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Abstract

Clinical documentation is essential for patient
care, billing, and medical research, but it is
subject to entrenched bias. While manual chart
reviews can identify such bias, they are labor-
intensive and expert-dependent. We introduce
and evaluate StigMAD, a Multi-Agent Debate
framework leveraging open-source Large Lan-
guage Models (LLMs) to detect stigmatizing
language in clinical documentation. We in-
vestigate reasoning (multi-agent debate), self-
reflection, and self-consistency within this
framework. Experiments on clinical notes and
patient summaries demonstrate that our frame-
work provides significant advantages over rule-
based and supervised baselines. A domain-
specific LLM (MedGemma) achieved its high-
est performance using the StigMAD reason-
ing framework, while a general-purpose LLM
(Llama) showed superior results with the self-
consistency framework. These findings sug-
gest that open-source LLMs, steered by struc-
tured prompting and reflective reasoning, can
effectively support the auditing of stigmatizing
language, marking a critical step toward more
equitable clinical NLP systems.

1 Introduction

A wide variety of clinical documentation, includ-
ing history and physical examination notes, daily
progress notes, special consults, surgery or pro-
cedure reports, discharge summaries, and nurses’
notes, can contribute to narrating patient care.
Holistically, these narratives provide continuity of
care across diverse medical teams and support ac-
tivities such as billing and medical research (Rizvi
et al., 2016). They may be supplemented by other
free-text healthcare documentation such as inter-
view transcripts, patient-provider communication
logs, case reports, and survey responses, especially
in research or mental health settings (Park et al.,
2019). However, all of this documentation may
vary in tone, structure, and completeness, and bias

Figure 1: Methodological framework for bias detection.

can easily enter the process. For example, Black
patients are more than twice as likely as white
patients to have negative descriptors applied in
their notes, which can influence diagnosis, treat-
ment, and referral decisions (Sun et al., 2022).
Stigmatizing language and assumptions in docu-
mentation can affect downstream AI and human
decisions (Liu et al., 2023) and can produce dis-
parities in clinical, policy, and organizational out-
comes (Rozier et al., 2022). Bias can also lead
to inappropriate provider decision support, lower
reimbursements, and disparities in treatment rec-
ommendations, affecting clinical decision-making
and contributing to health disparities in patient care
(Obermeyer et al., 2019).

Bias in clinical documentation has traditionally
been uncovered through manual chart review, qual-
itative coding, and formal interviews. All of these
processes are time-consuming and expert-reliant,
making them difficult to scale. To address this,
researchers have started to harness artificial intel-
ligence to uncover patterns of bias in clinical doc-
umentation (Zhang et al., 2020), for example by
detecting stigmatizing language, classifying note
sentiment (Valentine et al., 2024), or predicting
bias-prone words. However, automatically detect-
ing implicit forms of bias in continually evolv-
ing healthcare settings is challenging. Approaches
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often rely on fixed labeled data and miss subtle,
context-dependent bias (Himmelstein et al., 2022).
Frameworks relying on lexicon-based detection of
these phenomena may have limited performance
without further expansion and more sophisticated
classification methods (Walker et al., 2025).

In this work, we introduce the STIGMAD
framework, which harnesses self-consistency, self-
reflection, and multi-agent debate to identify stig-
matizing language using open-source LLMs, hy-
pothesizing that the framework will enable models
to reason through ambiguity and more critically
analyze output. We illustrate its potential to un-
cover hidden stigmatizing language patterns and
offer an adaptive strategy for identifying and ana-
lyzing bias in clinical documentation. Our hope is
that the framework can be replicated for use with
other forms of bias in the future, and we lay the
groundwork for doing so in this work. Our core
contributions involve (1) evaluating how effectively
and confidently open-source LLMs can detect stig-
matizing language in clinical documentation using
the STIGMAD framework; (2) deriving how stig-
matizing language observed in clinical documenta-
tion propagates into clinical summary notes; and
(3) ablating individual components of the STIG-
MAD framework, including self-consistency, self-
reasoning, and self-reflection.

