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Abstract

Background: Mental health clinical notes contain decision-critical information often absent from structured electronic health
record fields. Large language models (LLMs) can extract clinically relevant signals from narrative text; however, variability
in output format, limited reproducibility, and inconsistent evaluation remain barriers to clinical deployment. Despite rapid
advances in LLM-based information extraction, clear and reproducible guidance for interdisciplinary clinical teams is limited.

Objective: This tutorial aims to present a structured workflow for zero-shot information extraction from mental health
clinical notes using locally deployed open-source LLMs. It aims to reduce barriers for clinicians and researchers with limited
familiarity with natural language processing (NLP) or LLM-based pipelines. Each stage includes key decision points and
examples. The workflow is illustrated on two tasks using synthetic notes: (1) detection of self-injurious thoughts and behaviors
(SITB) in pediatric emergency department (ED) notes and (2) antipsychotic medication nonadherence detection in outpatient
notes, using schema-constrained outputs and standardized evaluation.

Methods: We describe a five-stage zero-shot LLM pipeline: (1) infrastructure setup with local deployment via Ollama to
prevent protected health information (PHI) transmission; (2) task definition specifying the clinical construct, output format, and
evaluation; (3) dataset preparation using synthetic notes; (4) iterative prompt development using a hold-out development set
with binary and Likert scale outputs constrained via JSON schemas; and (5) output parsing, normalization, and validation. We
generated 300 synthetic notes per task using separate LLMs for generation and evaluation; 200 notes were used for evaluation,
and 100 notes (50 positive and 50 negative) were used as a prompt-development set and excluded from final metrics.
Evaluation used Large Language Model Meta Al (Llama) 3.2 and Llama 3.3 with deterministic decoding (temperature=0).
Performance was assessed using accuracy, precision, recall, and F-score; Likert thresholds were optimized using the Youden
index with bootstrapped Cls.

Results: We demonstrated the pipeline’s functionality using 2 example behavioral health detection tasks. Across both
examples, the more capable model (Llama 3.3) performed better than the lighter model used earlier in development (Llama
3.2), and we described how the pipeline’s evaluation and error-analysis steps work in practice. These examples also illustrated
2 useful design choices: requiring the model to output in a fixed format reduced errors, and using a graded rating scale, rather
than a simple yes/no format, allowed the detection threshold to be adjusted based on clinical risk tolerance. These results are
meant to show that the pipeline works as intended, not to serve as a benchmark of real-world accuracy.

Conclusions: A schema-driven, zero-shot LLM workflow can support reproducible extraction of clinically relevant informa-
tion from narrative notes. Local deployment enables processing without transmitting PHI to external servers. This tutorial
provides a transferable methodology for institutional adaptation and validation prior to clinical use. All prompts, code, and
datasets are publicly available via Zenodo (European Organization for Nuclear Research [CERN]).
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Introduction

Mental health clinical notes contain decision-critical
information not captured in structured fields [1]. Note
documentation includes safety appraisals, psychosocial
context, and mediators of treatment response (eg, adher-
ence) [2,3]. However, free-text storage limits reliable signal
identification at scale, and manual chart review cannot meet
this demand [4]. Large language models (LLMs) increas-
ingly address this gap, supporting medical record summariza-
tion, information extraction, and reasoning over clinical text.
Mental health clinicians now often interact with LLMs to
assist with triage support, risk stratification, and chart review
[5.,6]. Yet rigorous clinical validation lags behind adoption [7,
8]. Proprietary software and free-form text outputs of LLMs
complicate validation, hinder downstream analytics [9,10],
and limit reproducibility. For clinicians and health systems
to understand and use LLM-based systems safely, transpar-
ent pipelines (ie, those that define inputs, outputs, validation
rules, and failure modes) are essential.

Unlike specialties where risk is captured in structured,
coded fields, mental health documentation relies heavily on
narrative text to convey safety-critical information, which
is frequently expressed through indirect, negated, or context-
dependent language, increasing both the extraction burden
and the consequences of extraction errors for risk stratifica-
tion and treatment decisions.

Researchers have applied both general-purpose models
(eg, GPT family models and Llama variants) and domain-
adapted clinical LLMs (eg, the Bidirectional Encoder
Representations from Transformers [BERT]-based models
Clinical BERT [ClinicalBERT] and Biomedical and Clinical
BERT [BioClinicalBERT]) to free-text psychiatric documen-
tation [11] and have successfully detected suicidal idea-
tion, nonsuicidal self-injury, depression severity, substance
use, and medication adherence [5]. Despite these advances,
performance will always vary across tasks and documentation
styles. Models may overweight explicit negation, conflate
nuanced symptoms, or misinterpret psychosocial contexts.
Clear, reproducible guidance for interdisciplinary clinical
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teams remains limited [7], even as computer scientists and
natural language processing (NLP) experts refine evaluation
frameworks and fine-tuning strategies [12]. A structured
tutorial that defines schemas (ie, predefined rules specifying
the exact fields and format an LLM’s output must contain),
prompting constraints, validation logic, and performance
metrics can therefore help bridge the gap between technical
advances and practical clinical use.

This tutorial presents an end-to-end workflow for
extracting clinically relevant information from notes using
open-source out-of-the-box LLMs. We apply the same
pipeline to two illustrative examples: (1) detection of
self-injurious thoughts and behaviors (SITBs) among youth
presenting to the emergency department (ED) with mental
health concerns; and (2) antipsychotic medication nonadher-
ence detection in adults with serious mental illness.

Methods
Step 1: Setup Initial Workflow

Setup Overview

Extracting clinical information from notes requires a
reproducible and auditable workflow. Unlike traditional
rule-based systems, LLMs can produce variable outputs
depending on inference parameters, prompt phrasing, and
model stochasticity (ie, the tendency of generative models to
produce different outputs for the same input across repeated
runs). Without careful workflow design, repeated runs on
the same clinical text may yield different outputs, compli-
cate evaluation, and limit clinical reliability. The initial
workflow presented here is therefore designed to promote
reproducibility by controlling sources of variability across
prompt design, inference configuration, output structure, and
evaluation procedures. The overall structure of this workflow
is illustrated in Figure 1, which uses distinct generator models
for development (GPT) and final testing (Claude Sonnet 4.5)
to ensure that the prompt is validated on note styles and
model behaviors on which it was not tuned, thereby reducing
the risk of overfitting to a single generator’s specific patterns.

JMIR Ment Health 2026 | vol. 13 197498 | p. 2
(page number not for citation purposes)


https://doi.org/10.2196/97498
https://mental.jmir.org/2026/1/e97498

JMIR MENTAL HEALTH

Saha & Edgcomb

Figure 1. Workflow for synthetic note generation, prompt iteration, and final evaluation. In the note generation phase (green), a shared note
generation prompt is used to independently produce 2 synthetic datasets: a prompt-development set generated by GPT-40 and a final note set
generated by Claude Sonnet 4.5, each consisting of a synthetic clinical note, an associated ground-truth label, and metadata. In the prompt iteration
phase (yellow), the development set is used to refine the extraction prompt. The prompt is applied to Llama 3.2, its output is scored against the
corresponding ground truth, and this score is fed back to update the prompt across iterations until performance converges. The finalized prompt then
carries forward as the final prompt into the final inference phase (purple), where it is applied together with the final note set to Llama 3.3. The
resulting output is scored against ground truth, and the score and metadata are combined to produce the final output.
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Setup Infrastructure

The classification workflow begins with establishing a secure
computing environment designed to support consistent and
reproducible results. The appropriate deployment strategy
depends on institutional policy, computational resources, and
regulatory constraints. A key advantage of open-source LLMs
is that they can be deployed entirely within institutional
computing environments, allowing clinical text to remain
inside secure systems. Local inference reduces reliance
on external APIs and avoids transmitting protected health
information (PHI) to third-party servers. Institutions may
also implement inference using secure on-premises GPU
clusters or Health Insurance Portability and Accountability
Act (HIPAA)—compliant cloud environments that provide
contractual privacy guarantees. For behavioral health notes
specifically, this issue is compounded by additional regula-
tory sensitivity. Substance use disorder treatment informa-
tion carries separate federal confidentiality protections (42
Code of Federal Regulations [CFR] Part 2) beyond standard
HIPAA safeguards, and psychiatric documentation carries
elevated reputational and legal risks if exposed, reinforcing
the case for local, non-API deployment.

