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Abstract

While Large Language Models demonstrate ex-
pert proficiency on medical benchmarks, the
clinical encounter requires more than factual
retrieval. It demands a sophisticated rhetori-
cal performance of care that balances authority
with epistemic humility. This paper investi-
gates the Clinical Fingerprint by comparing the
structural and ethical integrity of advice gener-
ated by human physicians and various language
models.

Our findings reveal a fundamental divergence
in how clinical information is prioritized and
delivered. We show that whereas physicians
utilize efficient, action-oriented structures to
provide clear guidance, generic models often
bury critical advice under layers of complex lin-
guistic recursion. This creates a significant cog-
nitive load for patients and risks a dangerous
safety cliff where models adopt an unearned au-
thoritative tone. Such models frequently mimic
the confidence of a doctor while providing con-
tradictory advice, particularly in complex cases
involving multiple symptoms. By identifying
these rhetorical gaps, our work emphasizes that
domain-specific fine-tuning is an ethical ne-
cessity to ensure that AI assistants maintain
the necessary humility and logical cohesion re-
quired for safe medical practice.

1 Introduction

The integration of Large Language Models (LLMs)
into clinical workflows represents a paradigm shift
in medical informatics, moving from static infor-
mation retrieval to generative advisory systems
it also offers a promising avenue to reduce clin-
ician workload, but has implications that could
have downstream effect on patient outcomes (Chen
et al., 2024) . Models such as GPT-4 and Med-
PaLM have demonstrated expert-level proficiency
on standardized benchmarks, passing the United
States Medical Licensing Examination (USMLE)
with scores exceeding 85% (Singhal et al., 2023;

Nori et al., 2023). However, the clinical encounter
is defined not simply by the retrieval of correct
facts, but by the rhetorical enactment of care, a
delicate balance of authority, empathy, and epis-
temic humility. As these models are increasingly
deployed for patient-facing tasks, from drafting
portal responses to mental health support, a critical
question emerges: do these models simply possess
medical knowledge, or do they "speak" like doc-
tors?

Recent literature has largely focused on two di-
mensions of LLM performance: factual accuracy
and perceived empathy. A study by Ayers et al.
(2023) found that evaluators preferred chatbot re-
sponses to physician responses in 78.6% of cases,
citing superior quality and empathy. Crucially, ex-
isting studies often overlook the epistemic align-
ment of AI-generated advice. Human physicians
are trained to employ specific rhetorical strategies
such as hedging and conditional phrasing to sig-
nal uncertainty and manage liability (Han et al.,
2011). In contrast, generative models are prone
to an “unearned ethos ” often delivering hallucina-
tions or probabilistic guesses with the same declar-
ative confidence as established medical facts (Ji
et al., 2023a).

This paper addresses this gap by conducting a
rhetorical and ethical comparison of human ver-
sus LLM-generated medical advice. We move be-
yond surface-level sentiment analysis to examine
the structural and epistemic DNA of the dialogue.
Utilizing syntactic dependency parsing and logical
integrity auditing, we quantify differences in dis-
course organization, hypothesizing that LLMs rely
on “satellite-dominant” structures (e.g., recursive
elaboration) rather than the “nucleus-dominant” ef-
ficiency preferred by clinicians. Furthermore, we
evaluate epistemic hedging and safety adherence to
determine if LLMs replicate the necessary humility
required in high-stakes medical advice. Our find-
ings reveal a dangerous divergence: generic models
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exhibit “confident hallucinations” mimicking the
authoritative tone of a physician while registering
significantly higher safety violation rates, thereby
creating a risk of misplaced patient trust.

2 Data and Methodology

To evaluate whether LLMs replicate the rhetor-
ical structure and epistemic humility of human
physicians, we designed a comparative study
using a stratified subset of real-world medical
dialogues. Full details regarding prompt tem-
plates and generation hyperparameters are pro-
vided in Appendix A. All code, data, and gen-
eration scripts are available for reproducibil-
ity at https://github.com/Beyramayadi/clinical-
discourse-analysis.

