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Abstract

Discharge instructions are patient-facing,
safety-critical documents that guide medica-
tion use, follow-up care, and recovery after
hospitalization. Because they must synthesize
information across the clinical record and of-
ten include post-discharge guidance not stated
verbatim in the EHR, they are a difficult tar-
get for clinical text generation. In this work,
we study discharge instructions in MIMIC-
IV through a grounding-first lens. Using two
LLMs, we decompose each discharge instruc-
tion into medically relevant statements and ver-
ify them against the Electronic Health Record
(EHR). We find that discharge instructions for
Surgical admissions are much longer, averaging
roughly 24–25 statements per admission versus
11–12 in Non-Surgical cases, while supported
content remains similar in absolute count. The
additional Surgical content is dominated by
statements that are not directly stated in the
record or require clinically plausible extrap-
olation. Through this analysis, we advocate
for better grounding and completeness evalu-
ations at a fine-grained level, establishing a
foundational step toward safer and more reli-
able discharge-instruction generation.

1 Introduction

Discharge instruction generation has become a cen-
tral clinical text generation problem because it sits
directly at the interface between hospital care and
patient self-management. At the center of this
progress is the BioNLP 2024 shared task Discharge
Me!, which established a public benchmark and
made discharge documentation a focal task for the
community (Xu et al., 2024).

At a high level, discharge instructions should an-
swer three questions for the patient: what happened
during this admission, what they should do after
leaving the hospital, and what signs should prompt
them to seek further medical care. Yet, Discharge
instructions can vary a lot depending on the type of

admission. Some admissions, especially surgical
admissions, contain substantially more content for
post-procedural counseling and clinician-authored
guidance that may not be directly inferable from the
EHR alone. Such cases pose a more challenging
grounding problem than shorter, more routine non-
surgical admissions. Figure 1 provides an overview
of these differences per admission type.

This difference in complexity is easy to over-
look in aggregate evaluation. Xu et al. (2024) re-
ports high correctness scores for top-performing
systems during clinician review, but it does not pro-
vide explicit quantitative detail about the length or
procedural complexity of the reviewed discharge
instructions. Without that information, it is diffi-
cult to know how well current systems handle the
most complex and weakly grounded cases. We
therefore argue that before asking whether systems
can generate discharge instructions well, we should
first ask a more foundational question related to
grounding and completeness:

What content in a discharge instruction
can be derived from the EHR?

In this work, we systematically study the
clinician-written discharge instructions themselves
to understand which parts of human-written dis-
charge instructions are explicitly grounded in the
EHR. Carrying out this study manually is not feasi-
ble due to the required number of clinician hours.
Hence, we use Large Language Models (LLMs)
to analyze the MIMIC-IV dataset, similar to the
VeriFact (Chung et al., 2025) framework. For the
systematicity, we segment the data into Surgical
and Non-Surgical subsets to answer:

1. What are the quantitative differences in the
discharge instructions between Surgical and
Non-Surgical cases?

2. Which category relies more heavily on un-
grounded clinical extrapolation?
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Figure 1: Surgical and Non-Surgical discharge instructions differ not only in length but in verifiability.
Surgical discharge instructions contain substantially more medically important post-discharge care statements per
admission than Non-Surgical instructions. However, the increase is driven primarily by statements that are not
directly verifiable from the Electronic Health Records.

Our choice to classify cohorts using the clinical
narrative is driven by the structural limitations of
structured Electronic Health Record (EHR) fields.
While ICD-10 diagnosis codes indicate clinical con-
ditions, they do not reliably confirm whether an
operative procedure was performed during a spe-
cific hospitalization. Conversely, while procedure
codes provide a more direct signal, individual ad-
missions frequently contain multiple overlapping
codes. Constructing a rule-based mapping table to
resolve these cases would require extensive excep-
tion logic and sensitivity analyses to handle proce-
dural ambiguities. Utilizing the text-based clinical
narrative allows the pipeline to dynamically deter-
mine the primary treatment pathway based on the
comprehensive hospital course.

We view this work as a stepping stone toward
creating a fine-grained benchmark for evaluating
the faithfulness and completeness of generated dis-
charge instructions.