2 Literature Review

2.1 Bias in Clinical Documentation

Previously, Chen et al. (2024a) systematically re-
viewed AI-based bias mitigation and detection
strategies for electronic health records (EHRs),
identifying implicit bias, selection bias, algorith-
mic bias, and temporal bias. FitzGerald and Hurst
(2017) discussed the presence and impact of im-
plicit biases in healthcare professionals, perform-
ing a meta-analysis of findings from 42 studies
and establishing that healthcare professionals have
extensive implicit biases across numerous areas,
including race, ethnicity, and gender. Burton
et al. (2022)’s study of 401 patient safety reports
found unequal reporting by physicians’ gender
and race/ethnicity. They also regularly found sub-
themes such as “inappropriate communication,"
“verbal abuse," “ignoring or omission of proce-
dure," and “physical intimidation."

Wong and Jackson (2023) discussed positive
bias, negative bias, stigmatizing language, implicit
bias, explicit bias, gender bias, and racial bias, and

highlighted common healthcare domains in which
bias may arise. Similarly, Vela et al. highlighted
stigma, racial bias, explicit bias, implicit bias, and
gender discrimination in their study. We focus
on stigmatizing language specifically as our test
case, using the subset of MIMIC-IV clinical notes
annotated for “Stigmatizing Language" in Harri-
gian et al. (2023)’s study. Harrigian et al. (2023)
identified and classified three types of stigmatiz-
ing language in medical records: credibility and
obstinacy, compliance, and descriptors.

2.2 LLM-Mediated Bias Analyses
Several studies have examined the potential of
LLMs to aid in bias detection (Qiao et al., 2024;
Hayes, 2025; Eschrich and Sterman, 2024), by per-
forming zero-shot detection and categorization of
bias in emergency department and discharge notes
(Apakama et al., 2024). Xavier et al. (2026) evalu-
ated the performance accuracy of LLMs in detect-
ing stigmatizing language across diffent tempera-
ture settings and model size. We build on these
studies to explore the potential of open-source
general-domain (i.e., Llama3.3-70b-instruct
(Dubey et al., 2024)) and domain-specific (i.e.,
medgemma-27b-text-it (Sellergren et al., 2025))
LLMs to detect stigmatizing language in clinical
documentation. In more general domains, counter-
factual techniques (e.g., Counter-GAP (Xie et al.,
2023)) have emerged as strong performers in this
area by enabling precise measurement of model
biases through minimally altered, attribute-specific
text pairs. Approaches like FACTUAL (Li et al.,
2025) further leverage counterfactual augmenta-
tion to detect and effectively mitigate bias in LLMs,
particularly for stance detection tasks.

With respect to approaches leveraged in our
STIGMAD framework, Madaan et al. (2023) in-
troduced self-refine, which refines initial LLM
output through iterative feedback and refinement.
Similarly, Chen et al. (2024b) introduced self-
debugging, where the model identifies its mistakes
in the output it generates. Although several stud-
ies have revealed that self-reflection may deterio-
rate performance (Chen et al., 2024b; Huang et al.,
2024; Valmeekam et al., 2023), Xu et al. (2024)
found that LLM size can reduce bias in the self-
refinement pipeline. We use models with larger
parameter sizes to implement self-reflection in our
study. Finally, self-consistency (prompting the
LLM with the same prompt multiple times while
using a higher temperature value) has produced
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promising results in many domains (Ahmed and
Devanbu, 2023; Wang et al., 2023).

