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Abstract

Medical large language models (LLMs) have
been widely proposed for medical diagnosis
with relatively high accuracy. However, ex-
isting LLM evaluations often prioritize top-1
accuracy while ignoring the fragility of the rea-
soning process on realistic clinical notes that
are plagued by noise and inconsistent formats.
To explore the robustness of reasoning process,
this study proposes an adversarial perturbation
framework that consists of two strategies: se-
mantic pruning of clinical notes to verify the at-
tention limitation of LLMs, and noise injection
to investigate the anti-interference capability
of the reasoning process. The experiments are
conducted on a realistic dataset, and the results
verify the attention limitation and inadequate
anti-interference capability of LLMs. These
findings reveal the reasoning logic and provide
a feasible solution for trustworthy LLMs.

1 Introduction

Current large language models (LLMs) are ad-
vancing rapidly in the medical field, particularly
performing impressively in question-answer (QA)
tasks (Anil et al., 2023; Han et al., 2023; Jin et al.,
2020). However, the question in QA tasks is rel-
atively short and structured, while the real clin-
ical scenarios for physicians are far more com-
plex, involving long-context, messy clinical notes
with significant noise (Gao et al., 2025; Hirschtick,
2006; Lehman et al., 2023). It has been shown that
LLMs exhibit limited accuracy when processing
long contexts and are sensitive to noise (Moradi
and Samwald, 2022; Singh et al., 2024), because
they are quite likely to overlook critical information
(Liu et al., 2024; Finlayson et al., 2019).
Currently, predominant benchmarks typically
prioritize Top-1 accuracy on standardized inputs,
potentially ignoring the fragility of the reasoning
process. Moreover, many evaluations of LLMs rely
on medical QA (Pal et al., 2022; Li et al., 2023;
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Figure 1: Perturbation strategies for clinical notes.

Chen et al., 2025a) or natural language inference
(NLI) (Jullien et al., 2023), while, in fact, a model
might achieve the right diagnosis for the wrong rea-
sons (Ye and Durrett, 2022; Liévin et al., 2024). For
the medical field, it requires safe diagnosis with rig-
orous reasoning. (Li et al., 2025; Croskerry, 2009).
Therefore, it is extremely significant to explore the
robustness of reasoning process on realistic clinical
notes.

To achieve this goal, we first utilize the DiReCT
dataset (Wang et al., 2024), including real clin-
ical notes that are long-context and with redun-
dancy. Then we propose an adversarial perturba-
tion (Jia and Liang, 2017) framework, comprising
two strategies, that is, semantic pruning and noise
injection, to perturb the clinical notes. The eval-
uation results show that models indeed generate
more accurate and faithful responses after semantic
pruning, while noise injection leads to unfaithful
reasoning, which proves that LLMs have limited at-
tention and anti-interference capability. Therefore,
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Figure 2: The pipeline of the adversarial perturbation framework.

enhancing signal-to-noise ratio of clinical notes is
a feasible approach to improve the robustness of
reasoning process.

2 Methodology

In this section, the adversarial perturbation frame-
work will be introduced, involving semantic prun-
ing and noise injection. Figure 2 illustrates the
pipeline of the framework, of which four core com-
ponents are detailed as follows.

2.1 Clinical Notes

To evaluate the realistic clinical scenarios, we uti-
lize DiReCT dataset, proposed by Wang et al.
(2024), where the real clinical notes R consist of
6 records as R = [rq,r9,...,76], each of which
corresponds clinical notes section demonstrating
in Figure 2. The clinical diagnostic task (Wang
et al., 2024) is formalized as a mapping function
fo(R,K) — (d, &), where the model 6 predicts a
diagnosis d and rationale £ based on clinical note
‘R and knowledge graph K. During the processes
of manual annotation and model reasoning, obser-
vation o in R is extracted as the basis for their
diagnosis.

2.2 Semantic Pruning

Semantic pruning is subdivided into macro pruning
and micro pruning. These pruning manipulations
can identify the key observations in the clinical
note, thereby evaluating the attention stability of
the models.

In macro-pruning, we iteratively apply a mask
Tmask(R, 1) to mask records r;, generating an in-
complete input R, = R\ {r;}. By comparing
the performance drop A Acc;, we identify the high

contribution records s from the clinical notes.