2 Related Work

Early work on discharge-instruction generation
used more structured formulations. J Kurisinkel
and Chen (2019) cast the task as set-to-ordered-
text generation from ICD codes, showing that dis-
charge instructions often require inference rather
than direct copying from the input. Re3Writer
moves closer to record-grounded generation with

a retrieve-reason-refine framework designed to im-
prove faithfulness in patient-instruction generation
(Liu et al., 2022). Recent work has focused on
benchmarking and improving discharge-section
generation at scale. The BioNLP 2024 shared task
Discharge Me! established a public benchmark for
generating Brief Hospital Course and Discharge
Instructions, and representative system papers ex-
plored retrieval, section selection, and prompt- or
fine-tuning-based methods (Xu et al., 2024; Koontz
et al., 2024; Lyu et al., 2024; Damm et al., 2024).

Building upon these evaluations, our work takes
a step further by studying the fine-grained clin-
ical differences within the dataset. Specifically,
we explore the distinction between Surgical and
Non-Surgical admissions to evaluate how ground-
ing complexity varies across different types of pa-
tient care.

3 Method

In this section, we provide an overview of each
stage of our pipeline for classifying the parts of the
discharge instructions.

Dataset. We analyze the Discharge Me! Phase
II Test split for all our experiments to reduce the
risk that the evaluated discharge instructions were
seen by the LLMs during instruction tuning or post-
training. As the final held-out test split, it provides
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a cleaner setting for studying record-grounded ver-
ification than training or validation data. This split
contains discharge instructions for 10,962 Hospital
admissions.

3.1 DI extraction and cleaning
We first transform the discharge notes into a struc-
tured sentence-level format using a constrained ex-
traction pipeline. We use GPT-OSS-120B (Ope-
nAI, 2025) to: (i) identify the Discharge Instruc-
tions section, (ii) copy them verbatim, (iii) remove
formatting artifacts and rhetorical questions, (iv)
group related clauses into meaningful declarative
sentence units, and (v) predict a binary label, SUR-
GICAL or NON-SURGICAL, for the given datapoint.
The exact prompts are available in the appendix D.

We observed that GPT-OSS-120B classified
most discharge instructions as Non-Surgical. To
mitigate this issue, we introduced a secondary de-
terministic validation step that is applied to the raw
clinical narrative. Any admission initially classi-
fied as Non-Surgical is re-categorized as Surgical if
the discharge instruction documents a major inva-
sive procedure or matches a predefined lexicon of
surgical keywords (e.g., post-op, incision, sutures).

3.2 Sentence categorization with LLMs
We then evaluate each discharge-instruction
sentence using two LLMs: Llama-3.3-70B-
Instruct (Grattafiori et al., 2024) and MediX-
R1 (Mullappilly et al., 2026). We choose a Llama-
family model because VeriFact uses Llama 3.1 70B
for EHR-grounded verification, and we include
MediX-R1 as a recent medically specialized LLM
with strong reported benchmark performance. Each
LLM decomposes a larger declarative sentence unit
into smaller medically important statements, re-
trieves supporting or refuting evidence from the
diagnoses and hospital course, and assigns a verifi-
cation label. The exact prompts are available in the
appendix D. We use three main verification labels:
Supported, Not Supported, and Not Addressed.

Supported statements are explicitly backed by
the clinical context. Not Supported statements are
addressed by the record but only partially sup-
ported, lack sufficient detail, or are inconsistent
with it. Not Addressed statements are not di-
rectly verifiable from the available evidence. We
also track two finer subcategories. Within Not
Supported, we separate Contradiction from state-
ments that lack sufficient detail. Within Not Ad-
dressed, we separate Clinically Plausible Extrap-
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Figure 2: Average number of medically important state-
ments per admission, with standard deviation as error
bars. Surgical discharge instructions are approximately
twice as long as Non-Surgical ones for both LLMs.

olation from statements that are completely not
addressed by the record. Since, we are evaluat-
ing clinician written summaries, we expect most
of the statements to be either Supported or Clin-
ically Plausible Extrapolation. Other cases may
reveal the limitations of LLMs or genuine errors by
clinicians while writing Discharge Instructions.

Code. Our code is available on GitHub1.

4 Results

We start by analyzing the lengths of discharge in-
structions. We find that the discharge instructions
for Surgical admissions are much longer than Non-
Surgical admissions. Figure 2 shows that this dif-
ference is large and consistent across both LLMs.
This suggests that the grounding problem is not
uniform across the dataset. Surgical discharge in-
structions place a substantially larger informational
burden on any generation or verification system.