2.3 Agentic AI for Stigmatizing Language
Detection

Acharya et al. (2025) comprehensively studied the
use of agentic AI across many fields, including
healthcare, motivating our exploration of an agen-
tic AI framework for stigmatizing language detec-
tion. While Du et al. (2023) explored LLMs’ rea-
soning ability through a multi-agent debate (MAD)
framework, recent studies suggest that although
MAD improves reasoning, it can inadvertently re-
inforce societal biases. For example, Borah and
Mihalcea (2024) show that implicit gender biases
persist and often escalate during multi-agent LLM
interactions. Oh et al. (2026) correspondingly iden-
tified bias reinforcement as a key limitation of
MAD. These limitations may be attributed to a
lack of context and shared reasoning patterns (Bo-
rah and Mihalcea, 2024; Oh et al., 2026). Our
setup in STIGMAD addresses these limitations
fundamentally. By providing each agent with a
clearly defined debate paragraph, a quote high-
lighting the bias, and explicit information about
the stigmatizing language bias and its definition,
we reduce ambiguity and encourage deliberate, re-
flective reasoning. We hypothesize that this makes
bias reinforcement less likely in our setting, since
agents are tasked with detecting and debating bias
explicitly.

3 Dataset

3.1 Data Sources

We downloaded the PMC-Patients summary
dataset (Zhao et al., 2023) from HuggingFace and
also obtained access to the MIMIC-IV Dataset
(Johnson et al., 2024, 2023) of real-world clini-
cal documents.1 Accessing MIMIC-IV notes re-
quired credentialed access via PhysioNet (Gold-
berger et al., 2000) and acceptance of a Data Use
Agreement. All uses are within the scope of non-
commercial research, in accordance with their re-
spective licenses and access agreements. PMC-
Patients summary notes correspond to the 167,000
patient summaries from PMC-Patients including

1This study was reviewed by the Institutional Review
Board (IRB) at our institution and determined not to involve
human subjects as defined by the Department of Health &
Human Services (DHHS) and/or U.S. Food and Drug Admin-
istration (FDA) regulations.

patient visit, medical history, symptoms, treat-
ments, discharge summary, and intervention based
on case reports in PubMed Central (PMC). The
stigmatization subset of MIMIC-IV is a collection
of 4,710 de-identified free-text clinical notes for
4,259 patients and contains 5,043 annotations.

Notes in the MIMIC-IV stigmatization subset
had 1802.71±479.59 tokens on average, and sum-
maries in PMC-Patients had 288.58±113.28 to-
kens. Given the length disparity, we selected seven
MIMIC-IV notes and 50 PMC-Patients summaries
for further annotation of stigmatizing bias. These
document quantities provided us with equal num-
bers (n=71 each) of context length-limited chunks.
The design of our reasoning framework motivated
our focus on chunk-level analysis rather than full-
file analysis, and the inclusion of both MIMIC-IV
and PMC-Patients allowed us to validate the gener-
alizability of our framework.

3.2 Stigmatizing Language

Stigmatizing language has been defined in numer-
ous ways in prior work (Harrigian et al., 2023;
Himmelstein et al., 2022; Barcelona et al., 2024).
While some studies treat the terms “stigma,” “stig-
matizing language,” and “bias” interchangeably
(Barcelona et al., 2024), others emphasize that stig-
matizing language can serve as a mechanism for
transmitting bias (Himmelstein et al., 2022). Harri-
gian et al. (2023) positioned the detection of stig-
matizing language as a bias-related task in rela-
tion to other bias detection tasks in NLP, and we
adopted their definition in our work:

Stigmatizing Language: Any language
that portrays the patient in a negative
or judgmental way—by expressing doubt
about their credibility, implying they are
difficult, noncompliant, or deceptive, or
by using language that casts their be-
havior, attitude, or emotional state in a
negative light. This includes both overt
and subtle wording that reflects blame,
shame, or disrespect.2

In Prompt A.1, we also included definitions
of other bias types from existing literature along-
side stigmatizing language to reinforce that in real-
world scenarios, multiple biases may coexist.