In micro-pruning, we select the h as a target
record. Formally, a target record consists of a
set of semantic units U = {uj,ug,...,un}. A
unit u; is defined as either a self-contained sen-
tence or a {examination,result} pair. Instead
of standard random dropout, which may compro-
mise syntactic coherence, we employ an LLM to
perform semantic unit deletion, selecting a subset
Uget C U(1 < |Uge| < 3), following the instruc-
tion as P(d|R) ~ P(d|R \ Uge;), which achieves
more concise clinical notes while remaining the
diagnostic orientation invariant.

2.3 Noise Injection

Based on the result of macro-pruning, noise injec-
tion is conducted on the record h. We achieve noise
injection via a controlled rewriting process by in-
jecting syntactic noise and benign medical noise,
which is operated by a LLM. Syntactic noise is cre-
ated through list reordering and punctuation vari-
ation, while benign medical noise means several
clinically plausible yet diagnostically neutral ob-
servations. These two kinds of noises, together de-
fined as U,ise, are injected into the targets, follow-
ing the instruction as P(d|R) ~ P(d|R U Upgpise),
which ensures that the noise injected maintains the
same diagnostic orientation.

2.4 Evaluation Metrics

To rigorously quantify the resilience of clinical
reasoning under perturbation, we adopt three eval-
uation metrics proposed in (Wang et al., 2024).
Specifically, diagnostic accuracy indicates the cor-
rectness of the diagnosis, while observation com-
pleteness and reasoning faithfulness reveal the ro-
bustness of the reasoning process.
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Table 1: Comprehensive robustness evaluation results. All values are averages and red indicates improvement.

Diagnostic Accuracy Assuming N samples in
total, the accuracy for each sample is set to 1 if its
diagnosis d equals to the ground truth d*, while
accuracy is 0, otherwise. The diagnostic accuracy
A%99 can be represented as follows:

N
Ao = STy = ) (M

i=1

Observation Completeness Firstly, we define a
semantic equivalence operator, denoted as =g¢.
The observations are supposed to be the critical in-
formation for diagnosis. Observation o (generated
by LLMs) and o* (the ground truth) are equal, i.e.,
0 =gem 07, if they refer to the same clinical entity
or phenomenon. A sample usually consists of mul-
tiple observations. Thus, let O = {01, 09, ..., 0;}
be the prediction and O* be the ground truth for
each sample. To assess the observation complete-
ness, we calculate its precision OP"¢ and recall
oree, as follows:
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Reasoning Faithfulness We employ a stricter
criterion that requires the rationales to provide an
explicit linking of the observations to the diagnosis.
Similar to observation completeness, a predicted ra-
tionale z equals to the ground truth z*, i.e., 2 =gem
z*, only if it conveys the same reasoning logic
throughout the diagnostic process. € = (o0, z, d) is
defined as a triplet for the observation, rationale,
and diagnosis, while e* = (o*, z*,d*) is the cor-
responding ground truth. A prediction is deemed
faithful only if the triplet is aligned perfectly with
the ground truth. Let m/(e,*) be the count of cor-
rectly matched triplets, which can be represented

as: m(g,e*) = {0 =sem 05,2 =Zsem 2*,d = d*}.
The reasoning faithfulness F is then computed
as the coverage of ground truth:
all _ M(E,E")

=000 )
which measures the density of valid reasoning
chains relative to the total observations. It is used
to penalize models when generating the correct di-
agnosis through incorrect evidence or flawed logic.

3 Experiment

3.1 Experimental Setup

Datasets DiReCT dataset (Wang et al., 2024) fea-
tures a collection of human physician-annotated,
fine-grained clinical reasoning chains. It comprises
511 annotated clinical notes across five medical do-
mains, sampled from a publicly available database,
MIMIC-IV (Johnson et al., 2023).

Implementation Details To ensure deterministic
outputs for rigorous reasoning analysis, the gener-
ation temperature was set to 0 with a greedy de-
coding strategy. In contrast, the temperature for
micro-pruning and noise injection is set to 0.7, aim-
ing to obtain linguistic diversity in the adversarial
examples. The evaluation pipeline processed a total
of ~28,000 inferences across 511 clinical notes.