2.1 Dataset Curation
We utilize the ChatDoctor-HealthCareMagic-100k
dataset from the Hugging Face hub, a large-
scale collection of written patient-doctor interac-
tions scraped from the medical consultation web-
site HealthCareMagic. This dataset represents
asynchronous computer-mediated communication
(CMC), where physicians have ample time to struc-
ture their responses. To ensure a fair comparison,
we applied Content and Demographic Filter to the
raw data. This process involved removing physi-
cian responses containing platform-specific admin-
istrative jargon or responses shorter than 15 words.
Also, to control for known gender biases in AI
(Zhang et al., 2020), we implemented a cascading
pattern-matching heuristic based on regular expres-
sions. This algorithm extracts patient gender by
identifying self-disclosure patterns, discarding any
dialogues where gender could not be unambigu-
ously resolved.

2.2 Stratification and Sampling
From the filtered corpus, we employed a two-
stage stratification process to curate a balanced
evaluation set of N = 200 examples. First, to
ensure clinical diversity, we classified dialogues
into four high-level domains derived from Inter-
national Classification of Primary Care (ICPC-2)
standards: MSK/Skin (structural), Cardio/Resp/GI
(visceral), Neuro/Psych (sensory/mental), and Gen-
eral/Systemic (constitutional), alongside a retained
Uncategorized group. Subsequently, we applied
stratified random sampling to enforce equal repre-
sentation across these clinical categories while en-
suring a 50/50 gender split. This balanced dataset

serves as the foundation for our Single-Turn Medi-
cal Advice Generation task.

2.3 Model Selection

While frontier models such as GPT-4 and Med-
PaLM have demonstrated expert-level proficiency
on standardized medical benchmarks (Singhal
et al., 2023; Nori et al., 2023), their utility in
practical clinical settings is often limited by strict
data privacy regulations such as GDPR. To ad-
dress the necessity of local, on-premise deploy-
ment, we specifically evaluate the sub-10B param-
eter class, which has emerged as the practical stan-
dard for privacy-preserving medical AI. By focus-
ing on open-weights architectures like Llama-3.1
and Mistral-7B, we ensure full scientific repro-
ducibility and provide a controlled environment to
isolate the rhetorical effects of medical supervised
fine-tuning (SFT) (Ji et al., 2023b)

We benchmark verified human physician re-
sponses against three open-weights LLMs gener-
ated responses to evaluate the impact of domain
specificity versus general reasoning capabilities.
To represent the current state-of-the-art in general-
purpose instruction following for the sub-10B pa-
rameter class, we utilize Llama-3.1-8B-Instruct.
This serves as a baseline to determine if advanced
generalist training is sufficient to mimic clinical
rhetorical norms. To specifically isolate the effects
of medical supervised fine-tuning , we employ a
controlled comparison between the foundational
Mistral-7B-v0.1 and its medically adapted deriva-
tive, JSL-MedMNX-7B-SFT. Our selection of the
JSL model is informed by recent benchmarking
(Dorfner et al., 2024), which identified it as the
superior performer among comparable biomedical
models (such as BioMistral) when evaluated on
unseen medical data.

2.4 Rhetorical and Ethical Evaluation

Our evaluation framework moves beyond stan-
dard n-gram overlap metrics to focus on struc-
tural efficiency, epistemic tonality, and semantic
safety. To quantify structural directness, we employ
Transformer-based dependency parsing (Honnibal
et al., 2020). We calculate a Complexity Ratio
(Cr) by classifying clauses into Nuclei (indepen-
dent roots) and Satellites (subordinate dependen-
cies), hypothesizing that physicians exhibit lower
ratios (Cr < 1.0) compared to the recursive syntax
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Metric Dimension Definition Clinical Example / Marker
Complexity Ratio (Cr) Structural Ratio of Satellite (subordinate)

clauses to Nuclei (independent
roots).

Satellite: “...which helps to reduce
fever” vs. Nucleus: “Take two tablets.”

Hedge Density Epistemic Tonality Percentage of sentences contain-
ing probabilistic markers to sig-
nal uncertainty.

likely, might, possible, suggests, could,
may, appears to.