As LLM behavior can vary depending on system
configuration, reproducibility requires careful documentation
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Final Inference phase

of the parameters that control how the model generates
output. These parameters together define the inference
configuration and should remain consistent during develop-
ment and evaluation of the workflow. At minimum, the
following elements must be documented: (1) model ver-
sion and quantization settings, where quantization refers
to reducing the numerical precision of a model’s weights
(eg, from 16-bit to 4-bit) to shrink memory footprints
and speed up inference, typically with a small accuracy
trade-off (eg, Llama-3.1-8B-Instruct at 4-bit GPTQ quantiza-
tion); (2) hardware configuration (eg, central processing unit
(CPU), graphics processing unit (GPU), available memory,
and cluster or multi-GPU configuration if applicable); (3)
decoding parameters (eg, temperature and maximum tokens);
(4) processing strategy (batch vs sequential inference); and
(5) logging and error-handling procedures.

Deterministic decoding is particularly important when
model outputs are evaluated programmatically. It refers to an
inference configuration in which outputs are fully reprodu-
cible given the same input [13]. Among generation parame-
ters, temperature controls randomness; setting temperature=0
enforces deterministic decoding and ensures identical outputs
across runs (Table 1).
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Table 1. Summary of runtime (in seconds) across the models and tasks (pediatric SITB* and adult antipsychotic medication nonadherence detection).

Model name Task A (pediatric SITB) Task B (adult antipsychotic medication nonadherence)
Likert? Likert Binary

Llama 3.2 (3 BY) 42339 s° 40443 s 221.69's

Llama 3.3 (70 B) 151537 s 1527.82s 1105.00 s

4SITB: self-injurious thoughts and behaviors.
bLikert: Likert-scale prompting.

“Binary: binary prompting configuration.

9B: billion parameters.

®Runtime values are reported in seconds.

Define the Problem

With setup infrastructure in place, the next step is to
clearly define the classification task. LLMs can support
many types of clinical applications, including information
extraction, summarization, and classification. Here, we focus
on prompt-based classification, in which a prompt instructs
the LLM to analyze clinical text and assign a structured
prediction based on predefined criteria. Effective prompt-
based classification requires a well-defined 3-part objective
that specifies (1) the clinical construct of interest: the concept
to be detected, specified in concrete, measurable terms to
enable consistent labeling (eg, presence of a condition,
behavioral risk, or severity); (2) the target output format: how
predictions are expressed (eg, binary, ordinal, or multiclass),
which determines prompt design and ground-truth label
structure; and (3) the evaluation framework: how predic-
tions are assessed against reference labels, including metric
selection and alignment procedures.

In mental health contexts, target constructs are rarely
confirmed by an objective test or laboratory value; they
must instead be inferred from a patient’s reported symptoms,
behavior, and clinician interpretation as recorded in narrative
text, making precise construct definition especially important
to avoid drift between what the label is meant to capture and
what the prompt actually elicits.

Gather Notes

Each synthetic note was generated from a structured
specification sheet defining required fields, narrative tone,
and label-conditional constraints, with ground-truth labels
embedded during generation and stored separately from the
note text. To reduce the risk of generation-evaluation overlap,
2 separate language models were used, one to generate a
preliminary prompt-development set and a separate model
to generate the final evaluation corpus, with positive and
negative cases generated in separate batches to minimize
label contamination. Full methodological detail, including
the generation prompt structure, schema validation proce-
dure, and safeguards against templated or duplicated text, is
provided in Multimedia Appendix 1, with the full example
specification sheet in Multimedia Appendix 2.

Create a Baseline Prompt

With the dataset prepared, the next step is to instruct the
model to perform the classification task. In prompt-based
clinical classification, the LLM acts as a guided classifier
by interpreting clinical text and assigning output based
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on instructions provided in the prompt. This approach
relies on carefully written instructions to direct the model
behavior. Because the model itself is not retrained (as in
fine-tuning), the prompt must clearly state the task defini-
tion and output requirements. Prompt wording substantially
influences classification behavior and output formatting [13].
Minor phrasing changes can alter interpretation of ambigu-
ous clinical language and may introduce formatting errors
that interfere with structured output parsing. A structured
prompt-development process is therefore necessary before
final evaluation.

The prompt development set should be reserved exclu-
sively for prompt iteration and excluded from final perform-
ance reporting. Prompt iteration should begin with a baseline
prompt derived directly from the task definition. At mini-
mum, the prompt should define the clinical role assigned
to the model, explicit classification criteria (eg, positioning
the model as a clinical documentation reviewer screening for
risk-relevant content, rather than a general-purpose assistant),
and the expected output format (eg, binary label, ordinal
score, or structured schema). Subsequent refinements should
be guided by observed failure patterns. We discuss refinement
in detail in Step 2.

Prompt Output Formats

Prompts may request model predictions in several different
formats depending on the task design. Common approaches
include binary classification labels, multiclass labels, ordinal
rating scales, or probabilistic outputs. The appropriate format
depends on the clinical objective and the structure of the
reference labels. One commonly used format is binary
prompting, in which the model returns a categorical classi-
fication indicating whether the target condition is present
or absent (eg, yes/no). Binary prompting allows predic-
tions to be directly compared with ground-truth labels and
supports standard classification metrics such as accuracy,
precision, recall, and Fi-score. In some tasks, however,
clinical evidence may be distributed throughout the note and
may not correspond neatly to a strict binary decision. In
such cases, an ordinal prompting format can capture varying
degrees of confidence in the model’s assessment. One such
ordinal format is the Likert score. In Likert prompting, the
model returns an ordinal score reflecting the strength of
evidence that the target condition is present. In our imple-
mentation, the model produced a discrete score s€ {-3,
-2,-1,0, 1, 2, 3}, where negative values indicate evidence
against the condition and positive values indicate evidence
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supporting the condition. This is particularly relevant in
mental health documentation, where risk is often graded
rather than categorical; a note describing resolved, historical
suicidal ideation and one describing an active plan both refer
to the same construct but carry meaningfully different clinical
weight that a strict binary label can flatten.

Ordinal responses can capture degrees of uncertainty in
clinical language that may not be fully represented by binary
labels. Likert prompting can therefore provide additional
insight into borderline or ambiguous cases while still allowing
conversion to binary predictions during evaluation. Other
prompting strategies are also possible. For example, prompts
may request probability estimates, multilabel outputs, or
structured clinical categorizations. The choice of output
format should be guided by the clinical question, dataset
labeling scheme, and evaluation methodology.

Parse and Normalize Model Outputs

Once prompts have been executed and model predictions
generated, the next step is to extract and prepare these
outputs for the evaluation framework. This process involves
output parsing, schema validation, output normalization, label
alignment, and integrity checks.

