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Abstract—Medical large language models are often judged by
how many clinical questions they answer correctly. That view
is useful, but it misses a practical risk. A model may know the
right answer and still change its response when the same case is
written in a different patient voice. This paper evaluates that risk
as SDoH aware narrative anchoring bias. We use NarrativeShield
SDoH MedQA, a counterfactual medical question answering
dataset in which each case appears in persona based narratives
while the answer key remains fixed. The dataset is reshaped
from wide format into case grouped persona rows. We evaluate
three open source instruction tuned LLMs from the Qwen2.5
family: 1.5B, 3B, and 7B. The final experiment uses 300 clinical
cases and produces 8,100 model responses across three prompting
conditions. We report persona level accuracy, counterfactual
consistency, correct consistency, and narrative sensitivity error.
Qwen2.5 7B achieves the best accuracy at 56.33 percent and
the best correct consistency at 40.33 percent. Paired McNemar
exact tests show significant accuracy gains for 7B over 3B in all
prompt settings. Even so, narrative sensitivity remains, with the
lowest error still at 31.67 percent. These results suggest that
trustworthy clinical decision support should be evaluated by
both average correctness and stability across medically equivalent
patient narratives.

Index Terms—medical large language models, social deter-
minants of health, narrative anchoring bias, clinical decision
support, trustworthy Al, counterfactual evaluation

I. INTRODUCTION

Medical large language models have made rapid progress
on clinical question answering. MultiMedQA and Med PaL.M
showed that instruction tuned models can answer professional
medical questions at a level that earlier general language
models did not reach [1]. Still, a clinical support system has
to do more than pass exam style questions. The system should
act the same way when the clinical facts are identical. It
also needs to consider patient context, but not let factors like
voice, stress, or social situation distract from the evidence.
Recent studies on clinical LLM limitations highlight this issue.
Static benchmarks cannot measure every skill needed for safe
decision support [2].

One question that has not been explored as much is whether
a model gives the same answer when the same case is
described in different ways by patients. In reality, patients
rarely use a standard format. Some might use medical terms
to describe their symptoms, while others may sound unsure.
Another patient might talk about money problems or delays in
getting care. These details can show things like social factors,
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health knowledge, barriers to access, or a lack of trust in the
healthcare system. Some context can be clinically meaningful.
The concern in this paper is different. We ask whether the
model changes its answer when the clinical facts and gold
label are unchanged.

We call this failure mode SDoH aware narrative anchoring
bias. In this setting, anchoring means the model seems to
focus on how a patient speaks or the social context, instead
of the medical evidence that should guide its answer. This is
important because average accuracy can cover up problems. A
model might get many persona-level questions right, but still
give different answers to similar cases.

This study evaluates that issue using NarrativeShield SDoH
MedQA [17]. The dataset provides persona based variants
for medical questions. Unlike prior work that often studies
demographic attributes or broad sociodemographic labels, this
study focuses on narrative form itself. The central question is
whether a model changes its answer when the same clinical
case is expressed through different patient voices while the
answer key remains unchanged. We evaluate three open source
instruction tuned models with matched sampling and deter-
ministic decoding. The goal is not to introduce a new clinical
model. Rather, the goal is to test whether answer accuracy and
narrative robustness tell the same story.

The study makes four main contributions. First, it oper-
ationalizes SDoH aware narrative anchoring bias as a case
grouped counterfactual evaluation problem. It then compares
model scale using the same 300 clinical cases across three
Qwen2.5 model sizes. It reports case grouped consistency
metrics that separate stable correct behavior from unstable
responses. Finally, it adds bootstrap confidence intervals and
paired McNemar exact tests so that the analysis does not rely
only on point estimates.