Safety Violation Rate Semantic Safety Percentage of LLM claims that
directly contradict the physician
ground truth.

Advising to continue a drug (e.g.,
Oxymetazoline) that the doctor re-
placed.

Connector Density Discursive Struc-
ture

Frequency of logical bridging
devices used to construct causal
arguments.

therefore, however, consequently, thus,
furthermore, conversely.

Certainty Score Tonal Alignment Neural classification of the
model’s declarative confidence
(0.0–1.0).

A score of 0.75 matches the physician’s
authoritative “consultative register”.

Table 1: Summary of Rhetorical, Structural, and Safety Metrics. These metrics serve as proxies for patient cognitive
load and trust; a high Cr indicates recursive verbosity, while a high Certainty paired with high Safety Violations
indicates the “Safety Cliff.”

of LLMs:

Cr =
Count(Satellite Clauses)
Count(Nucleus Clauses)

(1)

While Rhetorical Structure Theory (RST) is tra-
ditionally used for discourse analysis, we opted for
syntactic dependency parsing to capture the "intra-
sentential" cognitive load. The structural distance
between a root directive (Nucleus) and its qualify-
ing clauses (Satellites) determines the immediate
actionability of the advice (Mann and Thompson,
1988). Our Complexity Ratio (Cr) thus serves as
a deterministic proxy for the linguistic recursion
that often obscures critical medical guidance in
generative models.

For ethical tonality, we assess “epistemic humil-
ity” using a neural sequence classifier fine-tuned
for uncertainty detection (Liew, 2023). We calcu-
late Hedge Density as the percentage of sentences
containing probabilistic markers (e.g., “suggests,”
“might”). Finally, we verify truthfulness through
a dual-layer Natural Language Inference (NLI)
framework using a DeBERTa-v3 Cross-Encoder
(He et al., 2023). First, External Semantic Verifica-
tion (ESV) treats the physician’s text as the ground
truth to classify LLM claims into Adherence, Be-
nign Expansion, or Safety Violations (direct con-
tradictions), we then calculate the Safety Violation
Rate as the percentage of total model-generated
claims that constitute a direct contradiction of the
physician baseline. Second, Intrinsic Rhetorical
Integrity (IRI) audits internal consistency by verify-
ing that discourse markers (e.g., “however,” “there-
fore”) semantically align with the logical relation-
ship of the connected text spans. This approach is

informed by the DiSQ method (Miao et al., 2024),
which evaluates whether LLMs demonstrate a faith-
ful grasp of discourse relations and logical consis-
tency in their responses.

3 Results and Analysis

Our evaluation reveals distinct behavioral profiles
for each model, highlighting critical trade-offs be-
tween clinical safety, rhetorical complexity, and
epistemic alignment. Table 2 summarizes the per-
formance across all four metric dimensions.

3.1 Semantic Safety and Alignment
A primary finding of this study is the inverse rela-
tionship between model size/generality and clinical
safety. While all models exhibited a high “Ex-
pansion Rate” (> 90%), effectively acting as aug-
mented consultants rather than summarizers, they
differed significantly in their adherence to safety
constraints.
The Safety Cliff: The generic instruction-tuned
model, Llama-3.1, demonstrated a critical vulnera-
bility, registering a Safety Violation Rate of 6.43%.
This is more than double the error rate of the base-
line Mistral-7B (2.74%). Qualitative auditing re-
vealed that Llama-3.1 is prone to “confident hal-
lucinations”, fabricating contra-indicated advice
while maintaining a high certainty score (0.73) (see
Table 3 in Appendix B for a detailed case study).
Utility vs. Risk: Conversely, Mistral-7B achieved
the highestSafe Expansion Index (SEI = 0.81). De-
spite being a smaller model, it successfully maxi-
mized the volume of valid, non-contradictory med-
ical context provided to the patient. Correlation
analysis confirms that higher verbosity does not
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Model Safety Viol. ↓ Safe Exp. Index ↑ Logic Int. ↑ Conn. Density ↑ Comp. Ratio Certainty
Physician Baseline – – 0.97 0.43 0.94 0.75
JSL MedMNX-7B 3.05% 0.77 1.00 0.27 1.24 0.75
Mistral-7B 2.74% 0.81 1.00 0.31 1.66 0.63
Llama-3.1-8B 6.43% 0.71 1.00 0.25 1.44 0.73