Figure 3 shows that the additional content in
Surgical discharge instructions is concentrated in
statements that are not directly verifiable from the
available EHR evidence (see Table 4 in the Ap-
pendix for exact details). For both LLMs, the num-
ber of Supported statements is similar in Surgical
and Non-Surgical admissions, but Surgical admis-
sions contain many more statements in the broad
Not Addressed category. This means that Surgical
discharge instructions are longer not because they
contain more directly supported information, but
because they include more content that is missing
from the diagnoses and Brief Hospital Course or
requires inference. Surprisingly, within the Not

1https://github.com/mayankjobanputra/dischage_
differences
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Figure 3: Fine-grained classification results for Surgical
and Non-Surgical hospital admissions.

Category Surgical Non-Surgical

Broad labels (%) 79.79 85.16
Broad-label κ 0.6366 0.6645
Fine labels (%) 66.02 81.02
Fine-label κ 0.4845 0.5955

Table 1: Agreement stats for Llama-3.3 and MediX-R1.
Broad labels refer to Supported, Not Supported, and Not
Addressed; fine labels use the full five-label scheme.

Addressed category, the increase in Surgical ad-
missions is distributed across both Completely Not
Addressed statements and Clinically Plausible Ex-
trapolation. We discuss our findings from the man-
ual error analysis on this in Section 5.

Next, we measure the agreement between the
two LLMs. Overall, we observe over 82% agree-
ment (κ = 0.66) between Llama-3.3 and MediX-R1
at the broad categories level, but at the fine-grained
level, the agreement drops to 72.41% (κ = 0.53).
We provide a more detailed analysis in Table 1.

Based on the results from Table 1, we can also
see that the agreement is lower in the Surgical ad-
missions than in the Non-Surgical admissions at
both the broad level and the fine level. While the
agreement levels are encouraging, the overall re-
sults need to be verified by clinicians before they
can be taken as evidence that the LLM labels are
reliable on their own and also to decide which LLM
performs better on this classification task.

5 Human Evaluation

To test whether the LLM labels are clinically mean-
ingful, we conducted a targeted human study on
24 admissions comprising 544 medically impor-

Comparison Agreement (%) κ

Human–human (broad) 96.58 0.8874
Human–human (fine) 91.78 0.7785

Human–Llama-3.3 (broad) 81.2 0.4819
Human–Llama-3.3 (fine) 45.8 0.2333
Human–MediX-R1 (broad) 71.1 0.3591
Human–MediX-R1 (fine) 45.6 0.1918

Table 2: Human-evaluation results. Human–human
agreement is computed on the double-annotated sub-
set of 146 aligned statements. Human–Llama-3.3 and
Human–MediX-R1 agreements are computed on the
544 aligned statements.

tant statements. The study was stratified across the
three subsets introduced above: Cross-LLM Con-
sensus, Cross-LLM Disagreement, and Clinically
Plausible. One clinician annotated all 24 admis-
sions. A second clinician independently annotated
a subset of 6 admissions, yielding 146 aligned state-
ments for inter-rater agreement analysis.

Table 2 shows high human–human agreement at
both the broad level (κ = 0.8874) and the fine level
(κ = 0.7785), indicating that the labeling scheme
can be applied consistently by clinicians.

At the broad level, Llama-3.3 agrees with the hu-
man annotations more than MediX-R1 (81.2% vs.
71.1%; κ = 0.4819 vs. 0.3591). At the fine level,
however, both LLMs perform similarly poorly
(45.8% vs. 45.6%), with low κ values in both cases.
This shows that neither LLM is reliable enough to
replace clinician judgment, especially for closely
related categories such as Not Addressed and Clini-
cally Plausible Extrapolation.

Error analysis The most frequent error is confu-
sion between Not Addressed and Clinically Plau-
sible Extrapolation. Routine post-operative ad-
vice, such as lifting restrictions, driving restrictions
while taking pain medication, light exercise, and
incision care, is often labeled Not Addressed by the
LLMs even when the clinician labels it Clinically
Plausible Extrapolation.

A second recurring error is over-attribution of
support to discharge boilerplate. MediX-R1 more
often labels service-level instructions as Supported,
while the clinician more often labels them Clin-
ically Plausible Extrapolation or Not Addressed.
Examples include refill instructions, brace use, diet
advice, and resumption of home medications.

MediX-R1 appears relatively stronger on
procedure-specific Clinically Plausible Extrapo-
lation, while Llama-3.3 is stronger on explicitly
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Supported statements and achieves higher overall
agreement with human labels. We provide example
statements along with human and LLM labels in
Appendix C.