2The final single definition is curated using class-based def-
initions from three stigma types for Stigmatizing Language.
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3.3 Annotation

For MIMIC-IV, we implemented the existing stig-
matizing language annotations developed by Har-
rigian et al. (2023). For PMC-patients summary
dataset, we developed annotation guidelines col-
laboratively with a licensed physical therapist who
had extensive experience writing and analyzing
clinical notes. Additional guidance was provided
by experts specializing in (1) fair and responsible
AI, and (2) the intersection of computer science
and healthcare. The physical therapist and three
computer science graduate students carried out the
annotations, following the guidelines provided in
§3.2 and Prompt A.1. The graduate students fol-
lowed the established rules to extend coverage and
ensure consistency across the dataset, while the
physical therapist oversaw the work to maintain
clinical accuracy. All annotators underwent a train-
ing session using real clinical notes (not included
in the final dataset) to practice annotations together
and ensure consistency. They separately annotated
every chunk (n=71) and held follow-up meetings to
discuss discrepancies and align their understanding.
The experts were also involved in these meetings
to ensure that clinical and methodological perspec-
tives were incorporated.

We calculated inter-annotator agreement for
PMC-Patients using Cohen’s cappa (Cohen, 1960)
and obtained k=0.70 which is a substantial agree-
ment (Landis and Koch, 1977). A clinician adju-
dicated the final label for cases of disagreement.
Stigmatizing language was found in n=28 chunks
and n=19 chunks from the MIMIC-IV and PMC-
Patients datasets, respectively.

4 Methodology

4.1 Baseline Framework

Given an input clinical document, our base frame-
work bias-identifier (see Prompt A.1) identi-
fies instances of stigmatizing language and uses
these as debate topics. We leverage two open-
source LLMs, Llama-3.3-70B-Instruct and
medgemma-27b-text-it, to generate the debate
topic using a multi-step process. We first ask the
LLM to identify stigmatizing language, based on
a relevant quote from the input. We set the LLM
temperature to 0.1 to encourage more deterministic
detection, maintaining logical consistency.

Since medical notes vary in size depending on
note-taking context, we chunk the note into 300-
token windows, with a sliding window chunk over-

lap of 10 tokens to preserve coherence across seg-
ments.3 Each chunked paragraph is fed to the
LLM to extract the bias (stigmatizing language)
itself and quotes. We conducted this process in
a zero-shot manner, experimenting with multiple
prompting strategies and styles to identify those
that performed best.

4.2 Self-Reflection Framework

Our self-reflection framework revisits previously
identified quotes and stigmatizing language from
clinical documents, along with the definition of
stigmatizing language. Its role is to re-evaluate
whether the quote within the context of the note
truly reflects the specified stigmatizing language.
The model provides a boolean output regarding
its decision, without providing any explanation.
Since justification and reasoning are already ad-
dressed elsewhere within the StigMAD framework,
the binary reflection provides complementary val-
idation of the correctness of the extracted quote
and the predicted stigmatizing language. We used
few-shot prompting to implement this framework.
The prompt contains few-shot examples of other
bias type from existing literature to reinforce real-
word scenarios (see Prompt A.2). This framework
is conceptually similar to stigma detection guided
prompt by (Chen et al., 2025). However, Chen et al.
(2025) rely on fixed set of predefined stigmatizing
keywords whereas self-reflection uses contextually
extracted quotes identified dynamically by bias
identifier.

4.3 Self-Consistency Framework

Our self-consistency framework is analogous to
bias-identifier, but we run this model eight times
while increasing the temperature to 0.5 to promote
response diversity. The added variability makes it
easier to identify consistent outputs through vot-
ing across runs. We consider only those outputs
for stigmatizing language that occur at least three
times out of eight runs for a given input chunk.
We keep this threshold low since the bias-identifier
also extracts quotes, and the exact quote boundary
may vary across different runs. The prompt used
to implement the self-consistency framework is the
same as that of bias-identifier.
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Figure 2: Proposed STIGMAD framework.