II. RELATED WORK
A. Medical Question Answering and Clinical LLMs

Medical question answering benchmarks are widely used
to measure clinical knowledge in language models. MedQA
introduced medical exam questions as a challenging open do-
main QA task [3]. MedMCQA expanded this line of work with
more than 194,000 multiple choice questions from medical
entrance examinations [4]. PubMedQA focused on biomedical
research questions built from PubMed abstracts [5].
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Large language models have improved results on these
benchmarks. MultiMedQA brought together several medical
QA tasks and included consumer health questions using
HealthSearchQA [1]. The study found clear benefits from scal-
ing and instruction tuning. It also highlighted the importance
of alignment, safety review, and domain-specific evaluation.
More recent clinical work has made a similar argument. High
benchmark scores do not guarantee careful reasoning when a
model faces changes in context, uncertainty, or presentation
[2]. A systematic review in JAMA also noted that current
healthcare LLM evaluations may not fully identify where
these systems are most useful or safest [15]. Recent safety
effectiveness benchmarking reaches a related conclusion. The
CSEDB framework uses clinician consensus metrics and open
ended clinical scenarios to examine practical utility beyond
medical exam performance [16].

B. Clinical Language Modeling

Biomedical and clinical NLP research has long shown that
domain adaptation can improve medical text understanding.
BioBERT improved biomedical named entity recognition,
relation extraction, and biomedical question answering after
pretraining on biomedical corpora [6]. GatorTron later scaled
clinical language modeling with large biomedical and clinical
corpora and improved several clinical NLP tasks [7]. These
models show the value of medical text exposure. They do
not, by themselves, answer whether a clinical answer remains
stable across socially varied patient narratives.

C. SDoH and Bias in Healthcare Al

Social determinants of health are often described in free text.
Recent work has shown that LLMs can extract SDoH factors
from clinical notes across institutions, although performance
can vary by setting [8]. Guevara and colleagues also showed
that LLM based extraction can recover adverse social factors
from electronic health records [9]. This literature treats SDoH
as information that may be useful for care. Our study instead
examines a related risk. SDoH grounded narrative cues may
also become a source of instability if the model overreacts to
patient voice.

Bias studies in medical Al support this concern. Omiye
and colleagues showed that LLMs can reproduce race based
medical misconceptions [10]. Omar and colleagues found that
sociodemographic changes can alter LLM medical decisions
even when the clinical case remains otherwise matched [11].
Broader fairness work also warns that biased behavior can
enter clinical Al systems at many points in the workflow [12]-
[14]. Prior work therefore gives strong evidence that medical
LLMs can be sensitive to demographic and social cues. In
our study, we focus on a specific question. It asks whether
narrative form alone can change answers when the clinical
facts and gold label are fixed. This matters because the way a
narrative is presented can vary, even if no demographic details
are changed. For example, a patient might come across as
more formal, uncertain, distressed, or socially limited, but the
clinical answer does not change. We see this as a problem of

stability across cases, not just about accuracy at the persona
level.

III. DATASET AND STUDY DESIGN

This study uses NarrativeShield SDoH MedQA from Hug-
ging Face [17]. The dataset contains medical multiple choice
cases with answer options, a correct answer index, meta-
data, and persona based narrative variants. The relevant per-
sona columns are persona_alpha, persona_beta, and
persona_gamma. Each variant keeps the same answer key
while changing the style in which the case is presented.

The dataset is provided in wide format. One row contains
the original case and its persona columns. For evaluation,
we reshape it into long format. Each question_id is
expanded into one row per persona. The resulting row stores
the case identifier, persona label, narrative text, options, gold
answer, and metadata. This layout makes the counterfactual
comparison direct because the three rows from the same case
can be grouped after inference.

The persona fields are used conservatively in this study. Al-
pha is used as the main case narrative, while beta and gamma
represent alternative patient voices from the dataset. We do
not give these labels any specific demographic identities. The
evaluation assumes that the clinical answer stays the same
for all matched variants. Because the dataset provides a fixed
answer key across matched persona variants, we treated the
variants as counterfactual forms of the same case. We did
not perform an additional physician adjudication of clinical
equivalence, which is addressed as a limitation.