6 Conclusion

In this work, we show that Surgical and Non-
Surgical admissions differ substantially in both
length and verifiability: Surgical discharge instruc-
tions contain many more medically important state-
ments, and the increase is driven mainly by content
that is not directly supported by the EHR text. This
suggests that future work on discharge-instruction
generation should report results separately for Sur-
gical and Non-Surgical cohorts and move toward
more fine-grained evaluation of grounding. Our hu-
man study shows that LLMs can help surface likely
ungrounded content and identify difficult regions
of the dataset, but they are not reliable enough for
fine-grained labeling without clinician validation.
Based on our findings, we suggest that reliable eval-
uation of generated discharge instructions likely
requires resources beyond the EHR alone. A poten-
tial future direction can be an agentic setup that can
use additional clinical tools, protocols, and knowl-
edge sources in a Biomni-like framework (Huang
et al., 2025) adapted to discharge-specific needs.

Limitations

Our study has some limitations. We use only open-
weight LLMs in our experiments and do not com-
pare against strong closed-source models, which
may differ in both decomposition quality and ver-
ification behavior. We also report results from a
single run per model, so we do not measure variabil-
ity across random seeds or decoding configurations.
Our analysis is based on a single prompt config-
uration per stage and does not explore a broader
prompt sensitivity study. Different prompt wording,
output constraints, or evidence-formatting choices
could affect both the extracted statements and the
assigned verification labels. More generally, we
evaluate only two LLMs, so the observed agree-
ment patterns may not fully characterize the be-
havior of other model families. We also do not
provide any analysis on how exactly this affects
recent LLMs’s capability of generating factual and
clinically complete discharge instructions.

Ethics Statement

This work studies de-identified clinical text and pro-
poses auditing methods for safety-critical patient-
facing generation. We emphasize that unsupported
or weakly supported discharge instructions can cre-
ate direct patient harm, and that automated systems
should not be deployed without clinician oversight,
calibration, and site-specific validation. We also
do not use any closed-source LLMs such as GPT-5,
Gemini to avoid any kind of sensitive data leak-
age. All clinicians participating in the study are
board-certified physicians and are co-authors of
this work.
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A Dataset statistics

The summary of corpus and label is provided in
Table 3.

B Detailed Distribution Statistics

Table 4 provides the numerical distribution of the
broad and fine-grained verification categories for
both Llama-3.3 and MediX-R1.

C Qualitative Error Analysis

The examples in Table 5 summarizes the main qual-
itative error patterns observed in the human evalua-
tion. These errors are grouped by the subset from
which they were sampled.

D Prompt Templates

D.1 DI extraction and cleaning: system
prompt

You are an expert clinical data extraction
assistant. Your primary directive is to
analyze complex hospital admission
records and extract specific,
structured information into a strictly
formatted JSON object.

↪→
↪→
↪→
↪→
↪→

D.2 DI extraction and cleaning: task prompt

**TASKS:**

**Task-1: Verbatim Copy of Discharge
Instructions**↪→

- Locate the "Discharge Instructions"
section within the clinical note.↪→

- Extract and copy the entire text of this
section verbatim, exactly as it appears
in the text.

↪→
↪→

**Task-2: Split and Group into Meaningful
Sentences**↪→

- Take the verbatim discharge instructions
and split them into declarative
sentences.

↪→
↪→
- Remove all rhetorical or conversational

questions (e.g., "Questions?").↪→
- Remove all splitting markers or visual

separators like "========" or "****".↪→
- **IMPORTANT:** You must group sentences

that talk about the exact same topic or
refer to each other into a single
string item.

↪→
↪→
↪→
- *Example of Grouping:* If the text says:

"We have also prescribed a nebulizer
machine that you can use at home. We
only recommend using this if you are
too short of breath to use your
albuterol inhaler effectively."

↪→
↪→
↪→
↪→
↪→
*Do NOT split this. Output it as a

single array item:* ["We have also
prescribed a nebulizer machine that
you can use at home. We only
recommend using this if you are too
short of breath to use your
albuterol inhaler effectively."]