4.4 Reasoning Framework
The quotes for the stigmatizing language generated
by the bias-identifier are converted into a debate
topic as shown in Figure 2. The debate topic in-
cludes the input clinical document chunk, identi-
fied stigmatizing language, definition of stigma-
tizing language, quote that supports the identified
bias, and debate initiation process. Overall, STIG-
MAD comprises four types of agents:

Affirmative Agent. Can support or deny the de-
bate topic. It justifies its reflection on that topic,
arguing affirmatively in brief structured statements
(see Prompt A.4).

Negative Agent. Challenges or critiques the af-
firmative agent’s perspective, providing arguments
or support for its position (i.e., whether the stigma-
tizing language exists) (see Prompt A.5).

Moderator Agent. Oversees debate rounds and
analyzes responses from affirmative and negative
agents, determines whether consensus on bias clas-
sification has been reached, and summarizes rea-
sons supporting its final decision. It ensures consis-
tency across debates, reassesses contentious cases,
and validates that the consensus aligns with bias
definitions. The agent moderates the debate pro-
cess for two rounds. If consensus is reached at the
final round, its decision is the final decision (see
Prompt A.3).

Judge Agent. Triggered when no consensus is
reached after two moderation rounds. The judge
agent takes two roles. The reflecting judge (see
Prompt A.6) compiles upto five final arguments
from affirmative and negative agents’s results of
the final debate rounds conclude, by listing bias

3We observed hallucination and context drift when longer
passages were provided. The reasoning framework also bene-
fited from shorter, focused spans to directly interrogate.

classifications and reasoning without initial eval-
uation. The deciding judge (see Prompt A.7)
makes the ultimate decision regarding bias pres-
ence based on its initial reflection. This agent is fed
with debate topic information, and uses compiled
pointers as context to produce a single JSON de-
cision in the form {“Presence":“True/False",
“Reason":“"} which constrains output to one bi-
nary label and one justification.

4.5 External Baselines

For the stigma-annotated MIMIC-IV dataset, we
also compared to the rule-based baseline estab-
lished by Himmelstein et al. (2022) and the su-
pervised stigmatizing language detection model
created by Harrigian et al. (2023) as an external
point of comparison on the same data 4.

5 Evaluation

We evaluated our frameworks across PMC-Patients
and MIMIC-IV. Experiments were run using four
NVIDIA A100 80GB PCIe GPUs and runtime
for the full suite of experiments was approxi-
mately four days. Models were loaded in na-
tive precision float (bfloat16) across four A100
GPUs. Decoding used the temperature 0.1 for
bias-identifier and self-reflection frameworks, and
temperature 0.5 for self-consistency and reason-
ing. For bias-identifier and self-consistency frame-
work, max_length was set to 4096. Similarly,
max_new_tokens was set to 1 and 250 for self-
reflection and reasoning framework respectively.
In the following subsections, we discuss stigmatiz-
ing language across datasets and documents (§5.1),
the framework-level evaluation (§5.2), and compar-
ison to external baselines (§5.3). For brevity, we

4Code is available at https://github.com/
RajashreeDahal4/Stigmatizating_Language_
identification.
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a. PMC-Patients Summary Dataset.

b. MIMIC-IV Dataset.

Figure 3: Positional stigmatizing language distribution
across datasets. M=MedGemma, L=Llama, ref.=bias-
identifier+reflection framework, consis.=consistency
framework, reason.=bias-identifier+reasoning frame-
work, consis+ref.=consistency followed by reflection
framework.

refer to Llama-3.3-70B-Instruct as Llama and
medgemma-27b-text-it as MedGemma through-
out §5.1–§5.3.

5.1 Stigmatizing Language across Datasets
and Documents

We found that bias-identifier extracted 13 (Llama)
and 64 (MedGemma) debate topics from PMC-
Patients. It extracted 68 (Llama) and 178
(MedGemma) debate topics from MIMIC-IV.
When dividing each note into equal-length quar-
tiles, stigmatizing language was observed across
all quartiles for PMC-Patients (Figure 3), with
a slight elevation in the first quartile, whereas it
was heavily concentrated in the final quartile for
MIMIC-IV. MedGemma extracted more stigmatiz-
ing language across all quartiles for PMC-Patients,
and in the last quartile for MIMIC-IV notes. The
more frequent presence of stigmatizing language
near the end of MIMIC-IV notes suggests that it
may feature more prominently in evaluative lan-
guage, which is usually found towards the end of
healthcare provider notes. Except for reasoning,

stigmatizing language concentrations were consis-
tent regardless of which framework (see §4) was
implemented using a particular LLM.