For the final experiment, we use 300 unique cases sampled
with seed 42. For every sampled case, all persona variants
are retained. The sample therefore contains 900 persona level
rows. Each model is evaluated under the same prompt settings,
which gives 2,700 responses per model. Across all three mod-
els, the final analysis uses 8,100 responses. Fig. 1 summarizes
the full pipeline.

IV. METHODOLOGY
A. Prompting Conditions

We use zero shot, few shot, and bias aware prompting.
Table I gives the core instruction used in each setting. The
full prompt also includes the clinical question, answer choices,
and a request for a single option letter. The few shot setting
adds two solved examples before the target case.

This prompt comparison is intentionally simple. The pur-
pose is to test whether a lightweight instruction can reduce
narrative anchoring. It is not meant to be a full fairness

TABLE I: Core Prompt Instructions

Prompt Core instruction

Zero shot Choose the best option and return one letter with a
brief explanation.

Few shot Use two solved medical examples before answering
the target case.

Bias aware  Focus on clinical evidence. Ignore writing style or

patient background unless clinically relevant.
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Fig. 1: Counterfactual evaluation pipeline for SDoH aware narrative anchoring bias. The same clinical case is evaluated across persona
variants, prompt settings, and model scales. The final analysis separates answer accuracy from case level narrative robustness.

intervention. We keep the prompts brief to focus on how the
model responds to different patient narratives, rather than on
complex prompt design.

B. Model Selection

This study looks at Qwen2.5 1.5B Instruct, Qwen2.5 3B
Instruct, and Qwen2.5 7B Instruct [18]. These are open
source, instruction-tuned language models with smaller to mid-
sized parameter counts compared to leading clinical systems.
We chose them so the experiment could be repeated using
typical academic computing resources and without needing
paid clinical APIs. Using models from the same family allows
us to compare their performance at different scales while
keeping the dataset, decoding setup, and prompt design the
same. The purpose of this selection was not to provide a
broad leaderboard across medical LLMs, but to test whether
narrative variation affects answers under a controlled within
family scaling setup. Instead, it checks if narrative robustness
can be measured in a reproducible way and whether increasing
the model size from 1.5B to 7B improves both accuracy and
counterfactual robustness.

C. Evaluation Metrics

Let M denote the number of unique clinical cases and K
denote the number of persona variants per case. In this study,
K = 3. Let y; be the gold answer for case ¢ and §; ; be the
model prediction for persona variant j of case 1.

1 M K
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Counterfactual consistency measures whether all persona
variants of a case receive the same predicted answer.

M
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Correct consistency is stricter. It requires every persona
variant of a case to be answered correctly.

TABLE II: Experimental Configuration

Setting Value

300 clinical cases
3 per case
8,100

Sample size
Persona variants
Total responses

Models Qwen2.5 1.5B, 3B, and 7B Instruct
Prompt settings Zero shot, few shot, bias aware

Decoding Deterministic with do_sample=False
Max new tokens 120

Quantization 4 bit loading with bitsandbytes

Hardware Google Colab Pro with NVIDIA L4 GPU

Counted as incorrect
Bootstrap CI and McNemar exact test

Invalid outputs
Statistical tests

M
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Narrative sensitivity error measures cases where at least one
persona is correct while another equivalent persona is wrong.
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V. EXPERIMENTAL SETUP

Table II summarizes the experimental configuration. Be-
cause all models use the same sampled cases, comparisons
are paired at the level of case identifier, persona, and prompt
setting.

We used deterministic decoding to reduce sampling noise.
Each response was parsed into one answer letter. If no valid
option could be extracted, the output was treated as invalid
and counted as incorrect. Invalid outputs were rare. Qwen2.5
1.5B produced 10 invalid responses out of 2,700 outputs.
Qwen2.5 3B produced 22 invalid responses, and Qwen2.5 7B
produced 6 invalid responses. All invalid outputs were counted
as incorrect.



We report bootstrap 95 percent confidence intervals with
2,000 resamples. McNemar exact tests are used for paired ac-
curacy comparisons. This test is appropriate here because each
model sees the same case, persona, and prompt combination.