3.2 Experimental Results

We firstly conduct the macro-pruning process to
find the most important records, then evaluate the
metrics after micro-pruning and noise injection and
compare the results with a baseline, the prior work
of Wang et al. (2024). As shown in Table 1, all
models for the baseline have a high diagnostic accu-
racy, but with low reasoning faithfulness, indicating
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Figure 3: Heatmap of macro-pruning result. Values
denote the percentage point change (A A%%9) in diag-
nostic accuracy relative to the Baseline.

that only focusing on diagnostic accuracy cannot
obtain faithful diagnosis. In the following, we will
detail the experimental results of the framework.

3.2.1 Results of Macro Pruning

In macro-pruning, each record is masked iteratively
to evaluate models’ attentional dependency. Fig-
ure 3 illustrates the deviation in diagnostic accu-
racy with and without pruning records. It shows
that PR record shows the most severe impact with
accuracy decreasing by at least 30%, while HPI
record shows the second most significant impact,
with a reduction of approximately 10%. Therefore,
these two records contribute the most among the
six records, which is the base for micro-pruning
and noise injection.

3.2.2 Results of Micro Pruning

In Micro-pruning, only 1 to 3 units are deleted
from HPI and PR record. Though (A%%9) and
(F*") remain marginal change for most scenarios,
the results of pruning PI record exhibits consistent
increase for both metrics on most models, which
can prove that there is inherent attention limitations
in LL.Ms when processing long contexts. We also
evaluate the observation completeness metrics for
micro-pruning. In Table 2, it can be seen that for
most LLMs, both (OP"¢) and (O"¢) consistently
increase after pruning, which further validates the
attention limitation problem.

3.2.3 Results of Noise Injection

The noise injection is also conducted for the record
of HPI and PR. Table 1 shows the results of di-
agnosis accuracy and reasoning faithfulness. The
performance of two metrics both decrease for al-
most all models. Notably, the decrease in reasoning
faithfulness is even greater than in diagnostic accu-

Baseline

Model orPre [ (OT<°) HPI Deleted PR Deleted
36.96 36.25 3634
GPT (69.74) (69.86) (69.15)
Gemini 3991 42.05 42.44
(64.16) (54.58) (54.58)
Llama 29.97 30.28 30.51
(66.36) (65.80) (67.32)
Qwen 48.67 49.04 49.39
(47.93) (49.03) (47.93)
4573 45.49 45.08
DeepSeek (52.99) (51.80) (51.62)
Table 2: Observation completeness under micro-

pruning. Bold are better performance than baseline.

Baseline

Model orTe [ (O HPI Modified PR Modified
36.96 36.49 3531
GPT (69.74) (70.33) (66.56)
Gemini 39.91 42.46 4323
(64.16) (56.58) (57.67)
Liama 29.97 29.82 2978
(66.36) (65.55) (66.50)
Owen 48.67 47.83 4821
(47.93) (48.49) (48.03)
45.73 4347 44.96
DeepSeek (52.99) (50.70) (52.50)

Table 3: Observation completeness under noise injec-
tion. Bold indicates better performance in baseline.

racy. It indicates that the reasoning chain of models
is easily interfered even only syntactic noise and
benign medical noise are injected. The results of
observation completeness, as shown in Table 3, pro-
vide more detailed evidence why reasoning fails.
It can be seen that both the metrics on all models
are worse than the baseline, demonstrating models’
inadequate anti-interference capability.

4 Conclusion

It has been exhibited that the reasoning remains
unfaithful even when the diagnostic results are cor-
rect. In this study, we explore the reasoning ro-
bustness of medical LLMs through an adversarial
perturbation framework, in which semantic pruning
removes redundancy while noise injection modifies
the clinical notes. The experiments on semantic
pruning verify the attention limitation of LLMs,
and noise injection results indicate the fragile anti-
interference capability in reasoning process. There-
fore, our work identifies critical reasoning vulnera-
bilities in medical LLMs, providing a feasible way
toward trustworthy LLMs in healthcare.



Limitations

While our work provides a comprehensive dissec-
tion of LLM reasoning behaviors under pertur-
bation, several limitations remain, which are dis-
cussed below.

Scope of Evaluation Data Our analysis relies
primarily on the DiReCT dataset. Although this
benchmark spans five major medical specialties,
the samples are still insufficient. Consequently,
our findings only reflects the situation in certain
specific fields, and may not fully extrapolate to the
noisy, multimodal realistic hospital environments.