Output Parsing

Parsing refers to the process of reading the model’s raw
output and extracting the prediction required for evaluation.
In many workflows, this involves identifying a specific field
within a structured output format (eg, a JSON field containing
the predicted label). Because evaluation requires alignment
between predicted labels and reference labels, the parsing step
must reliably extract the relevant prediction from the model
response.

Schema Validation

If the LLM was instructed to return results in a specific
format, the first step during parsing is to verify that the
output conforms to the expected schema. Responses that
are malformed or incorrectly structured outputs (ie, schema
violations) or contain additional text outside the expected
format should be flagged before any further processing. Any
outputs that cannot be reliably parsed or validated should be
flagged for additional review rather than passed silently to
downstream steps.

Output Normalization

Once predictions have been extracted, normalization is
applied to standardize the parsed outputs before compari-
son with ground-truth labels. Even when prompts request
a strict output schema, LLM responses may contain small
formatting deviations such as additional explanatory text,
leading or trailing whitespace, inconsistent capitalization,
or minor variations in field formatting. Because evalua-
tion scripts typically rely on exact string matching, these
inconsistencies can be misinterpreted as classification errors
if they are not corrected during preprocessing. Normaliza-
tion procedures may include trimming leading or trailing
whitespace, standardizing capitalization (eg, converting labels
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to lowercase), mapping semantically equivalent variants to
a canonical label (eg, “yes,” “Yes,” and “YES” = “yes”),
removing unintended commentary or markdown artifacts, and
validating and reformatting minor JSON inconsistencies when
possible.

Normalization should be limited to formatting adjustments
and should not modify the semantic content of the prediction.
For example, trimming whitespace or adjusting capitaliza-
tion (eg, “Schizophrenia” =* “schizophrenia”) is acceptable,
whereas collapsing distinct diagnostic terms (eg, “Simple
Schizophrenia” =+ “schizophrenia”) would alter the mean-
ing of the prediction and should not be performed. Any
output that cannot be reliably parsed or normalized should
be flagged for additional review.

Label Alignment and Integrity Checks

After normalization, predicted labels are paired with ground-
truth labels using the unique identifiers established during
dataset preparation. Only then should performance metrics
be computed. Final integrity checks should confirm that
each note has exactly one valid predicted label and that all
predictions fall within the predefined classification catego-
ries for the task. Any missing or invalid outputs identified
during the parsing stage should be documented and handled
consistently (eg, excluded or counted as errors according to
a predefined policy). These safeguards ensure that perform-
ance estimates reflect true classification behavior rather than
formatting artifacts.

Evaluate

After predicted labels have been parsed, normalized, aligned
with ground-truth labels, and validated through final integrity
checks, classification performance can be quantified.

The optimal choice of performance metrics depends on
the type of classification task being performed. For binary
classification tasks, commonly reported measures include
accuracy, precision, recall (sensitivity), specificity, and
F1-score. Precision (positive predictive value) reflects how
trustworthy a positive prediction is: of all notes the pipeline
flags as positive, what proportion are truly positive, with low
precision indicating frequent false alarms. Recall (sensitivity)
reflects how completely the pipeline captures true cases: of
all notes that are truly positive, what proportion the pipeline
correctly identifies, with low recall indicating missed cases.
The Fi-score summarizes precision and recall into a single
value. This is useful when both error types carry meaning-
ful cost. The appropriate emphasis depends on the clinical
consequences of each error type. Recall may be prioritized
in safety-critical mental health detection tasks such as suicide
risk screening, where missing a true positive case could delay
identification of a patient in crisis, whereas a higher precision
threshold may be preferred in lower-acuity screening tasks to
limit clinician alert burden. The metrics should include 95%
CIs (eg, bootstrapping with n=1000 resamples), with sample
sizes reported for each metric computation.

A confusion matrix may be computed to examine class-
level performance by cross-tabulating predicted labels against
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ground-truth labels to identify true positives, true nega-
tives, false positives, and false negatives. Unlike aggregate
accuracy, the confusion matrix reveals systematic error
patterns and indicates which direction prompt refinement
should take: a pattern dominated by false negatives suggests
that the classification criteria are too strict or insensitive
to subtle evidence and should be loosened, while a pat-
tern dominated by false positives suggests criteria are too
permissive and should be tightened. Reporting raw counts of
misclassified results helps contextualize aggregate perform-
ance metrics. This level of detail is particularly important
in clinical contexts where different error types may carry
unequal consequences. Beyond summary metrics, misclassi-
fications must also be qualitatively reviewed to determine
whether errors arise from prompt ambiguity, insufficient
task definition, dataset labeling inconsistencies, or genuinely
ambiguous clinical documentation. If systematic errors reflect
misalignment in earlier stages of the workflow, additional
prompt or task refinement may be warranted. If remaining
errors primarily reflect true clinical ambiguity rather than
problems with the prompt, output format, or evaluation
pipeline, the workflow may be considered ready for further
refinement.

Example

All inference experiments were conducted in locally deployed
environments using the Ollama inference server, so clini-
cal notes were never transmitted to external servers. Two
versions of Llama were used at different stages, applied
identically across both tasks. Llama 3.2 supported rapid,
low-cost prompt iteration, while Llama 3.3 was reserved
for final evaluation using the frozen prompts (see Refine

Saha & Edgcomb

the Model). Prompt development ran on a MacBook Pro
(Apple M3 Pro, 14-core GPU, 36 GB unified memory) using
quantized Llama 3.2 (~2 GB); final evaluation ran on a Mac
Studio (Apple M2 Ultra, 24-core CPU, 76-core GPU, 128 GB
unified memory) using quantized Llama 3.3:70B (~42 GB).
Notes were processed sequentially to approximate realistic
deployment conditions; Table 1 summarizes models, tasks,
prompting configurations, and runtime.

We demonstrate the workflow on 2 clinically distinct
tasks. Task A (pediatric SITB detection) evaluates whether
a note documents suicidal ideation, suicide attempts, or
nonsuicidal self-injury; Task B (antipsychotic medication
nonadherence detection) evaluates whether a note documents
nonadherence to prescribed antipsychotic medication in
individuals with serious mental illness. Both tasks produce
either a binary decision or an ordinal confidence score,
which are evaluated against ground-truth labels assigned
by constructions during synthetic note generation, using
accuracy, precision, recall, and Fj-score for binary outputs,
and Youden-optimal thresholding to convert Likert predic-
tions to binary decisions.

Prompt development began from minimal binary baseline
prompts with no additional guidance: “Determine whether
the clinical note contains suicidal ideation, suicide attempts,
or self-injury” (Task A) and “Determine whether the patient
is adherent or nonadherent to prescribed medications” (Task
B). These prompts specified no handling of borderline cases,
negation, temporality, or output format and initially produced
free-form responses with predictions embedded in explana-
tory text rather than structured labels (Figure 2).

Figure 2. Initial large language model (LLM) outputs with the baseline prompts.

The answer is YES.

Yes, the patient reports self-harm behaviors.