Table 2: Comparative Analysis of Rhetorical, Structural, and Safety Metrics. Safety Violation indicates direct
contradiction of the ground truth. Complexity Ratio (< 1.0 is efficient) and Connector Density measure discursive
structure. Certainty measures tonal alignment with the physician baseline.

imply higher risk, in fact, we observed a strong
negative correlation (r ≈ −0.91) between Expan-
sion and Safety Violation, suggesting that models
largely fill their high token counts with benign,
standard-of-care advice.

3.2 Structural and Rhetorical Complexity
Our structural audit exposes a fundamental diver-
gence between human expert efficiency and ma-
chine verbosity (Figure 2).
Nucleus vs. Satellite Dominance: The hu-
man physician was the only subject to achieve a
Complexity Ratio below 1.0 (0.94), indicating a
“Nucleus-Dominant” structure that prioritizes inde-
pendent, actionable directives. In contrast, LLMs
exhibited “Satellite-Dominance,” with Mistral-7B
generating 1.66 subordinate clauses for every main
clause. This result suggests that current LLMs
impose a significantly higher cognitive load on pa-
tients, burying core advice under layers of syntactic
recursion (see Appendix E for a visual analysis of
this structural divergence).

Rhetorical Flatness: While all LLMs achieved
perfect Logic Integrity scores (1.0), this reflects risk
aversion rather than reasoning capability. The Con-
nector Density metric reveals that physicians use
logical bridging devices (e.g., “therefore”) nearly
2x more frequently (0.43) than models like Llama-
3.1 (0.25). The models exhibit “discursive flatness,”
listing independent facts rather than constructing
cohesive causal arguments.

3.3 Epistemic Tonality and Bias
We evaluated the models’ ability to modulate con-
fidence appropriate to a clinical setting.
The Tonal Turing Test: The domain-specific JSL
MedMNX model achieved statistical parity with
human physicians, matching the doctor’s Certainty
score (0.75) and Hedge Density (≈ 26%). This
indicates that fine-tuning successfully captures the
“consultative register” which is authoritative yet
cautious (see Table 4 in Appendix C for a qualita-
tive example of this tonal alignment).

Hallucinated Humility: In contrast, Mistral-7B
exhibited excessive epistemic anxiety, with a cer-
tainty score of only 0.63 and a Hedge Density of
37.6%. While safe, this “anxious intern” persona
may undermine patient trust in otherwise valid med-
ical advice.
Demographic Fairness: Finally, our ethical audit
revealed no statistically significant difference in
rhetorical metrics across patient gender (p > 0.05
for all models). The models maintained consistent
levels of complexity, hedging, and safety regardless
of whether the query originated from a male or
female patient profile.

3.4 Risk Profiling

Segmenting performance by medical category re-
veals specific vulnerabilities (Figure 1). All models
struggled most with General_Systemic queries,
where Llama-3.1 reached a peak violation rate of
10.36%. This category typically involves complex,
multi-symptom interactions (e.g., hormonal cou-
pled with respiratory issues) that appear to over-
whelm the model’s logical consistency. Conversely,
Neuro_Psych queries elicited the highest safety ad-
herence, suggesting current architectures are more
robust handling behavioral health guidance than
complex physiological integration.

4 Discussion

The results of this study reveal a fundamental di-
vergence in how clinical information is prioritized
and delivered by various agents. While the human
physician maintains a Complexity Ratio below 1.0,
signifying a preference for actionable and indepen-
dent directives, large language models exhibit a
satellite dominant architecture (Mann and Thomp-
son, 1988). For instance, Mistral-7B generated
1.66 subordinate clauses for every main clause, cre-
ating a syntactic recursion that represents a signifi-
cant increase in the cognitive load imposed upon
the patient. This suggests that current models prior-
itize service script verbosity over clinical efficiency,
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Figure 1: Safety Violation Rate by Medical Category.
Darker red indicates higher risk. Note the consistent
failure mode in General_Systemic cases across all ar-
chitectures.

potentially burying critical advice under layers of
non-essential elaboration.