↪→
↪→
↪→
↪→
↪→
↪→

**Task-3: Identify the Treatment Service
Type**↪→
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Llama-3.3 MediX-R1

Corpus statistics
Admissions with outputs from both models 10,958
Total sentences 74,576 77,281
Sentences / admission (avg.) 6.81 7.05
Sentences / admission (max.) 53 49
Total Medical statements 159,280 168,649
Medical statements / admission (avg.) 14.54 15.39
Medical statements / admission (max.) 102 115

Verification label counts
Supported 94,669 93,503
Not Supported 8,571 5,793

Lacks Detail 8,060 1,936
Contradiction 511 3,857

Not Addressed 55,529 65,496
Completely Not Addressed 26,144 38,627
Clinically Plausible Extrapolation 29,385 26,869

Table 3: Summary of corpus and label statistics.

Surgical Admissions Non-Surgical Admissions

Category Llama-3.3 MediX-R1 Llama-3.3 MediX-R1

Broad Labels
Supported 8.35 ± 5.58 8.56 ± 6.08 8.33 ± 3.96 8.21 ± 4.06
Not Supported 1.64 ± 2.32 1.59 ± 2.13 0.61 ± 0.93 0.69 ± 1.02
Not Addressed 13.55 ± 9.61 15.29 ± 10.43 2.41 ± 2.27 3.10 ± 2.89

Fine-Grained Subcategories
Lacks Detail 1.57 ± 2.28 1.03 ± 1.70 0.57 ± 0.88 0.39 ± 0.78
Contradiction 0.07 ± 0.33 0.57 ± 1.24 0.04 ± 0.25 0.29 ± 0.61
Completely Not Addressed 5.49 ± 7.00 8.15 ± 8.16 1.40 ± 1.57 2.03 ± 1.77
Clinically Plausible Extrapolation 8.06 ± 8.60 7.13 ± 8.11 1.01 ± 1.74 1.07 ± 2.16

Table 4: Mean and standard deviation (Mean ± SD) of medically important statements per admission assigned by
Llama-3.3 and MediX-R1 across all evaluation categories.

- Analyze the hospital course and diagnoses.
- Choose `SURGICAL` if the patient underwent

a major therapeutic surgical procedure
in an operating room during this stay
and the "Service" is "SURGERY".

↪→
↪→
↪→
- Choose `NON-SURGICAL` if the patient was

managed medically.↪→
*(Note: Try your best to classify this

based on the clinical narrative. The
system will double-check your work).*

↪→
↪→

**Task-4: Extract Major Surgical
Procedures**↪→

- If the service is `SURGERY`, list the
names of the "Major Surgical or
Invasive Procedure" performed.

↪→
↪→
- If no major surgical procedure is found or

the service is `MEDICINE`, return
["NA"].

↪→
↪→

**Task-5: Anonymization**
- Assign a fake name to the patient

`Noname`.↪→
- Ensure any remaining anonymization

markers (like `___` or `[**...**]`) are
replaced with generic placeholder
`[masked info]`.

↪→
↪→
↪→

**REQUIRED JSON OUTPUT FORMAT:**

{
"patient_name": "<Output from Task 5>",
"verbatim_discharge_instructions":

"<Output from Task 1>",↪→
"discharge_instructions_sentences":

["<Output from Task 2>"],↪→
"clinical_pathway": "<Output from Task

3>",↪→
"procedures": ["<Output from Task 4>"]

}

**PATIENT DATA:**
Subject ID: {{ subject_id }}
Hospital Admission ID: {{ hadm_id }}

--- DIAGNOSES ---
{{ diagnoses_text }}

--- RAW CLINICAL NOTE ---
{{ raw_note_text }}
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Subset Claim Human Llama Medix

Cross-LLM Consensus “Do not drive until you have stopped taking pain medicine and
feel you could respond in an emergency”

CPE NA NSup.

Cross-LLM Consensus “Don’t lift more than [masked info] lbs for 4 weeks” CPE NA NA
Cross-LLM Consensus “You may start some light exercise when you feel comfortable” CPE NA NA
Cross-LLM Consensus “You will need to stay out of bathtubs or swimming pools for a

time while your incision is healing”
CPE NA NA

Cross-LLM Consensus “You may feel weak or washed out for a couple of weeks” CPE NA NA
Cross-LLM Disagree-
ment

“You may climb stairs” CPE NA Sup.

Cross-LLM Disagree-
ment

“Eat a normal healthy diet.” CPE NSup. Sup.

Cross-LLM Disagree-
ment

“You do not need a brace.” CPE NA Sup.

Cross-LLM Disagree-
ment

“You should resume taking your normal home medications.” CPE NSup. Sup.