"label": "yes"

Prompts were revised to require structured JSON output,
a label field ({yes, no}) for binary prompting, or a dis-
crete score s € {-3,..3} for Likert prompting, and
automated parsing scripts extracted and normalized these
fields, excluding (rather than manually correcting) malformed
outputs so evaluation reflected model behavior rather than
postprocessing (Figure 3). Likert scores were converted to
binary predictions using a fixed threshold rule (predict yes if
s=t), and parsed labels were aligned with ground truth via
unique note identifiers.

https://mental jmir.org/2026/1/€97498

Classification performance was evaluated using accuracy,
precision, recall, and F-score, along with confusion matrices
to examine class-level performance. Metric priorities differed
by task; recall was prioritized for Task A because miss-
ing a true SITB-positive case could have significant down-
stream safety consequences [6], whereas precision carried
relatively greater weight for Task B to limit unnecessary
clinician follow-up alerts. Misclassified cases were qualita-
tively reviewed to distinguish errors attributable to ambiguous
clinical language, prompt limitations, or label inconsistencies.
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Figure 3. Programmatic extraction and normalization of large language model (LLM)—generated JSON outputs.

import json
import re

def extract_first_json_obj(text: str):
m = re.search(r" " (?:json)?\s*(.*?) """, text,
flags=re.DOTALL | re.IGNORECASE)
if m:
text = m.group(l).strip()

start = text.find("{")

return json.loads(text[start:i+1])

if start == -1:
raise ValueError("No JSON object start found")
depth = 0
for i, ch in enumerate(text[start:], start=start):
if ch == "{":
depth += 1
elif ch == "}":
depth -=1
if depth == 0:

raise ValueError("Unbalanced JSON in model output")

def parse_response(resp: str, mode: str):

data = extract_first_json_obj(resp)

mode = mode.strip().lower()

if mode == "likert":
score = int(data["likert_score"])
label = "Yes" if score >= 0 else "No"
return score, label

return None, data["label"]

Step 2: Refinement

Refinement Overview

The procedures described in Step 1 establish a reprodu-
cible baseline classification workflow designed to mini-
mize variability in model outputs. This initial workflow
is demonstrated in Figure 1. Initial performance repre-
sents a starting point (hereafter referred to as the base-
line). Prompt-based clinical classification requires structured,
iterative refinement across multiple components of the
pipeline. Refinements should be systematic, documented,
and evaluated using predefined metrics rather than ad hoc
adjustments. Refinements must be tested exclusively on
prompt-development sets and never on the final evaluation
dataset. This separation prevents implicitly overfitting the
techniques to a single dataset and preserves the ability to
assess generalization. Refinement may occur at multiple
levels of the workflow, including prompt design, output
structure, and model selection, a process that is especially
iterative for behavioral health text, given its reliance on
indirect, negated, and context-dependent language to convey
clinically important information.

Refine the Prompt

Prompt wording is often an influential factor in LLM
classification performance. Because prompt-based workflows
rely on natural-language instructions rather than model
retraining, even small changes in phrasing can alter how
the model interprets ambiguous clinical language, prioritizes
evidence, or applies classification criteria. Early modifica-
tions to the prompt are ideally minimal and targeted,
allowing performance changes to be attributed to specific
prompt adjustments rather than rewrites. Several prompting
strategies can be used to guide model behavior. Zero-shot
prompting provides only task instructions without labeled
examples. Few-shot prompting supplements the instructions
with example input-output pairs to demonstrate the desired
behavior [13,14]. Other techniques, such as chain-of-thought
prompting, encourage the model to generate intermediate
reasoning steps before producing a final prediction [15]. Each
approach can influence how the model processes the task
and may affect classification accuracy, reasoning behavior, or
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output stability. To determine whether refinements meaning-
fully improve performance, both quantitative metrics and
structured qualitative error analysis must be examined after
each iteration. These strategies matter more in mental health
extraction than in more templated clinical domains, since
risk-relevant signal is frequently embedded in hedged or
indirect phrasing rather than standardized terminology.

Classification Behavior

In early refinement cycles, the primary focus is classification
behavior rather than output formatting or structural compli-
ance. Evaluation at this step should pair qualitative assess-
ment with targeted prompt adjustments: (1) are clear positive
and negative cases classified correctly? This can be assessed
using a 2x2 contingency matrix. Errors on unambiguous
cases suggest fundamental task interpretation failures; the
prompt should be revised to clarify core classification criteria,
(2) how does the model handle borderline or ambiguous
language? This can be evaluated through clinician review
of false positives and false negatives. If borderline cases
are consistently misclassified, inclusion and exclusion criteria
should be refined to better define decision boundaries, and (3)
do errors reflect systematic misinterpretation? Recurrent error
patterns often reveal specific prompt gaps rather than inherent
model limitations. Common patterns include overweighting
explicit negation (eg, treating “denies suicidal ideation” as
overriding documented behavioral evidence); inconsistent
temporality handling (eg, classifying historical symptoms as
current); and inconsistent decision logic across semantically
similar inputs. In behavioral health documentation, these
particular error types carry more than cost beyond accuracy;
a missed negation or temporality error can misrepresent a
patient’s current risk status rather than simply mislabeling a
data point. Prompt refinement should directly target which-
ever patterns are observed.

Refinement at this stage is iterative. Modifications should
be incremental and evaluated after each change to isolate the
effect of specific prompt adjustments. If performance declines
following a modification, the prompt should be reverted to the
previous version, and refinement resumed from that point.
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Improving Consistency and Stability

Once classification performance shows improvement or
stabilizes, refinement should also address prediction stability.

Evaluation at this step should include two questions: (1)
are semantically similar notes classified consistently? If so,
this suggests that the prompt provides sufficiently clear and
well-defined classification criteria, enabling the model to
apply decision rules consistently across similar inputs; (2)
do small variations in phrasing produce unstable predictions?
If small linguistic changes result in unstable predictions, this
often indicates prompt ambiguity or insufficiently specified
classification criteria rather than inherent model randomness.

Prompt refinements aimed at improving stability typically
focus on clarifying task instructions and reducing ambigu-
ity in the classification criteria. This may involve restruc-
turing criteria into clearly delineated statements, reinforcing
decision boundaries between categories, explicitly requiring
the model to select exactly one label, or providing brief
guidance before producing the final prediction. Stability
testing should be conducted under fixed inference parame-
ters to ensure that any observed variability reflects prompt
design rather than sampling effects introduced by stochastic
decoding.

Output Format Structure

In addition to classification behavior and stability, struc-
tural output compliance must be evaluated at each refine-
ment stage. When outputs are processed programmatically,
strict output schema adherence is essential for reproduci-
bility. Evaluation at this step should include answering
the following: (1) does the model return a valid struc-
tured format? (2) Are required fields present and correctly
labeled? (3) Does extraneous text or commentary appear
outside the schema? and (4) Do formatting artifacts interfere
with automated parsing? Persistent formatting errors may
reflect prompt ambiguity rather than classification failure.
Even when classification accuracy improves, inconsistent
structural compliance can compromise downstream evalua-
tion pipelines. Structural compliance can be evaluated by
examining whether repeated runs produce valid outputs and
whether small variations in input phrasing produce formatting
errors or schema violations.

At this stage, four refinement strategies may be consid-
ered: (1) strengthen instructions to return only the struc-
tured output, for example by explicitly stating that the
model should not produce any explanatory text outside the
required schema; (2) explicitly prohibit additional commen-
tary, which can reduce responses such as introductory phrases
or narrative explanations that appear before or after the
structured output; (3) simplify the schema to essential fields,
since complex or deeply nested structures may increase the
likelihood of formatting errors; and (4) provide a canonical
formatting example within the prompt, which gives the model
a concrete template for the expected response format. For
instance, a prompt may include a generic template such
as {“label”: “yes or no,” “reasoning”: “one or 2 sentences
explaining the decision”} to illustrate this general pattern. In
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our implementation, this pattern was adapted for a different
purpose; rather than a free-text rationale, the Likert schema
required the model to restate its numeric score in words via
a likert_score_analysis field (eg, “extremely present” for a
score of 3). This functions as a self-consistency check rather
than an explanation, because the model must independently
articulate what the score means; a mismatch between the
numeric score and its stated descriptor may indicate that
the numeric value does not reflect the model’s underlying
judgment (ie, a potentially hallucinated or unstable score),
rather than serving to surface diagnostic reasoning. This field
was omitted from the binary output, which was limited to the
label alone to minimize parsing complexity.