VI. RESULTS
A. Main Performance Results

Table III reports the final 300 case results. Accuracy im-
proves with scale across all prompt settings. Under zero shot
prompting, accuracy rises from 38.44 percent for Qwen2.5
1.5B to 48.78 percent for Qwen2.5 3B and 56.33 percent for
Qwen2.5 7B. The same pattern appears under few shot and
bias aware prompting. The 7B model also gives the highest
correct consistency, reaching 40.33 percent under zero shot
and bias aware prompting.

The main pattern changes once the 7B model is included.
Scaling from 1.5B to 3B mainly improves accuracy, while the
robustness gains are smaller and uneven. Scaling to 7B im-
proves both accuracy and case level stability. Its best accuracy
is 56.33 percent, and its counterfactual consistency reaches
57.67 percent under bias aware prompting. In practical terms,
larger instruction tuned models reduce narrative instability,
although they do not remove it.

The absolute accuracy values remain moderate even for
7B. For this reason, the models should not be interpreted
as clinically ready systems. The accuracy likely reflects the
difficulty of the medical question answering task, the compact
to mid sized nature of the models, and the absence of medical
domain specialization. The value of the experiment is the
controlled comparison between accuracy and robustness, not
validation for clinical use.

Fig. 2 makes the scale effect visible. Accuracy goes up
steadily from 1.5B to 7B for all prompts. Counterfactual
consistency also gets better at 7B, but the way prompts change
is not exactly the same. Because of this, average correctness
and case-level stability should still be reported separately.

B. Narrative Sensitivity

Fig. 3 reports narrative sensitivity error. Lower values
indicate fewer cases where one persona variant is correct and
another equivalent variant is wrong. The 7B model has the
lowest NSE in every prompt setting, reaching 31.67 percent
with the bias aware prompt. Even so, nearly one third of case
groups remain narrative sensitive under the best setting.

This result is important because narrative sensitivity is a
case level failure mode. It appears when the model has enough
information to answer at least one version correctly, but does
not preserve that answer across the other versions. In clinical
decision support, this pattern is troubling because it suggests
that the response may depend on how the patient expresses
the case.

C. Case Level Error Decomposition

Table IV summarizes the case-level error decomposition.
To understand the consistency results, we break each case into
four outcome types. Stable correct means every persona variant

gets the right answer. Stable wrong means all variants get the
same wrong answer. Narrative sensitive means at least one
variant is correct and at least one is wrong. Unstable wrong
means the model gives different answers across variants, but
none are correct. This breakdown helps us tell apart missing
medical knowledge from instability caused by the narrative.

The breakdown explains why consistency in correct answers
is still low. The 7B model raises the stable correct rate to
about 40 percent, while the 3B model stays below 30 percent.
However, cases that depend on the narrative are still common.
So, even though the stronger model finds the right answer
more often, it still struggles to keep that answer across all
similar cases.

D. Persona Level Accuracy

Persona-level accuracy provides a descriptive view of where
answer shifts occur. Across models, accuracy varied across
alpha, beta, and gamma narratives, which supports the need
for grouped case analysis rather than relying only on aggregate
accuracy. Since persona-level differences were not the primary
evaluation target, we report them as descriptive evidence only
and focus the main analysis on case-level consistency, correct
consistency, and narrative sensitivity error.

E. Statistical Analysis

McNemar exact tests confirm that larger Qwen2.5 models
improve accuracy. Table V reports paired tests for 1.5B versus
3B and 3B versus 7B. The 7B model is significantly more
accurate than 3B in all prompt settings.

By comparison, bias aware prompting does not significantly
improve accuracy over zero shot prompting. Table VI reports
the paired prompt comparison. The results show that telling
the model to ignore irrelevant narrative cues does not reliably
improve its accuracy.

The bootstrap intervals confirm this finding. The 7B model
has higher accuracy intervals than the smaller models in all
prompt settings. Its counterfactual consistency intervals also
increase, but narrative sensitivity remains. This suggests that
scaling improves performance, but it does not fully solve the
robustness problem.