These structural differences lead to a critical
safety cliff regarding the deployment of generative
models in patient-facing roles. General-purpose
models like Llama-3.1 demonstrate a dangerous
inverse relationship between confidence and accu-
racy by maintaining a high certainty score of 0.73
while registering the highest safety violation rate of
6.43 percent. This unearned authoritative tone cre-
ates an ethical uncanny valley where patients may
follow life-threatening advice simply because the
linguistic markers of the model suggest expertise
(Ji et al., 2023b). This risk of epistemic injustice
is most acute in complex cases, particularly in gen-
eral systemic queries where error rates peaked at
10.36 percent. Such cases involve multi-symptom
interactions that require sophisticated physiologi-
cal reasoning that current models cannot logically
synthesize, risking a form of automated medical
gaslighting.

Furthermore, the moral imperative of hedging
reveals a delicate balance between authority and
caution. While Mistral-7B was safer in terms of
violations, its excessive hedge density of 37.6 per-
cent and low certainty of 0.63 characterize an anx-
ious intern persona that may undermine a patient’s
trust in valid guidance. In contrast, the success of
the JSL MedMNX model in achieving tonal parity
with physicians suggests that fine-tuning for the
consultative register is an ethical necessity. Future
development must prioritize intrinsic rhetorical in-
tegrity to ensure that logical bridging devices in
responses correspond to actual causal relationships
rather than mere discursive flatness. Our observa-

tion of lower Connector Density in LLMs (0.25)
compared to physicians (0.43) further emphasizes
this discursive flatness. As demonstrated by the
DiSQ method (Miao et al., 2024), explicitly sig-
naled discourse connectives are vital for robust
discourse comprehension. The models’ tendency
to list independent facts rather than bridge logical
spans reflects a significant challenge in maintain-
ing the faithful event relations required for safe
medical advice

5 Conclusion

Our study reveals that clinical expertise relies on a
unique rhetorical fingerprint that generalist models
often lack. While physicians use direct and ac-
tionable structures, LLMs often bury advice within
complex and recursive syntax. This creates a dan-
gerous safety cliff where models use an unearned
authoritative tone to deliver contradictory guidance.
We conclude that fine-tuning for a consultative reg-
ister is an ethical necessity to ensure models main-
tain the epistemic humility required for safe patient
care

Limitations

This study contains several constraints that should
be considered when interpreting the results. The
evaluation set is limited to two hundred examples.
While this set was stratified across specific clinical
domains and balanced for patient gender, it remains
a small subset of the total interactions available in
the initial dataset. The scope of the model selec-
tion is restricted to the sub-10B parameter class,
these findings may not generalize to larger frontier
models that utilize significantly higher parameter
counts or different training architectures.

The scope of the model selection in this study is
restricted to the sub-10B parameter class (Llama-
3.1-8B, Mistral-7B, and JSL-MedMNX-7B). Con-
sequently, it remains unclear if the observed "recur-
sive verbosity" and the resulting high Complexity
Ratio are intrinsic properties of LLM architectures
generally or an artifact of limited model capacity.
While smaller models demonstrate a clear "Safety
Cliff" when paired with an unearned authoritative
tone , frontier-class models (e.g., GPT-4o or Llama-
3-70B) might possess the reasoning depth to bet-
ter replicate the linear, nucleus-dominant structure
used by human physicians. Future work should
evaluate whether scaling parameters mitigates these
structural divergences or simply produces more flu-
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ent "satellite" recursion.
The task is designed as a single-turn generation

to isolate immediate rhetorical stance. This ap-
proach does not account for the recursive nature
of multi-turn clinical dialogues where uncertainty
and authority might be negotiated over time. The
ground truth relies on physician responses from a
computer-mediated communication platform. This
data represents a specific type of asynchronous
communication where doctors have time to struc-
ture their advice, which might differ from the ver-
bal rhetorical patterns found in synchronous or in-
person clinical encounters.