Prompt Finalization

After each revision, the updated prompt should be re-evalu-
ated on the prompt development set. If performance declines,
the modification may have introduced unintended ambigu-
ity or shifted the model’s behavior away from the intended
task definition. This controlled iteration prevents prompt drift
and reduces the risk of overadjustment. Prompt refinement
should continue until performance on the prompt-develop-
ment set stabilizes. A plateau is typically reached when
additional prompt modifications no longer produce mean-
ingful improvements in classification metrics, prediction
stability, or structural output compliance. At this stage,
remaining errors often reflect clinically ambiguous documen-
tation rather than prompt deficiencies. Once performance
plateaus and structural output compliance remain consis-
tent across runs, the prompt can be considered sufficiently
stabilized and should be frozen. The finalized prompt should
then be applied unchanged to the evaluation dataset.

Refine Model Inputs and Outputs

If prompt refinements fail to fully resolve classification
errors, instability, or formatting inconsistencies, another
component that can be adjusted is the structure of model
inputs and outputs. The way information is presented to
the model and the way predictions are returned can influ-
ence classification behavior and the reliability of downstream
processing.

Refining Reasoning Outputs and Response
Constraints

Once structural output compliance is stable, an optional
refinement is to extend the output schema to include a
brief supplementary field alongside the primary classification
label. Depending on how it is structured, this field can serve
one of 2 distinct purposes. First, a free-text rationale field,
most useful for ambiguous or borderline cases, can support
error diagnosis and targeted prompt revision by making
explicit which evidence in the note drove the prediction.
Such fields are diagnostic rather than predictive; they do
not directly improve classification performance but can help
surface systematic failure patterns, for example, whether
the model consistently misinterprets negated statements or
underweights relevant sections of a note. Second, for ordinal
or Likert-style outputs, a constrained categorical descriptor
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requiring the model to restate its numeric score in words
(eg, “extremely negative” for a score of —3) can instead
function as a self-consistency check: because the model must
independently articulate what the score means, a mismatch
between the numeric score and its stated descriptor can
indicate that the numeric value does not reflect the model’s
underlying judgment, flagging a potentially hallucinated or
unstable prediction rather than explaining it. In either case,
the supplementary field should be narrowly scoped, typically
one sentence, and placed within the existing schema structure;
constraining it to a fixed length reduces variability and
prevents it from interfering with downstream parsing.

Refining Input Structure

The structure of the input prompt may also influence
model performance. When prompts contain multiple types
of information, such as clinical notes, contextual metadata,
or supporting evidence, organizing these inputs into clearly
defined structures can improve model interpretation. Four
possible refinements include (1) separating prompt com-
ponents using labeled sections, (2) embedding contextual
information within structured templates, (3) isolating note
text using quotation markers or delimiters, and (4) organiz-
ing inputs using structured formats such as JSON or XML.
Structured inputs may be particularly useful when providing
contextual examples or reference data. For example, when
a prompt design calls for few-shot examples or input-output
pairs, representing these elements as structured JSON objects
can clarify both the expected format and the relationships
between fields. Similarly, labeling sections within the prompt
(eg, Clinical Note, Context, and Instructions) may help the
model distinguish between task instructions and source text.
Some models may process structured inputs more reliably
than unstructured text, particularly when prompts contain
multiple sources of information or complex contextual data.

Refine the Model

Model Refinement Overview

When performance plateaus but classification accuracy
remains limited, further improvements may require changes
beyond prompt design. At this stage, limitations may reflect
properties of the underlying language model rather than
the prompt itself. Models with larger parameter counts
(often referred to as larger-capacity models) may demon-
strate stronger instruction adherence, improved contextual
reasoning, and more consistent decision behavior [16].
As a result, larger models may improve classification
performance in borderline or clinically ambiguous cases
and increase prediction stability across semantically similar
clinical notes. However, larger models require substantially
greater computational resources and longer inference times,
whereas smaller models generally require fewer computa-
tional resources and may be faster and more efficient to
deploy. Iterating on prompts with smaller models allows rapid
experimentation and more efficient debugging of prompt
structure, classification criteria, and output formatting.
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Practical Model Comparison Strategy

When evaluating alternative models, comparisons should
be conducted under controlled conditions. To ensure that
performance differences reflect model capabilities rather than
experimental variability, inference settings such as tempera-
ture, maximum token limits, and decoding parameters should
remain consistent across models. The same stabilized prompt
and final note dataset should also be used for evaluation.
Model performance can then be compared using the same
evaluation metrics used throughout the workflow, including
accuracy, precision, recall, Fj-score, and confusion matrices.
In addition to classification performance, investigators may
also track structural compliance by measuring JSON validity
rates, schema violations, and parsing failures. Prediction
stability can also be assessed by running repeated infer-
ence under deterministic decoding settings and measuring
the consistency of model outputs. Maintaining consistent
evaluation conditions ensures that observed differences in
performance are attributable to the models themselves rather
than changes in prompts, parameters, or datasets.

Selecting Candidate Models

Candidate models should be selected based on factors such
as model size, instruction-tuning quality, context window
length, and reliability of structured output generation. Public
benchmarks (eg, massive multitask language understanding
[MMLU], beyond the imitation game benchmark (BIG-
Bench), and holistic evaluation of language models [HELM])
and model reports may provide general insight into reason-
ing and instruction-following behavior but are not valida-
ted proxies for performance specifically on psychiatric or
behavioral health extraction tasks, which depend heavily on a
model’s handling of negation, hedged language, and risk-
related terminology rather than on general reasoning ability.
Model selection should therefore be guided by task-specific
evaluation on representative clinical datasets under controlled
conditions.

Beyond model size, architecture and instruction-tuning
differences affect structured output reliability and instruction-
following behavior [17,18]. Some models process structured
inputs, such as labeled prompt sections or JSON-formatted
contextual information, more reliably than free-form text.
Because these characteristics vary across model families and
versions, model selection should be treated as an empirical
decision and evaluated under controlled conditions using
identical prompts and prompt development sets.

Example

Prompt development for both tasks used a zero-shot
strategy: predictions were guided entirely by natural-language
instructions, with no labeled examples and no task-specific
fine-tuning. Starting from the baseline prompts (see Cre-
ate a Baseline Prompt), refinement addressed classification
behavior, output structure, and model selection.

Classification refinement targeted early errors involv-
ing negated statements (eg, documentation denying suici-
dal ideation) and historical symptom references by adding
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explicit inclusion and exclusion criteria. The final SITB
prompt specifies “Classify as No only if the patient denies
suicidal ideation and no self-injury behavior is described,”
and the adherence prompt classifies a case as nonadherent
when “missed doses, skipped doses, or inconsistent medica-
tion use” are documented. Stability was verified by running
repeated inference on the prompt development set under
deterministic decoding; for the pediatric SITB task, the
confusion matrix (50 true positives, 45 true negatives, 5
false positives, and no false negatives) was unchanged across
repeated runs.