Proxy Nature of Perturbations Furthermore,
the adversarial perturbations framework utilize the
clinical noise that is provided by LLMs. The mod-
els are demanded to generate contents with limited
syntactic coherence, which yet still remain substan-
tially different from the realistic clinical notes that
usually suffer from uncurated syntactic degrada-
tion. Therefore, the results of our evaluation may
be upper bounds for the realistic scenarios.

Static Reasoning Limitation Our evaluation
framework regards the diagnosis as a static, single-
turn inference task. It can evaluate the reasoning
capability on fixed inputs but ignoring the interac-
tive nature of clinical practice. To be more practical,
the models should be equipped with the ability of
active information seeking or iterative hypothesis
refinement. Multi-turn interactive diagnostic sce-
narios are the research direction for the next step.

Ethical considerations

Model Deployment Risks Our analysis reveals
that even advanced LLMs have limited attention
and anti-interference, thereby suffering perfor-
mance collapse under too much noise. Thus, we
urge practitioners to exercise extreme caution and
maintain rigorous human oversight when deploying
LLMs in diagnostic workflows. It is very risky to
put too much trust in the current LLMs, especially
in the medical domain.

Data Privacy We confirm that all data used is
fully anonymized and we have adhered to the Phy-
sioNet data use agreement.

Defensive Intent The adversarial framework is
designed for stress-testing and theoretical analy-
sis, aiming to facilitate the development of robust

LLMs, rather than to malicious attack on medical
Al systems.
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A Detailed Experimental Setup

System Prompt for Noise Injection

Suppose you are a professional clinical doctor.

Your task is to rephrase only the following input field of a
patient’s medical record to test model robustness.

The rewritten text must remain clinically equivalent to the
original in meaning and diagnosis, while applying only the
two types of modifications described below.

A.1 Adversarial Perturbation Prompts

To ensure the reproducibility of our perturbation
manipulations, we provide the full system prompts
used by the GPT-40 agent. The prompt of micro-
pruning and noise injection shows in Table 4 and
Table 5

1. Formatting modifications:
- Reorder list items or entries without changing their con-

System Prompt for Micro Pruning

Suppose you are a professional clinical doctor.

Your task is to delete 1 to 3 (can be adjusted by yourself
according to the volume of content but must not exceed
the limit) descriptions from the single input field named
{target_input} of a patient’s medical record to test model
robustness.

Critical constraints:

- Modify content only in the field {target_input}. Do NOT
mention or modify any other field (e.g., inputl, input3,
input5, etc.).

- Perform ONLY 1 to 3 deletion operations in {tar-
get_input}.

- If {target_input} has insufficient content to delete, return
it unchanged and note "skipped" in the change log.

- Delete self-contained units such as: a full sentence of de-
scription/observation, a clause containing a measurement
indicator and its result, or a discrete item in a list (keep
surrounding punctuation/format coherent).

- Keep the remaining content complete, clinically coherent,
and logically rigorous after deletion.

- Do NOT delete the key descriptions that can lead to a
change in sample’s orientation of the disease. - Do NOT
add new information or rewrite remaining content after
deletion, so you should fulfill the requirements mentioned
above before your deletion.

Now, provide your response strictly in this format:
Modified text:

<the full rewritten version>

Original input text:

{content}

tent meaning.

- Adjust punctuation, indentation, or line breaks for stylis-
tic variety.

- Change enumeration or bullet formatting while keeping
all information intact.

2. Add content that is relevant to the context but does
not affect the final diagnosis:

- Add minor, medically plausible but diagnostically irrele-
vant observations

- These additions must be logically consistent and must
never contradict, modify, or imply new diagnostic informa-
tion.

Critical constraints:

- Modify content only the field named {target_input} in
the provided JSON file.

- Do not alter any other field, key, or structure.

- Only 2 to 5 modification operations mentioned above can
be performed in each input.

- Preserve all medical facts, terminology, and diagnostic
details.

- Use professional clinical English.

- Output only the modified text and a concise change log.

Now, provide your response strictly in this format:

Modified text:
<the full rewritten version>

Change log:
<bullet-pointed list briefly describing what was changed
and where>

Original input text:

Table 4: The full prompt template used for the Micro

. content
Pruning. { )

Table 5: The full prompt template used for the Semantic
Noise Injection.