Cross-LLM Disagree-
ment

“Please allow 72 hours for refill of narcotic prescriptions, so
please plan ahead.”

CPE NA Sup.

Cross-LLM Disagree-
ment

“We are not allowed to call in narcotic prescriptions to the phar-
macy.”

NA NA Sup.

Clinically Plausible “You may have a sore throat because of a tube that was in your
throat during surgery”

CPE NA CPE

Clinically Plausible “You may shower at this time but keep your incision dry.” CPE NA CPE
Clinically Plausible “It is best to keep your incision open to air but it is ok to cover it

when outside.”
CPE NA CPE

Clinically Plausible “Avoid heavy lifting, running, climbing, or other strenuous exer-
cise until your follow-up appointment.”

CPE NA CPE

Clinically Plausible “You may take leisurely walks and slowly increase your activity
at your own pace once you are symptom free at rest.”

CPE NSup. CPE

Clinically Plausible “No contact sports until cleared by your neurosurgeon.” CPE NA CPE

Table 5: Representative qualitative disagreement cases from the human evaluation. CPE = Clinically Plausible
Extrapolation, NA = Not Addressed, NSup. = Not Supported, Sup. = Supported.

D.3 Sentence categorization: system prompt

You are an expert attending physician and
clinical auditor. Your task is to
verify the factual accuracy of hospital
discharge instructions against the
patient's ground-truth clinical record.

↪→
↪→
↪→
↪→

D.4 Sentence categorization: evaluation
prompt

**TASKS:**

**Task-1: Atomic Extraction**
- For each sentence in the "TARGET SENTENCES

TO EVALUATE" list, break it down into
independent, verifiable atomic claims.

↪→
↪→
- Example: "Take 5mg of Lisinopril daily

and follow up in 2 weeks." -> Claim 1:
"Take 5mg of Lisinopril daily.", Claim
2: "Follow up in 2 weeks."

↪→
↪→
↪→

**Task-2: Evidence Retrieval and Reasoning**
- Search the provided CLINICAL CONTEXT for

evidence that supports or refutes each
atomic claim.

↪→
↪→
- Extract the direct quotes from the

context (`evidence_quoted`). Write
"None" if the claim is not addressed.

↪→
↪→
- Explain your clinical logic step-by-step

(`thought_process`) *before* assigning
a verdict.

↪→
↪→

- **CRITICAL JSON RULE:** Do NOT use double
quotes (") inside your
`thought_process`, `atomic_claim`, or
`evidence_quoted` fields. If you must
quote something from the text, use
single quotes ('). Unescaped double
quotes will corrupt the JSON object.

↪→
↪→
↪→
↪→
↪→
↪→

**Task-3: Verdict Classification**
- Classify each atomic claim into exactly

one of the following categories
(`verdict`):

↪→
↪→
- `Supported`: The claim is explicitly

backed by the context.↪→
- `Clinically Plausible Extrapolation`:

The claim isn't explicitly written,
but is standard, safe medical
practice based on the diagnoses (e.g.,
advising a heart failure patient to
limit salt).

↪→
↪→
↪→
↪→
↪→
- `Contradiction`: The claim directly

conflicts with the context (e.g.,
wrong medication, wrong dosage, wrong
follow-up timeline).

↪→
↪→
↪→
- `Not Addressed`: The claim cannot be

verified or safely extrapolated from
the context.

↪→
↪→
- `Not Supported`: If the claim is

addressed and not fully supported by
the reference context. This includes
cases where the text is only partially
supported by the reference context.

↪→
↪→
↪→
↪→
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**REQUIRED JSON OUTPUT FORMAT:**
{
"evaluations": [

{
"original_sentence": "<The full target

sentence being evaluated>",↪→
"atomic_evaluations": [

{
"atomic_claim": "<The extracted

atomic claim>",↪→
"thought_process": "<Your

step-by-step reasoning>",↪→
"evidence_quoted": "<Direct quote

from context or 'None'>",↪→
"verdict": "<Supported | Clinically

Plausible Extrapolation |
Contradiction | Not Addressed
| Not Supported>"

↪→
↪→
↪→

}
]

}
]

}

**CLINICAL CONTEXT:**
--- Diagnoses ---
{{ diagnoses_text }}

--- Hospital Course ---
{{ hospital_course_text }}

**TARGET SENTENCES TO EVALUATE:**
{{ sentences_json_list }}

Return the result strictly as a structured
JSON object matching the requested
schema.

↪→
↪→
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