Prompts were also revised to require strict JSON out-
put, replacing the free-form, explanation-embedded respon-
ses seen during early development (eg, “The patient denies
suicidal ideation, so the answer is No”): {“likert_score”:
=3I...13, “likert_score_analysis”: “<one short sentence>"“}
for Likert mode, {“label”: “Yes”/“No”} for binary mode.
Prompts were further organized into clearly labeled, delimited
sections (eg, a “Clinical Note”: section with quotation-
enclosed text) to separate instructions from source content
and reduce parsing ambiguity across batches. For Likert
mode, a binary decision threshold (t) was selected on
the prompt-development set by maximizing the Youden J
statistic (sensitivity+specificity—1) across candidate thresh-
olds s € {-3,...3} [19], fixed before evaluation and not
adjusted afterward. Refinement continued iteratively until
classification performance, stability, and structural compli-
ance stabilized on the prompt development set; the frozen
prompts were then applied unchanged to the evaluation
datasets. Full prompt text for both tasks, including the
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best-practice template comparison, is provided in Multimedia
Appendix 3.

For model selection, we chose Llama 3.2 and Llama
3.3 over domain-adapted clinical models (eg, BioMistral,
ClinicalBERT variants). Both Llama models are available via
lightweight local inference frameworks (eg, Ollama), can be
deployed in quantized form on consumer and institutional
hardware, and demonstrate strong zero-shot instruction-fol-
lowing behavior [20]. Domain-adapted clinical models, by
contrast, are less broadly accessible and are not consistently
maintained across institutions. Teams with access to such
models may find that domain adaptation improves perform-
ance on tasks involving specialized terminology; this remains
an open question for future evaluation. Smaller instruction-
tuned models (eg, Phi-3 and Mistral 7B) are viable alterna-
tives for more constrained hardware.

Llama 3.2 supported rapid iterative refinement during
development. Once prompts and schemas were frozen,
they were evaluated unchanged on Llama 3.3 under iden-
tical conditions so that any performance difference could
be attributed to model capability rather than experimental
variability. As shown in Figure 4, Llama 3.3 outperformed
Llama 3.2 on both tasks. For pediatric SITB (Likert mode),
accuracy rose from 65.0% to 97.5% and precision from
58.7% to 98.0%, while recall stayed stable (99.0% vs 97.0%).
For antipsychotic nonadherence, accuracy rose from 92.5%
to 100.0% and precision from 80.0% to 100.0%, while recall
stayed unchanged at 100.0%.

Figure 4. Comparison of zero-shot binary classification performance (accuracy, precision, and recall) for Llama 3.2 and Llama 3.3 across the
pediatric self-injurious thoughts and behaviors (SITB) and adult medication nonadherence datasets. SITB: self-injurious thoughts and behaviors.
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Overview

Once the prompts are frozen and applied unchanged to the
test data, the classification performance is measured under
controlled inference conditions. The goal is to determine
whether the prompt design, output schema, and model
selection produce reliable predictions for the target clinical
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task. In this workflow, the system flags notes for clinician
review; it does not make autonomous clinical determinations.

Evaluate Classification Performance

All evaluations were conducted on synthetic clinical notes
under deterministic inference settings; performance estimates
should be interpreted as controlled workflow-validation
results rather than real-world deployment benchmarks (see
Common Pitfalls and Limitations).
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After prompt refinement and model selection were
completed (Steps 1-2), the finalized prompts were applied
unchanged to the evaluation datasets using the Llama 3.3
model under deterministic inference settings.

Classification performance was evaluated using accuracy,
precision, recall, and confusion matrices for the binary
prompting condition. For Likert prompting, ordinal scores
were converted to binary predictions using the Youden-opti-
mal threshold determined during development. Likert scores
were binarized using t=—1, the Youden-optimal threshold
selected on the prompt development set prior to evaluation
(see Prompt Finalization).

Saha & Edgcomb

Because the evaluation datasets consisted of synthetic
notes generated under task-specific specification sheets, the
following performance estimates reflect performance on
controlled synthetic test sets and should not be interpre-
ted as deployment benchmarks. Table 2 summarizes the
overall classification accuracy for both tasks under binary
and Likert prompting modes. Across both clinical domains,
the structured prompting pipeline achieved high performance
with minimal task-specific modification.

Table 2. Classification performance for pediatric SITB? detection and adult medication nonadherence using Llama 3.3.

Output format Accuracy (95% CI)P Precision® (95% CI) Recall® (95% CI) Fi-score® (95% CI)
Pediatric SITB
Likertd 0.975 (0.943-0.989) 0.980 (0.929-0.994) 0.970 (0.915-0.990) 0.975 (0.949-0.995)
Binary® 0.970 (0.936-0.986) 0.943 (0.881-0.974) 1.000 (0.963-1.000) 0.971 (0.947-0.991)

Adult medication nonadherence

Likert 1.000 (0.980-1.000)
Binary 1.000 (0.980-1.000)

1.000 (0.940-1.000)
1.000 (0.940-1.000)

1.000 (0.940-1.000)
1.000 (0.940-1.000)

1.000 (1.000-1.000)
1.000 (1.000-1.000)

4SITB: self-injurious thoughts and behaviors.

bCIs reflect sampling uncertainty on 200 synthetic notes per task and do not represent estimates of real-world performance variability.
Precision, Recall, and Fi-score values of 1.000 indicate perfect classification on the test set.

dikert: Likert-scale prompting configuration.
“Binary: binary prompting configuration.

Table 2 reports accuracy, precision, recall, and Fy-score
for both prompting modes, with CIs reflecting sampling
uncertainty on the 200-note evaluation set. The overall pattern
is more important than any single number. As shown in the
confusion matrix (Figure 5), the model produced zero false
negatives and a small number of false positives (6/200),

meaning every true SITB-positive case was flagged for
review, at the cost of roughly 1 in 17 flagged notes not
meeting SITB criteria. That reflects the intended trade-off
of recall-prioritized tuning; for a safety-critical task, missing
a positive case is treated as more costly than an occasional
unnecessary review.

Figure 5. Confusion matrix for pediatric self-injurious thoughts and behaviors (SITB) classification. SITB: self-injurious thoughts and behaviors.
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For the antipsychotic medication nonadherence task, the
model achieved perfect classification under both prompting
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modes on this evaluation set (see Table 2). This result
reflects the relative simplicity of distinguishing adherence
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from nonadherence language in notes generated according to
specification and should not be treated as a clinical bench-
mark. Perfect classification on a controlled synthetic set is
a common finding when the evaluation set does not capture
the full ambiguity of real clinical documentation; validation
on real clinical notes is necessary before these results can be
interpreted as estimates of deployment performance.

Figure 6 and Figure 7 illustrate the distribution of Likert
scores assigned by the model for each task. In both datasets,
the model assigned clearly differentiated scores to positive
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and negative cases. Negative examples were concentrated
at the lowest Likert score (-3), indicating strong evidence
against the target condition, while positive cases were
predominantly assigned scores of 1-3, indicating graded
evidence in favor. The Youden-optimal threshold (t=-1)
fell between these clusters, allowing ordinal outputs to be
converted into binary predictions without substantial loss
of classification performance. This separation suggests the
model’s confidence is well calibrated on synthetic notes.

Figure 6. Distribution of ordinal Likert scores for the adult medication nonadherence task stratified by ground-truth label, with the Youden-optimal

threshold indicated.
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Figure 7. Distribution of ordinal Likert scores for the pediatric self-injurious thoughts and behaviors (SITB) task stratified by ground-truth label, with
the Youden-optimal threshold indicated. SITB: self-injurious thought and behavior.
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These results indicate that the prompt-based workflow
can produce consistent and well-separated classification
behavior under controlled synthetic evaluation conditions
using zero-shot prompting. Further validation on real clinical
datasets is required to assess performance under real-world
deployment conditions.

