informaticsapplications  offered as a hypothesis for external validation rather than as a
in which model failures carry direct safety consequences—is demonstrated result.

Acknowledgments

The authors thank the contributors to the publicly available mental health datasets used in this study. We used the generative Al
tool Claude (Anthropic [24]) to format and edit the manuscript, to check the supplementary derivations and the reference list,
and to generate Figures 1-4 and the tables in Multimedia Appendix 2 from the authors' analysis outputs. The authors reviewed
all resulting text, figures, and tables and take full responsibility for the content.

Funding

AW’s time was supported in part by the European Research Council under Consolidator Grant 101088623 (EMUNITI). That
grant funds a program of work on noninvasive neuromodulation for epilepsy and did not fund the design, data collection, or
analysis reported here; it is acknowledged solely because it supported the corresponding author’s salary during the period in
which this work was carried out. This work was also supported in part by Flanders Innovation & Entrepreneurship (VLAIO)
Innovative Starters Support under grant HBC.2024.0469. The funders had no role in study design, data collection and analysis,
the decision to publish, or the preparation of the manuscript.

Data Availability

The aggregated corpora analyzed in this study are publicly available: the core dataset is the Kaggle Mental Health Sentiment
Analysis dataset, and the attention-deficit/hyperactivity disorder (ADHD) and autism spectrum disorder (ASD) material was
drawn from the public subreddits r/ADHD, r/adhdwomen, r/autism, and r/aspergers. The per-model outputs underlying every
figurein this paper, including the validation and test weight sweeps and the per-condition confusion matrices, are available from
the corresponding author on request.

Conflictsof Interest

TK and AK areaffiliated with NeuroPrism AB, acompany devel oping Al-based toolsfor mental health screening and diagnostics.
The remaining authors declare no competing interests.

Multimedia Appendix 1

Mathematical analysis of ensembleweight bounds—derivationsfor hybrid probability—indicator fusion and soft probability fusion
in the binary and multiclass settings, and a proof that hybrid fusion degenerates to the fine-tuned language model for wFT=0.5.
[DOCX File, 823 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Per-condition precision, recall, and F;-score for all 5 architectures on the held-out test split, with 95% bootstrap Cls for recall

and per-condition test set sizes.
[DOCX File, 12 KB-Multimedia Appendix 2]

References

1.  Whiteford HA, Degenhardt L, Rehm J, Baxter AJ, Ferrari AJ, Erskine HE, et a. Global burden of disease attributable to
mental and substance use disorders: findings from the Global Burden of Disease Study 2010. Lancet. Nov 09,
2013;382(9904):1575-1586. [doi: 10.1016/s0140-6736(13)61611-6]

2. VigoD, Thornicroft G, Atun R. Estimating thetrue global burden of mental illness. Lancet Psychiatry. Feb 2016;3(2):171-178.
[doi: 10.1016/s2215-0366(15)00505-2]

3. Olawade DB, Wada OZ, Odetayo A, David-Olawade AC, Asaolu F, Eberhardt J. Enhancing mental health with artificial
intelligence: current trends and future prospects. JMed Surg Public Health. Aug 2024;3:100099. [doi:
10.1016/j.glmedi.2024.100099]

4. Thakkar A, GuptaA, De Sousa A. Artificial intelligence in positive mental health: a narrative review. Front Digit Health.
Mar 18, 2024;6:1280235. [FREE Full text] [doi: 10.3389/fdgth.2024.1280235] [Medline: 38562663]

5. Cruz-Gonzalez P, He AW, Lam EP, Ng IM, Li MW, Hou R, et al. Artificial intelligence in mental health care: a systematic
review of diagnosis, monitoring, and intervention applications. Psychol Med. Feb 06, 2025;55:€18. [doi:
10.1017/S0033291724003295] [Medline: 39911020]

6. Abd-Alrazag AA, Rababeh A, Algjlani M, Bewick BM, Househ M. Effectiveness and safety of using chatbots to improve
mental health: systematic review and meta-analysis. JMed Internet Res. Jul 13, 2020;22(7):e16021. [FREE Full text] [doi:
10.2196/16021] [Medline: 32673216]

https://mental .jmir.org/2026/1/€98925 JMIR Ment Health 2026 | vol. 13 | €98925 | p. 8
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=mental_v13i1e98925_app1.docx&filename=67ff47e62b9ef8579a283ca00ca158fe.docx
https://jmir.org/api/download?alt_name=mental_v13i1e98925_app1.docx&filename=67ff47e62b9ef8579a283ca00ca158fe.docx
https://jmir.org/api/download?alt_name=mental_v13i1e98925_app2.docx&filename=9c4142da6ea7fcad83936f5193dc5df9.docx
https://jmir.org/api/download?alt_name=mental_v13i1e98925_app2.docx&filename=9c4142da6ea7fcad83936f5193dc5df9.docx
http://dx.doi.org/10.1016/s0140-6736(13)61611-6
http://dx.doi.org/10.1016/s2215-0366(15)00505-2
http://dx.doi.org/10.1016/j.glmedi.2024.100099
https://europepmc.org/abstract/MED/38562663
http://dx.doi.org/10.3389/fdgth.2024.1280235
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38562663&dopt=Abstract
http://dx.doi.org/10.1017/S0033291724003295
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39911020&dopt=Abstract
https://www.jmir.org/2020/7/e16021/
http://dx.doi.org/10.2196/16021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32673216&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH Kallstenius et al