While our metric quantifies structural diver-
gence, further human-centered research is needed
to substantiate how Satellite-Dominance impacts
patient outcomes. Theoretical models of cognitive
load suggest that the recursive syntax of LLMs may
impede the immediate ’receiving’ of directives, po-
tentially leading to errors in treatment adherence
even when the underlying facts are correct

Furthermore, while we utilize verified physician
responses as the ground truth, we recognize that
a secondary human-expert audit of these baseline
notes could provide additional verification of the
ground truth’s clinical accuracy. Future studies
might benefit from a multi-physician consensus
model to ensure that the baseline itself is free from
individual idiosyncratic clinical styles or clerical
oversights before being used for automated seman-
tic verification. Finally, the metrics for structural
efficiency and safety rely on automated proxies
such as dependency parsing and natural language
inference models. While the External Semantic
Verification treats physician text as ground truth,
it is possible for human responses to contain their
own biases or errors that the automated system
would then propagate.

Ethical Considerations

The primary ethical implication of this study is the
identification of a “Safety Cliff” in generalist Large
Language Models. Our findings reveal that models
like Llama-3.1 generate contra-indicated medical
advice with high confidence (Safety Violation Rate
of 6.43%). Consequently, we emphasize that cur-
rent open-weights models should not be deployed
in patient-facing clinical workflows without rig-
orous human-in-the-loop oversight. The disparity
between the models’ rhetorical fluency and their se-
mantic accuracy creates a risk of “unearned ethos”

where patients may be persuaded to follow harmful
advice due to the authoritative tone of the genera-
tion.

This study utilizes the ChatDoctor-
HealthCareMagic-100k dataset, a repository
of anonymized patient-doctor interactions publicly
available on Hugging Face. While the dataset
is stripped of PII (Personally Identifiable Infor-
mation), we acknowledge the inherent risks of
using real-world clinical dialogues. To mitigate
potential harm, we employed strict filtering to
remove administrative metadata and focused our
analysis solely on the rhetorical structure of the
advice, rather than specific patient case histories.

We conducted a specific audit for demographic
fairness (Section 3.4) and found no statistically
significant difference in rhetorical quality across
gender profiles (p > 0.05). However, we acknowl-
edge that our gender inference method (based on
self-disclosure patterns) is a proxy and may not cap-
ture the full spectrum of intersectional biases (e.g.,
race, age, or socioeconomic status) that persist in
medical corpora.
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A Prompt Engineering

To ensure reproducibility and isolate the model’s
internal rhetorical bias, we utilized a standard-
ized zero-shot prompt template for all architectures
(Llama-3.1, Mistral-7B, and JSL-MedMNX). We
utilized a persona-based prompt (’You are an expe-
rienced physician’) to evaluate the models’ upper-
bound capability in mimicking clinical rhetorical
norms.

All generations were executed with a consistent
hyperparameter configuration to minimize stochas-
tic variance: temperature=0.1, top_p=0.9, repeti-
tion_penalty=1.1, and max_tokens=512.

System Prompt:
"You are an experienced,
empathetic, and professional
physician providing remote
medical advice. ""A patient has
sent you a message describing
their symptoms. Provide a
helpful, accurate, and safe
response. Address the patient
directly."

User Prompt:
Patient Description: [INSERT
PATIENT TEXT]

B Qualitative Failure Analysis (The
Safety Cliff)

Table 3 details a specific instance of a "Con-
fident Hallucination" by Llama-3.1 in the
Cardio_Resp_GI category. While the physician
re-diagnoses the condition as likely viral and rec-
ommends gentle saline, the model reinforces the
bacterial diagnosis and explicitly advises continu-
ing a potent decongestant (Oxymetazoline) that the
physician implicitly replaced.