Characterize Failure Modes

Overview

Qualitative error analysis examines cases where the model’s
prediction disagrees with the reference labels. Examining
these failure modes helps identify patterns in model rea-
soning, prompt interpretation, or dataset labeling that may
influence performance. For safety-critical tasks, the specific
types of errors may matter more than aggregate accuracys;
for example, a pipeline that misses SITB creates a differ-
ent risk from one that overflags a note for review. Error
analysis should therefore characterize not only how many
errors occurred but also what clinical scenarios produced
them so that deployment teams can design appropriate human
oversight.

To illustrate the error analysis process, we examined cases
where model predictions disagreed with ground-truth labels
under both the binary and Likert prompting schemes. A small
number of misclassifications occurred in the pediatric SITB
task. These errors were not randomly distributed but instead
clustered in clinically nuanced cases where documentation
patterns conflicted with the task labeling rules.

Under the ground-truth labeling scheme, a case was
considered positive if the clinical note documented suicidal
ideation, suicidal behavior, or nonsuicidal self-injury (NSSI),
even when suicidal intent was explicitly denied. This labeling
decision is consistent with the Centers for Disease Control
and Prevention (CDC) Self-Directed Violence Surveillance
definitions [21] and the Columbia Classification Algorithm
[22], which treat NSSI and suicidal ideation as distinct
but related constructs warranting identification. However,
collapsing these clinically distinct categories (NSSI, suicidal
ideation, and suicide attempts) into a single positive class
necessarily obscures the specific behavior the model is
detecting; future work may benefit from reporting perform-
ance separately by SITB subtype.

False Negatives

Two of the misclassified cases involved patients engaging
in self-injurious behaviors used for emotional regulation
while simultaneously denying suicidal intent. In one case,
the patient repeatedly burned their forearm with a lighter
during episodes of emotional distress, explaining that the
behavior served as a coping mechanism rather than an attempt
to die (case: child 114). In another case, the patient repor-
ted scratching her arms with a paperclip until bleeding in
order to “release pressure” during periods of academic and
social stress (case: child 130). Although both behaviors met
the study’s criteria for NSSI and were therefore labeled as
positive SITB cases, the model occasionally classified these
notes as negative. We hypothesize that the model weighted
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explicit denial statements (eg, “not trying to kill myself”)
more strongly than the documented behavioral evidence of
self-injury, despite the prompt instructions specifying that
behavioral evidence should override denial of suicidal intent.

Another misclassification involved passive death-related
language embedded within a clinically documented grief
reaction. In this case, the patient expressed wishes to be
reunited with a recently deceased companion animal and
reported thoughts about wanting to die in order to be with
the pet again, while explicitly denying suicidal intent (case:
child 82). This case is mechanistically distinct from the
NSSI errors. Although passive death wishes meet the task
criteria for a positive label, the surrounding clinical context,
particularly documentation emphasizing normative grief and
the absence of suicidal planning, appears to have influenced
the model toward a negative classification. This suggests that
contextual framing within clinical narratives can attenuate
suicide-related signals during model reasoning, even when the
language itself meets predefined detection criteria.

False Positives

The 6 false positive notes involved cases where emotional
distress language was present without documented SITB,
reflecting a tendency to overidentify nonspecific affective
distress as risk-relevant content. This corresponds to a false
positive rate of approximately 6% on the synthetic evalua-
tion set. In a deployment context, this would translate to
roughly 1 in 17 flagged notes requiring clinician review
without meeting criteria, representing an expected trade-
off of sensitivity-favoring behavior. Such overidentification
has direct implications for triage workload and should be
considered when calibrating decision thresholds. Detailed
case-level logging was not retained in this tutorial evalua-
tion; future implementations should preserve predictions and
source text to enable systematic audit and refinement.

Model Version Effects

In the final evaluation, Llama 3.3 achieved perfect clas-
sification on the antipsychotic medication nonadherence
task. However, error analysis during development with
the earlier Llama 3.2 model revealed a systematic fail-
ure pattern worth highlighting as a tutorial lesson. Llama
3.2 misclassified several notes describing acute psychiatric
decompensation despite explicitly documented adherence.
These cases frequently included strong adherence verification
(eg, caregiver-supervised dosing, directly observed adminis-
tration, and/or therapeutic antipsychotic drug levels) while
simultaneously describing severe symptoms, hospitalization
planning, or safety interventions. The co-occurrence of
clinical deterioration with confirmed adherence appeared to
create conflicting signals that the smaller model resolved
incorrectly. Llama 3.3, with its larger parameter count,
corrected this. The finding illustrates a practical lesson;
model version changes (even within the same model family)
can silently alter clinically meaningful behavior. Re-evalu-
ation of known failure-mode cases is a prudent step for
teams adapting workflows across different models or model
versions.
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Summary of Failure Patterns

Taken together, these qualitative observations suggest several
plausible mechanisms for misclassification across the 2
tasks. In the pediatric SITB task, errors arose when (1)
explicit denial statements were prioritized over behavioral
evidence of self-injury or (2) contextual framing attenuated
the salience of death-related language that met the labeling
criteria. In the antipsychotic medication nonadherence task,
early errors occurred when severe psychiatric deterioration
co-occurred with documented adherence, creating conflict-
ing signals. Because only a small number of errors were
observed overall, these interpretations should be considered
hypotheses rather than definitive failure patterns. Never-
theless, the concentration of errors within these specific
clinical scenarios highlights areas where prompt instruc-
tions, classification criteria, or human-in-the-loop safeguards
should be strengthened before any deployment considera-
tion. It is also important to note that ground-truth labels
on synthetic notes reflect the specification sheet rules used
during generation rather than independent clinical consensus.
Disagreement between model and label may reflect labeling
ambiguity rather than purely model error.

Discussion

Principal Findings

Pediatric and adult behavioral health documentation differ
substantially in structure, tone, and clinical cues, yet applying
the same pipeline to both tasks demonstrates that a schema-
driven approach grounded in strict JSON outputs and robust
parsing can support multiple clinical inference tasks with
minimal modification beyond redefining schemas and label
policies. This reusability has its limits; the pipeline as
described is for single-construct binary or ordinal classi-
fication. Tasks requiring temporal reasoning across multi-
ple notes, quantitative extraction (eg, medication dosing),
or multilabel phenotyping would necessitate architectural
modifications not covered here.

From an implementation perspective, 3 design decisions
did most of the work in making this pipeline reliable. First,
schema-driven task definition anchored the clinical construct,
output format, and evaluation to a single specification,
keeping labels, prompts, and metrics aligned with the same
objective. Second, strict JSON-only output constraints, with
automated extraction of the first valid JSON object, made
large-scale reproducible evaluation possible when free-text
outputs would not. Third, local deployment provided a
privacy-preserving pattern aligned with how health systems
would operationalize similar workflows on real clinical data,
though in practice it requires on-premises or private-cloud
GPU resources, institutional IT and security review, and
verification that model licensing terms permit clinical use.

In applied settings, outputs from zero-shot LLM pipelines
should be treated as decision-support signals rather than
definitive clinical determinations [23]. A positive flag from
this pipeline should trigger clinician review of the source
note, not an automated action on the patient. No output should
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serve as the sole or primary basis for clinical decisions until
prospective validation on real annotated notes has occurred.
Practical deployment should incorporate guardrails such as
(1) thresholding ordinal scores to prioritize sensitivity for
safety-critical tasks, (2) human-in-the-loop workflows with
explicitly defined roles and response protocols (eg, designat-
ing an individual as the reviewer, specifying a maximum
review time window, defining the communication channel,
and requiring documentation of the clinician’s response),
(3) audit log requirements, including, at minimum, note
IDs, model version, prompt version, timestamps, predictions,
and applied thresholds, as well as the note text segment
that triggered the extraction and prompt version change-con-
trol documentation, and (4) reference to existing clinical
decision-support frameworks [24]. Further, the system should
implement a fail-safe mode such that if schema validation
fails or model confidence falls below the operating threshold,
the output should surface as indicative of failed extraction
rather than returning a null or default value that a clinician
may act upon.