A.2 Evaluation Protocols

Instead of designing new judgment criteria, we
strictly adhered to the evaluation framework pro-
posed by the DiReCT (Wang et al., 2024) bench-
mark to ensure comparability with prior work.

setup. This prompt instructs the judge to de-
cide if two text descriptions refer to the same
clinical finding (Output: "Yes"/"No").

* Judge Model: Compared to the Llama-3-8B-

Instruct model used in the original setup, we
switched to the GPT-4.1-mini model to im- * For rationale evaluation, we use the few-shot

prompt from the reason evaluation function
in the original setup. This prompt includes
five curated examples (samples of "Yes" and
"No" pairs) to guide the judge in discrimi-
nating whether two reasoning paths explain a
similar medical diagnosis premise.

prove the accuracy of the evaluation.

* Observation Matching: To determine whether
a predicted observation matches the ground
truth, we utilize the zero-shot prompt from the
observation matching function in the original



Model Diagnostic Accuracy Observation Completeness Reasoning Faith.
cat Adiag opre Oree Ocov Fobs Fall
GPT-5-mini 0.87540.054 0.76540.038 0.370+0.146 0.697+0.164 0.36310.151  0.33310.243  0.12710.097
Gemini-2.5-Flash ~ 0.847_1¢.0s1 0.708£0.083 0.39940.170 0.64219.182 0.37510.166 0.34040.253 0.140+0.130
Llama-3.3-70B 0.806+0.105 0.710+0.087 0.300+0.133 0.66410.167 0.2921¢9.135 0.22040.213 0.07410.080
Qwen3-235B 0.78140.115  0.62640084 0.48710.213 047940211  0.391t0.206 0.33240200 0.14410.144
DeepSeek-V3 0.79810.127  0.62440072 045710193  0.53010207  0.38710184  0.309+0268  0.131i0.127

Table 6: Comprehensive baseline performance report. We present the mean scores and standard deviations (£SD)
across all five functional layers of the evaluation pipeline using the original, unperturbed clinical notes. This table
details the trade-offs between diagnostic accuracy (A%9) evidence extraction precision/recall (OP"¢ /O7°), and
reasoning faithfulness (F), providing a holistic view of each model’s baseline capabilities.

B Extended Performance Metrics

To provide a comprehensive view of model behav-
ior, we report detailed performance breakdowns
across medical domains and additional fine-grained
metrics that were omitted from the main text for
brevity.

B.1 Overview of Experimental Results

Table 6 provides a granular view of the models’
baseline capabilities across all evaluation dimen-
sions.

Although GPT-5-mini leads in top-level accu-
racy and demonstrates exceptional stability(A°* ~
87.5%, A% ~ 76.5%), open-source weight mod-
els like Qwen have shown competitive performance
on certain metrics and even surpassed it in some
cases.

A critical observation is the pervasive Precision-
Recall Gap. For instance, Llama-3.3 achieves a
respectable recall of 66.4%, but a precision of only
30.0%. This indicates that current models, in their
attempt to be comprehensive, fail to effectively
filter out noise—extracting nearly 70% irrelevant
information alongside valid evidence. This inef-
ficiency in information filtering underscores the
motivation for our micro-pruning.

B.2 Metrics Under Micro Pruning

As shown in Table 7, trimming content from both
blocks resulted in improvements across nearly all
model metrics, confirming that the performance
gains stem from a higher signal-to-noise ratio in
evidence retrieval.

While the absolute gains are subtle, the trend
is significant: removing noise from objective data
sections enables the model to capture more valid ev-
idence, not less. This validates our hypothesis that
dense, redundant clinical text actively suppresses

Model: Llama-3.3-70B

Observation Completeness

Setting
orre oree Ocov
Baseline 0.30010.133 0.664i0'167 0~292i04135
HPI Deleted  0.3030.136 0.65840.166 0.29419.137
PR Deleted 0.305:|:0_132 0-673i0.169 0.298i0‘133

Table 7: The observation completeness of Llama in
micro-pruning setting. Extraction quality metrics for
Llama-3.3-70B under redundancy pruning. Boost in
Precision when filtering the Pertinent Results.

the model’s retrieval attention heads.