C Tonal Mimicry Analysis

Table 4 illustrates the "Tonal Parity" achieved by
the domain-specific JSL-MedMNX model. In
this diagnostic scenario involving referred pain
(toothache vs. sinusitis), both agents exhibit nearly
identical rhetorical profiles (Certainty ∆ < 0.02).
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Patient Query (Summary) Physician Baseline (Ground Truth) Llama-3.1 Response (Safety Viola-
tion)

Boy has "lung infection" and high
fever for 5 days. Current meds: Clar-
ithromycin (antibiotic), Zyrtec, and
Oxymetazoline (nasal drops). Cough
persists despite meds.

Diagnosis: "Cough and cold are viral
95% of the times."
Plan: Switch to Saline nasal deconges-
tants (gentler). Specific Paracetamol
dosing (15mg/kg) provided.

Diagnosis: Validates bacterial premise
("Clarithromycin is effective").
Plan: "I recommend continuing the
current medication regimen." (Di-
rectly contradicts the doctor’s switch
to saline; reinforces use of Oxymeta-
zoline).

Table 3: Qualitative comparison of a safety violation. The model validates a bacterial premise the doctor disputes
and advises continuing a medication (Oxymetazoline) the doctor replaced with Saline.

The model successfully mimics the physician’s
strategy of acknowledging the patient’s prior con-
sult ("saw a dentist") while offering a probabilistic
alternative diagnosis.

D Metric Lexicons

To quantify Rhetorical and Epistemic features, we
analyzed specific lexical categories. Table 5 in-
clude representative examples of the terms used to
calculate Hedge Density and Connector Density.

E Structural Complexity Visualization

To visually demonstrate the "Structural Cliff" de-
scribed in Section 3.2, we generated dependency
parse trees for a standardized medical instruction
("Take two tablets of paracetamol...").

Figures 3 and 4 contrast the syntactic depth of
the Physician baseline against the LLM response.
The physician employs a direct, linear structure,
whereas the LLM response exhibits significant re-
cursive branching. Table 6 details the specific
clause counts for this comparison.

Figure 2: The “Clinical Fingerprint.” The Radar Chart
illustrates the divergence between the Physician’s shape
(High Density, High Efficiency) and the Model shape
(High Verbosity, Low Density).
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Patient Query (Summary) Physician Baseline (Ground Truth) JSL MedMNX Response
Patient reports severe upper back jaw
toothache. Saw a dentist yesterday
who found no dental issues. Asks if
it could be related to sinuses.

Cert: 0.64 | Hedge: 0.38
"Your tooth discomfort may very well
be related to your sinusitis. This is not
uncommon... Please be careful before
introducing more antibiotics."

Cert: 0.65 | Hedge: 0.37
"I understand you are experiencing se-
vere toothache... Based on your de-
scription, there are a few possibilities.
Sinusitis can cause referred pain to the
upper teeth..."

Table 4: Example of Tonal Mimicry. The JSL model matches the physician’s certainty level almost exactly (0.65 vs
0.64), adopting a "consultative register" that validates the possibility of sinusitis without making a definitive claim.

Category Representative Lexical Markers
Epistemic Hedges likely, might, possible, suggests, could, may, appears

to, cannot rule out, potentially, unclear
Logical Connectors therefore, however, consequently, thus, furthermore,

conversely, as a result, hence, although, otherwise

Table 5: Lexical markers used for rhetorical density
analysis.

Source Nuclei Satellites Ratio (Cr)
Physician Baseline 1 0 0.00
LLM Response 1 5 5.00

Table 6: Structural metrics for the standardized instruc-
tion example. The LLM requires five dependent clauses
to convey the same actionable directive as the physician.
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Figure 3: Physician Baseline (Cr = 0.00): A shallow, Nucleus-Dominant structure. The root verb "Take" connects
directly to the object "tablets" without recursive overhead, prioritizing actionability.

Figure 4: LLM Response (Cr = 5.00): A deep, Satellite-Dominant structure. The model wraps the core instruction
in multiple layers of meta-commentary (e.g., "important to note," "which helps"), illustrating the recursive verbosity
typical of generative models.
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