Common Pitfalls and Limitations

All performance metrics reported in this tutorial were
obtained from synthetically generated clinical notes with
labels assigned by construction and should be interpreted as
controlled workflow-validation results rather than estimates
of clinical deployment performance. Although synthetic
evaluation is useful for testing schema design, prompt-
ing logic, parsing, and error-handling under reproducible
conditions, it cannot fully reproduce the linguistic variabil-
ity, ambiguity, documentation noise, prevalence structure,
and institutional heterogeneity of real clinical records, a gap
that matters more for behavioral health documentation than
for many other note types, given its reliance on narrative,
indirect, and negation-heavy language to convey risk-relevant
information.

The synthetic notes for the medication nonadherence
task specified a single antipsychotic per patient, whereas
individuals with serious mental illness are frequently
prescribed multiple medications, including more than one
antipsychotic. We acknowledge this simplification, which
was made to keep the tutorial’s worked example easy to
follow rather than to reflect the full complexity of real notes.
The underlying workflow does not depend on this simplifica-
tion: the same process of drafting an initial prompt, refining
it against a prompt development set, and then evaluating on
a final evaluation dataset applies regardless of how many
medications or antipsychotics appear in a note, with the
schema and label logic being adjusted accordingly. The
reported performance metrics, however, may well depend on
it. With a single named antipsychotic per note, the model
is never required to determine which agent an adherence
statement refers to. In real documentation, adherence may be
described generically (“has not been taking his medications”),
attached to one agent while others are continued, or implied
only indirectly through symptom descriptions, refill gaps, or
missed long-acting injectable appointments. Resolving which
drug a statement implicates and whether nonadherence to one
agent constitutes nonadherence to the antipsychotic regimen
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is a substantially harder inference than the one evaluated here.
Accuracy, precision, and recall may differ in that setting, and
a multimedication application would likely require additional
pipeline components, such as resolving the medication list
prior to classification, which we do not evaluate here.

In practice, several additional pitfalls may arise when
applying this approach to real clinical data. First, performance
may degrade when encountering out-of-distribution language,
including institution-specific abbreviations or documentation
styles not reflected in the synthetic data. Second, class
prevalence in real-world settings is often highly imbalanced,
which can substantially affect precision-recall trade-offs and
requires threshold calibration tailored to the deployment
context. Third, LLM outputs may exhibit variability across
runs or models, necessitating normalization and validation
layers to ensure consistent structured outputs. Finally, prompt
sensitivity and schema design choices can meaningfully
impact extraction performance, highlighting the need for
iterative testing and evaluation on representative datasets. For
examples of application to real clinical notes, see [25,26].

Aggregate metrics do not capture differential performance
across patient subgroups. LLM performance on clinical notes
may vary by patient age, race, ethnicity, primary language,
provider type, and documentation style, and aggregate metrics
may mask disparities. Documentation culture and note type
matter as much as demographics; for example, an ED
note, a crisis unit note, and an outpatient therapy note
may describe the same clinical presentation in structurally
different language, and a prompt validated on one note
type may underperform on others. Before deployment, teams
should stratify evaluation metrics by relevant subgroups (eg,
age, primary language, note author role, and clinical setting)
and treat acceptable subgroup performance as a prerequisite
for deployment, rather than a post hoc audit.

Zero-shot inference can overinterpret ambiguous lan-
guage, and intermediate Likert scores in particular should
be interpreted cautiously [26,27]. In the pediatric SITB
cases, misclassifications often arose from subtle or indirect
expressions of distress, such as passive death wishes or
ambiguous emotional statements [22] that did not explic-
itly indicate intent or behavior. Similarly, in antipsychotic
nonadherence documentation, phrases such as “missed a
few doses,” “ran out of refills,” or incomplete medica-
tion histories frequently led to intermediate Likert scores,
reflecting genuine uncertainty in the narrative. Teams should
consider including an “indeterminate” category in the output
schema to trigger human review rather than forcing the model
to commit to a classification it cannot support.

This is compounded by a critical scope boundary. No
clinician ratings were collected to validate these intermediate
Likert judgments, and until a validated mapping between the
model’s ordinal outputs and established clinical instruments
is established through independent clinical rating, Likert
scores from the pipeline should not be surfaced to clini-
cians as severity ratings or used to inform triage or level-of-
care decisions. Real-world use requires clinician validation,
including mapping to established clinical vocabularies with
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ordinal categories (eg, Columbia Suicide Severity Rating
Scale).

Practical Guidance and Next Steps

Ensuring programmatic schema validation should be
considered mandatory for workflows relying on structured
outputs, as strict format compliance enables reliable parsing
and evaluation at scale. Local deployment of inference
models similarly supports PHI-safe workflows and aligns
with institutional auditing and compliance requirements. Any
change to a prompt in a deployed system should be treated
as a functionally significant system update, not a low-stakes
configuration change.

Once reliable extraction of signals such as SITB or
antipsychotic medication nonadherence becomes feasible,
multiple downstream applications become possible. These
applications carry different levels of patient safety risk and
must be considered in a staged manner. Lower-risk applica-
tions (eg, retrospective quality improvement) are appropri-
ate starting points. Higher-risk applications (eg, real-time
triage flagging) should be undertaken only after prospective
validation with subgroup-stratified performance and formal
institutional governance approvals in place.

We suggest the minimum viable local validation should
include (1) a deidentified sample of at least 100 local
clinical notes representative of the target documentation type;
(2) independent annotation by 2 qualified clinicians using
a structured rubric, with interrater reliability reported (%
=0.70 recommended); (3) prespecified performance thresh-
olds (eg, sensitivity =0.85 for safety-critical SITB flagging)
established before evaluation, not after; (4) stratified reporting
of performance by relevant patient subgroups; (5) documenta-
tion of failure cases and their clinical characteristics; and (6)
a defined revalidation trigger when the model version, prompt
text, or target note population changes.

Conclusion

We present a PHI-safe, reproducible workflow for extract-
ing clinically relevant information from behavioral health
notes using open-source LLMs deployed within institutional
computing environments. Across 2 clinical examples, the
tutorial shows that schema-driven prompting, structured
outputs, and automated validation can support controlled
end-to-end workflow testing with minimal task-specific
modification. Because evaluation was conducted on synthetic
notes with labels assigned by constructions, the reported
performance should be interpreted as proof of workflow
feasibility under controlled conditions, not as evidence
of real-world clinical accuracy. No clinical benefit, effi-
ciency gain, or safety improvement can be claimed without
prospective validation on real-world clinical notes. Future
work should validate the same pipeline on clinician-annota-
ted real clinical notes across institutions and documentation
settings.

Rather than replacing clinical judgment, such workflows
can provide scalable decision-support signals that enable
safer triage, monitoring, and quality improvement efforts.
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We provided the synthetic clinical notes generated and local deployment, this tutorial aims to provide a practical
used during this study in the Zenodo (European Organi- foundation that clinicians and health systems can adapt to
zation for Nuclear Research [CERN]) repository [28]. By future clinical NLP tasks as LLM capabilities continue to
emphasizing structured outputs, automated validation, and evolve.
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