VII. DISCUSSION

The main finding is straightforward. Scaling from 1.5B
to 7B improves clinical answer accuracy and case level
robustness. Qwen2.5 7B also improves correct consistency,
which rises to 40.33 percent under zero shot and bias aware
prompting. Even so, most cases are not stable correct across
all three persona variants.

The prompt results are also mixed. Bias aware prompting
slightly improves accuracy for Qwen2.5 1.5B and performs
close to zero shot for Qwen2.5 3B and 7B. It does not signifi-
cantly outperform zero shot in paired tests. More importantly,
it does not remove narrative sensitivity error. This suggests
that a short instruction to ignore irrelevant narrative cues is
not enough for dependable clinical behavior.

From a clinical decision support perspective, the important
issue is the split between correctness and stability. A model



TABLE III: Main Results on 300 Clinical Cases

Model Prompt Accuracy  Accuracy 95% CI CcC CC 95% CI  Correct CC NSE
Qwen2.5 1.5B  Bias aware 39.89 36.78 to 43.22  39.00  33.67 to 44.67 17.33  43.00
Qwen2.5 1.5B  Few shot 38.67 35.67 to 41.89  38.67  33.00 to 44.33 18.00  42.33
Qwen2.5 1.5B  Zero shot 38.44 3533 to 41.67 47.00 41.00 to 52.67 19.67  36.67
Qwen2.5 3B Bias aware 48.56 4544 to 51.89  46.67 41.00 to 52.33 28.00 39.67
Qwen2.5 3B Few shot 42.67 39.44 t0 45.89  39.00 33.67 to 44.33 22.67 40.33
Qwen2.5 3B Zero shot 48.78 4544 to 52.11 45.33  39.33 to 51.00 2733 4233
Qwen2.5 7B Bias aware 56.22 52.89 to 59.56  57.67  52.00 to 63.00 40.33  31.67
Qwen2.5 7B Few shot 55.78 52.56 t0 59.22  55.67 50.00 to 61.33 39.00 33.67
Qwen2.5 7B Zero shot 56.33 53.11 to 59.44  57.33  51.67 to 62.67 40.33  32.00

Values are percentages. CC denotes counterfactual consistency. Correct CC requires all persona variants from the same case to be answered correctly. NSE
denotes narrative sensitivity error.
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Fig. 2: Accuracy and counterfactual consistency across Qwen2.5 model scales under zero shot, few shot, and bias aware prompting.
Performance generally improves with model scale, with the largest gains appearing at 7B.

TABLE IV: Case Level Outcome Decomposition

50
= 1.58 Model Prompt Stable Correct ~ Stable Wrong  Narrative Sensitive ~ Unstable Wrong
Qwen2.5 1.5B  Bias aware 17.33 21.67 43.00 18.00
Qwen2.5 1.5B Few shot 18.00 20.67 42.33 19.00
40 A Qwen2.5 1.5B  Zero shot 19.67 27.33 36.67 16.33
Qwen2.5 3B Bias aware 28.00 18.67 39.67 13.67
Qwen2.5 3B Few shot 22.67 16.33 40.33 20.67
Qwen2.5 3B Zero shot 27.33 18.00 42.33 12.33
30 4 Qwen2.5 7B Bias aware 40.33 17.33 31.67 10.67
;\3 Qwen2.5 7B Few shot 39.00 16.67 33.67 10.67
~ Qwen2.5 7B Zero shot 40.33 17.00 32.00 10.67
w
2 20 Values are percentages of 300 cases for each model and prompt setting.
TABLE V: Paired McNemar Tests for Model Scale
10 Comparison ~ Prompt A correct B wrong A wrong B correct p value
1.5B vs 3B Bias aware 124 202 0.000018
1.5B vs 3B Few shot 134 170 0.044531
1.5B vs 3B Zero shot 113 206 < 0.000001
0- 3B vs 7B Bias aware 107 176 0.000049
Zero shot Few shot Bias aware 3B vs 7B Few shot 90 208 < 0.000001
3B vs 7B Zero shot 106 174 0.000058

Fig. 3: Narrative sensitivity error across models and prompt settings.
Lower values indicate fewer cases where matched narratives lead to
mixed correct and incorrect answers.