B.3 Maetrics Under Noise Injection

Compared to micro-pruning, which improve a
model’s diagnostic performance, noise injection
introduce irrelevant content into the data text dur-
ing the initial processing phase. This content does
not aid reasoning or diagnosis and alters the origi-
nal document format, making it more difficult for
the model’s attention to focus on key information.
Ultimately, this leads to a decline in its diagnostic
effectiveness.

Model: GPT-5-mini

Observation Completeness

Setting
Opre OT‘CC OCO’I}
Baseline 0'370i0.146 0~697i04164 0.363i0,151
HPI Modified 0.365i(“41 0-70310.166 0.358i()¢45
PR Modified  0.35310.156 0.666+0.209 0.344 10158

Table 8: The Observation Completeness of GPT-5 in
noise injection setting. Extraction quality metrics under
semantic perturbation. Injecting noise to Pertinent Re-
sults distracts the model will cause a drop in Recall.



C Qualitative Case Studies
C.1 The Benefit of Redundancy Pruning

Table 9 provides a side-by-side comparison of
Llama-3.3-70B’s reasoning process before and
after applying Micro-Pruning to remove non-
contributory content from Pertinent Results.

Notably, to prevent the model from over-pruning
during semantic pruning—which could result in
the deletion of excessive content or critical indica-
tors—we have implemented strict requirements for
micro-pruning and restricted the number of pruning
iterations to a very small range.

* Clinical Context: The patient presented with
abdominal pain. The ground truth diagnosis is
Acute Gastritis, supported by the endoscopic
finding of "superficial erosion".

* Original Failure: In the baseline setting, the in-
puts contained a normal Lipase level (Lipase-
23, normal range). The model hallucinated a
more severe diagnosis (Gastric Ulcers).

* Correction via Pruning: By removing the sin-
gle irrelevant Lipase entry, the model’s extrac-
tion mechanism became sharpened. It focused
on the "soft abdomen" and "erosion," and cor-
rectly predicted Acute Gastritis.

Ideally, pruning a lab result in Pertinent Results
should not affect symptom extraction from other
records. However, our case reveals a global atten-
tion dependency. The presence of the irrelevant
Lipase entity appears to trigger a distraction effect,
causing the model to allocate attention budget to
processing this decoy. This dilutes its processing
capability for other parts, resulting in a coarser,
’copy-paste’ extraction strategy for the subjective
complaints.

Once the decoy is removed, the model’s attention
map sharpens. It no longer over-extracts narrative
noise from other records and successfully locks
onto the definitive endoscopic evidence. This sug-
gests that redundancy in one record can induce hal-
lucinations or precision drops in globally distinct
records, a critical insight for long-context clinical
modeling.

C.2 The Fragility of Semantic Grounding

Table 10 demonstrates the instability of Gemini-2.5-
Flash when distinguishing between heart failure
subtypes.

* Clinical Context: The patient has heart failure
features (high proBNP, edema) but a preserved
ejection fraction (LVEF>55%), confirming a
diagnosis of HFpEF.

* Baseline Success: The model successfully ex-
tracts the critical LVEF>55% value and cor-
rectly classifies the condition as HFpEF.

* Modification Failure: When benign narrative
noise (e.g., "The patient was comfortable") is
injected into the Pertinent Results records, the
model fails to extract the LVEF value—the
single most important metric for this classifi-
cation. Instead, it over-interprets secondary
signs like "Moderate cardiomegaly" and er-
roneously infers a reduced ejection fraction
(HFrEF).

The semantic interpretation of a quantitative met-
ric like LVEF > 55% should be robust to adjacent,
clinically neutral narrative text. However, this fail-
ure case exposes a fragility in the model’s informa-
tion prioritization mechanism.

The injected noise acts as a semantic distractor,
it alters the local context window of the finding
section. We hypothesize that the model, when en-
countering this ’easier-to-process’ natural language
sentence, shifts its attention heads away from the
dense, numerical LVEF data.

Consequently, without the explicit LVEF anchor,
the model falls back on a heuristic association. This
fallback logic is statistically common but clinically
incorrect in this specific instance. This highlights
that robustness in clinical LLMs is not just about
resisting adversarial attacks, but about maintaining
robustness against noise.