7.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

HeY, YangL,QianC, Li T, SuZ, Zhang Q, et al. Conversational agent interventionsfor mental health problems: systematic
review and meta-analysis of randomized controlled trials. JMed Internet Res. Apr 28, 2023;25:e43862. [FREE Full text]
[doi: 10.2196/43862] [Medline: 37115595]

Fitzpatrick KK, Darcy A, Vierhile M. Delivering cognitive behavior therapy to young adults with symptoms of depression
and anxiety using a fully automated conversational agent (\Woebot): arandomized controlled trial. IMIR Ment Health. Jun
06, 2017;4(2):e19. [FREE Full text] [doi: 10.2196/mental.7785] [Medline: 28588005]

Inkster B, Sarda S, Subramanian V. An empathy-driven, conversational artificial intelligence agent (Wysa) for digital
mental well-being: real-world data eval uation mixed-methods study. IMIR Mhealth Uhealth. Nov 23, 2018;6(11):€12106.
[FREE Full text] [doi: 10.2196/12106] [Medline: 30470676]

Firth J, Torous J, Nicholas J, Carney R, Rosenbaum S, Sarris J. Can smartphone mental health interventions reduce symptoms
of anxiety? A meta-analysis of randomized controlled trials. J Affect Disord. Aug 15, 2017;218:15-22. [FREE Full text]
[doi: 10.1016/j.jad.2017.04.046] [Medline: 28456072]

Linardon J, CuijpersP, Carlbring P, Messer M, Fuller-Tyszkiewicz M. The efficacy of app-supported smartphoneinterventions
for mental health problems: a meta-analysis of randomized controlled trials. World Psychiatry. Oct 2019;18(3):325-336.
[FREE Full text] [doi: 10.1002/wps.20673] [Medline: 31496095]

van Agteren J, lasiello M, Lo L, Bartholomaeus J, Kopsaftis Z, Carey M, et a. A systematic review and meta-analysis of
psychological interventions to improve mental wellbeing. Nat Hum Behav. May 2021;5(5):631-652. [doi:
10.1038/s41562-021-01093-w] [Medline: 33875837]

Torous J, Bucci S, Bell IH, Kessing LV, Faurholt-Jepsen M, Whelan P, et al. The growing field of digital psychiatry: current
evidence and the future of apps, social media, chatbots, and virtual reality. World Psychiatry. Oct 2021;20(3):318-335.
[FREE Full text] [doi: 10.1002/wps.20883] [Medline: 34505369]

Luxton DD. Ethical implications of conversational agentsin global public health. Bull World Health Organ. Apr 01,
2020;98(4):285-287. [FREE Full text] [doi: 10.2471/BLT.19.237636] [Medline: 32284654]

Cross S, Bell I, Nicholas J, Valentine L, Mangelsdorf S, Baker S, et al. Use of Al in mental health care: community and
mental health professionals survey. IMIR Ment Health. Oct 11, 2024;11:e60589. [FREE Full text] [doi: 10.2196/60589]
[Medline: 39392869]

Abd-Alrazag AA, Algjlani M, Alalwan AA, Bewick BM, Gardner P, Househ M. An overview of the features of chatbots
in mental health: a scoping review. Int JMed Inform. Dec 2019;132:103978. [FREE Full text] [doi:
10.1016/j.ijmedinf.2019.103978] [Medline: 31622850]

Moore J, Grabb D, Agnew W, Klyman K, Chancellor S, Ong DC, et a. Expressing stigma and inappropriate responses
prevents LLMs from safely replacing mental health providers. In: FAccT '25: Proceedings of the 2025 ACM Conference
on Fairness, Accountability, and Transparency. New York, NY. Association for Computing Machinery; 2025.
Arnaiz-Rodriguez A, Baidal M, Derner E, Annable JL, Ball M, Ince M, et a. Between help and harm: an evaluation of
mental health crisis handling by LLMs. arXiv. Preprint posted online on September 29, 2025. [doi:
10.48550/arXiv.2509.24857]

Thirunavukarasu AJ, Ting DS, Elangovan K, Gutierrez L, Tan TF, Ting DS. Large language modelsin medicine. Nat Med.
Aug 2023;29(8):1930-1940. [doi: 10.1038/s41591-023-02448-8] [Medline: 37460753]

McBain RK, Cantor JH, Zhang LA, Baker O, Zhang F, Halbisen A, et al. Competency of large language modelsin evaluating
appropriate responses to suicidal ideation: comparative study. JMed Internet Res. Mar 05, 2025;27:e67891. [FREE Full
text] [doi: 10.2196/67891] [Medline: 40053817]