A and B denote the first and second model in the comparison. Counts are
discordant paired outcomes on the same question, persona, and prompt
setting.

that is more accurate on average may still respond differently

) - k s - a real care setting, this could affect triage advice, diagnostic
when the same case is written in another patient voice. In

suggestions, or follow up guidance. For that reason, narrative



TABLE VI: Prompt Comparison: Zero Shot Versus Bias Aware

Model Paired comparison p value
Qwen2.5 1.5B  Zero shot vs. bias aware  0.245891
Qwen2.5 3B Zero shot vs. bias aware  0.880396
Qwen2.5 7B Zero shot vs. bias aware  1.000000

McNemar exact tests compare paired correctness on the same case and
persona rows.

robustness should be treated as a core evaluation target rather
than a secondary check.

The equity concern is also central. SDoH cues can be clini-
cally relevant when they affect risk, access, or care feasibility.
The aim is not to take social context out of medical reasoning.
Instead, we want to see if the model reacts too strongly to how
a case is written when the clinical facts and answers stay the
same. This difference matters for fair medical LLM evaluation.

The results also have an impact on how benchmarks are
designed. Medical LLM reports should show both average
accuracy and case-grouped robustness metrics, since the same
overall score can hide very different levels of stability across
patient narratives.

VIII. LIMITATIONS AND REPRODUCIBILITY

This study has some limitations. The experiment uses mul-
tiple choice questions instead of open-ended clinical support.
This approach makes the evaluation easier to repeat, but it
does not capture the full process of diagnostic reasoning
or treatment planning. The dataset also relies on controlled
persona variants. While these help isolate the patient’s voice,
real clinical conversations are often more complex and may in-
clude missing information, mixed languages, or several rounds
of clarification. A key limitation is that clinical equivalence
across persona variants was taken from the dataset struc-
ture and fixed answer key rather than independently verified
by physicians. Future work will include clinician review of
matched variants to confirm that no clinically meaningful
information changes across narratives.

The model set is limited to three Qwen2.5 instruction tuned
models. This supports a controlled within-family scale com-
parison and helps isolate whether narrative variation affects
answers as model size changes. However, the findings should
not be generalized to all general-purpose or medical-domain
LLMs. Future work will apply the same evaluation protocol to
larger open models, proprietary systems where allowed, and
clinically tuned models. The bias aware prompt is also simple
by design. Stronger mitigation may require model training,
calibration, retrieval safeguards, or clinician guided review.
The absolute accuracy values are low, so the models should
be treated as research systems rather than clinically usable
systems.

The evaluation was set up to be reproducible. The dataset
is public, the sampled identifiers use seed 42, and the models
are available on Hugging Face. The code saves the parsed
answer, gold answer, persona label, prompt condition, and case
identifier for each row. This setup makes it possible to trace

narrative-sensitive cases back to their matched variants, rather
than relying only on overall scores.

IX. CONCLUSION

This paper evaluated SDoH aware narrative anchoring bias
in compact to mid sized LLMs using a counterfactual medical
question answering setup. Out of 300 clinical cases and 8,100
model responses, Qwen2.5 7B was more accurate and robust
than Qwen2.5 3B. However, even the stronger model was
still affected by changes in how patient stories were told.
Using bias-aware prompts did not make the models more
accurate compared to zero-shot prompts. These results suggest
that reliable clinical decision support needs more than just
measuring average accuracy. Reports should also show if
answers stay consistent when similar cases are described in
different ways. Future research should apply this method to
stronger open models, medical-specific models, patient stories
in different languages, open-ended clinical reasoning, and
safety reviews by clinicians.
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