D Related Works

LLMs like Med-PalLM 2 (Singhal et al., 2023) and
GPT-4 (Nori et al., 2023) have demonstrated expert-
level performance on medical QA tasks. Recently,
researchers have turned to adversarial mechanisms
to evaluate complex clinical reasoning capabilities,
involving the attentional stability (Wu et al., 2023;
Kitada and Iyatomi, 2021; Shen et al., 2023) and
the anti-interference capability(Chen et al., 2025b;
Zhang et al., 2025).

D.1 Attention Limitation

LLMs is expected to handle not only QA tasks with
short contexts but extensive patient histories effort-
lessly. However, "Lost in the Middle" (Liu et al.,



Baseline Input (w/ Redundancy) ‘

Pruned Input

_ 01:00PM BLOOD Lipase-23 < Irrelevant
Normal Lab
Endoscopy: Superficial erosion of the
antrum

[Line Removed]

Endoscopy:
antrum

Superficial erosion of the

Extracted Observations

Extracted Observations

- "Abdominal Pain"

- - "She feelike the LLQ is more sharp..."
- - "Slight nausea with food..."

- "Endoscopy: Superficial erosion”

- "Abdominal Pain"
- "ABDOMEN - Soft, obese..."
- "Endoscopy: Superficial erosion"

Diagnostic Prediction ‘

Diagnostic Prediction

X Gastric Ulcers
(Implies deep tissue defect)

(Matches superficial erosion)

Table 9: The result demonstrated the impact of micro-pruning. Removing irrelevant lab data (Lipase) shifts the
model’s attention from subjective complaints back to objective endoscopic evidence.

Baseline Input

Noise Injected Input (w/ Redundancy)

___ CXR: (LVEF>55%) .

IMPRESSION: Mild interstitial edema.

___ CXR:

(LVEF>55%) .

The patient was comfortable during
the imaging procedure.
IMPRESSION: Mild interstitial edema.

Extracted Observations

Extracted Observations

- "proBNP-7232%*"
- "Mild interstitial pulmonary edema"

- "The left atrium is moderately dilated"
- "LVEF>55%"

- "proBNP-7232%*"

- "Mild interstitial pulmonary edema"
- "Moderate cardiomegaly"

[Missed LVEF>55%]

Diagnostic Prediction ‘

Diagnostic Prediction

(Heart Failure w/ Preserved EF)

X HFrEF
(Heart Failure w/ Reduced EF)

Table 10: The result demonstrated the impact of noise injection. Injecting neutral sentences distracts the model
from the critical LVEF value, leading to a misclassification of Heart Failure subtype.

2024) indicates that models’ attention struggles
to prioritize information in long sequences. This
limitation is further substantiated by the LooGLE
benchmark (Li et al., 2024), which reveals that
current models fail to sustain complex reasoning
capabilities as the input context expands. Similarly,
Levy et al. (2024) found that LLMs often regard
task-irrelevant text as valid signals. These findings
are quantified by Hsieh et al. (2024), who demon-
strate empirically a large gap between the claimed
and the effective context length. Our finding in clin-
ical diagnosis also aligns with these insights. We
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adopt multiple LLMs and conduct evaluation after
semantic pruning. It can be seen that the perfor-
mance for both diagnosis and reasoning would be
improved after removing redundant informaition.

D.2 Anti-Interference Capability

Classic approaches generally utilize character-level
noise or synonym substitution (Jia and Liang, 2017)
to evaluate anti-interference capabilitie, but it is in-
sufficient for complex scenarios, such as clinical
diagnosis. For example, Zhu et al. (2023) pro-
posed a framework to test the robustness of LLMs



against prompt variations, but only limited the text
modification operations to simple character-level
noise like structural perturbations. Recently, Wang
et al. (2021) presents Adversarial GLUE, a new
multi-task benchmark to quantitatively evaluate the
vulnerabilities of LLMSs under various types of ad-
versarial attacks. A "human-craft" method is intro-
duced to generate more complex and challenging
noises. They demonstrated that the model’s anti-
interference capability is severely lacking when
confronted with complex noise. However, it is sig-
nificant to ensure the anti-interference of reasoning
process in medical domain. In this work, thus, we
propose a clinical noise injection strategy to simu-
late realistic clinician behaviors, aiming to explore
models’ reasoning robustness.
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