McBain RK, Cantor JH, Zhang LA, Baker O, Zhang F, Burnett A, et a. Evaluation of alignment between large language
models and expert clinicians in suicide risk assessment. Psychiatr Serv. Nov 01, 2025;76(11):944-950. [doi:
10.1176/appi.ps.20250086] [Medline: 41174947)

Kim J, LeeJ, Park E, Han J. A deep learning model for detecting mental illness from user content on social media. Sci Rep.
Jul 16, 2020;10(1):11846. [FREE Full text] [doi: 10.1038/s41598-020-68764-y] [Medline: 32678250]

Kallstenius T, Capusan AJ, Andersson G, Williamson A. Comparing traditional natural language processing and large
language models for mental health status classification: a multi-model evaluation. Sci Rep. Jul 06, 2025;15(1):24102.
[FREE Full text] [doi: 10.1038/s41598-025-08031-0] [Medline: 40619512]

Claude. URL : https://claude.ai/new [accessed 2026-10-01]

Abbreviations

ADHD: attention-deficit/hyperactivity disorder
ASD: autism spectrum disorder

LLM: largelanguage model

NLP: natural language processing

https://mental .jmir.org/2026/1/€98925 JMIR Ment Health 2026 | vol. 13 | €98925 | p. 9

(page number not for citation purposes)


https://www.jmir.org/2023//e43862/
http://dx.doi.org/10.2196/43862
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37115595&dopt=Abstract
https://mental.jmir.org/2017/2/e19/
http://dx.doi.org/10.2196/mental.7785
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28588005&dopt=Abstract
https://mhealth.jmir.org/2018/11/e12106/
http://dx.doi.org/10.2196/12106
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30470676&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0165-0327(17)30015-0
http://dx.doi.org/10.1016/j.jad.2017.04.046
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28456072&dopt=Abstract
https://europepmc.org/abstract/MED/31496095
http://dx.doi.org/10.1002/wps.20673
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31496095&dopt=Abstract
http://dx.doi.org/10.1038/s41562-021-01093-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33875837&dopt=Abstract
https://europepmc.org/abstract/MED/34505369
http://dx.doi.org/10.1002/wps.20883
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34505369&dopt=Abstract
https://europepmc.org/abstract/MED/32284654
http://dx.doi.org/10.2471/BLT.19.237636
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32284654&dopt=Abstract
https://mental.jmir.org/2024//e60589/
http://dx.doi.org/10.2196/60589
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39392869&dopt=Abstract
https://eprints.whiterose.ac.uk/id/eprint/151992/
http://dx.doi.org/10.1016/j.ijmedinf.2019.103978
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31622850&dopt=Abstract
http://dx.doi.org/10.48550/arXiv.2509.24857
http://dx.doi.org/10.1038/s41591-023-02448-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37460753&dopt=Abstract
https://www.jmir.org/2025//e67891/
https://www.jmir.org/2025//e67891/
http://dx.doi.org/10.2196/67891
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40053817&dopt=Abstract
http://dx.doi.org/10.1176/appi.ps.20250086
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=41174947&dopt=Abstract
https://doi.org/10.1038/s41598-020-68764-y
http://dx.doi.org/10.1038/s41598-020-68764-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32678250&dopt=Abstract
https://doi.org/10.1038/s41598-025-08031-0
http://dx.doi.org/10.1038/s41598-025-08031-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40619512&dopt=Abstract
https://claude.ai/new
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MENTAL HEALTH Kallstenius et al

Edited by J Torous; submitted 21.Apr.2026; peer-reviewed by A Hudon, MI Bhuiyan, SElmitwalli; comments to author 08.Aug.2026;
revised version received 31.Aug.2026; accepted 17.Sep.2026; published 08.0ct.2026

Please cite as:

Kallstenius T, Duvernoy B, Kallstenius A, Capusan AJ, Williamson A

Ensemble of Domain-Specific Natural Language Processing and Large Language Models for Detecting Suicidal 1deation and Mental
Health Conditionsin Social Media Text: Development and Evaluation Study

JMIR Ment Health 2026;13:€98925

URL: https://mental.jmir.org/2026/1/€98925

doi: 10.2196/98925

PMID:

©Thomas Kallstenius, Basil Duvernoy, Adam Kallstenius, Andrea Johansson Capusan, Adam Williamson. Originally published
in IMIR Mental Health (https://mental.jmir.org), 08.0ct.2026. This is an open-access article distributed under the terms of the
Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work, first published in IMIR Mental Health, is properly cited. The
complete bibliographic information, a link to the original publication on https://mental.jmir.org/, as well as this copyright and
license information must be included.

https://mental.jmir.org/2026/1/€98925 JMIR Ment Health 2026 | vol. 13 | 98925 | p. 10
(page number not for citation purposes)

RenderX


https://mental.jmir.org/2026/1/e98925
http://dx.doi.org/10.2196/98925
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