5.2 Framework Performance
We compared stigmatizing language identified
by all proposed frameworks (bias-identifier, self-
consistency, self-reflection, and reasoning) across
both datasets using both models. We observed that
the self-reflection and reasoning frameworks penal-
ized documents or remained consistent with lower
stigmatizing language counts in most cases (see
Figure 3). Self-consistency-reflection did not show
a similar trend. This may due to the voting strat-
egy involved in making the final prediction. The
main effect of self-reflection and reasoning was to
prune spurious predictions when applied on top of
bias-identifier, reducing ambiguity in detected stig-
matizing language locations. Similarly, the number
of debate topics identified by bias-identifier and
self-consistency were comparable, perhaps due to
the LLM’s confidence at generating similar debate
topics across different runs. Adding self-reflection
to bias-identifier reduced this disparity by a small
margin, highlighting stigmatizing language more
across both datasets.

MedGemma and Llama exhibited differ-
ent trends across frameworks (see Table 1).
MedGemma’s reasoning framework outperformed
the baseline across both datasets, whereas Llama
demonstrated its lowest performance with the rea-
soning framework. This was interesting given
that MedGemma is less than 2.5 times the size
of Llama, and suggests that MedGemma’s pretrain-
ing data (including a diverse set of medical text)
may enable it to leverage the reasoning framework
to a much fuller extent in the structured clinical
setting than a larger model pretrained on general-
purpose data. Also, Llama’s reasoning drop might
be from sparse initial extractions (13 debate topics
vs MedGemma’s 64, where overpruning by de-
bate agents devastates recall). The self-consistency
framework in turn demonstrated superior perfor-
mance for Llama. Finally, we observed that while
reasoning and consistency-based prompts some-
times increased performance, the gains were not
consistent across datasets (see, e.g., Llama on
PMC-Patients).

From a qualitative perspective, some examples
of false positive quotes included “he did not com-
ply with during his admission," “homeless male
with long history of etoh and heroin abuse," and
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Table 1: Performance across models∗.

Model MIMIC(m) PMC(p)

Framework F1 A Framework F1 A

MedGemma m-bias-identifier 0.36 0.34 p-bias-identifier 0.54 0.66
MedGemma m-refl. 0.36 0.35 p-refl. 0.55 0.68
MedGemma m-reason. 0.39 0.42 p-reason. 0.59 0.80
MedGemma m-consis. 0.37 0.28 p-consis. 0.49 0.62
MedGemma m-consis+refl. 0.37 0.28 p-consis+refl. 0.51 0.65

Llama m-bias-identifier 0.34 0.73 p-bias-identifier 0.43 0.82
Llama m-refl. 0.34 0.73 p-refl. 0.43 0.82
Llama m-reason. 0.34 0.73 p-reason. 0.20 0.77
Llama m-consis. 0.51 0.73 p-consis. 0.43 0.82
Llama m-consis+refl. 0.51 0.73 p-consis+refl. 0.43 0.82

∗ F1= F1 score and A = accuracy. A total of 71 chunks were human-labeled, each treated as either stigmatizing or not.

“pt’s paranoia seemed to be based in reality as the
other resident in past had ‘picked on’ a gay resi-
dent." Some of these flagged examples are qualita-
tively ambiguous and may require closer examina-
tion in future work.

5.3 Comparison to External Baselines

We aligned Harrigian et al. (2023)’s fine-grained
work on the MIMIC-IV stigmatizing language
subset by mapping their “Exclude,” “Neu-
tral,” and “Positive” model predictions to non-
stigmatizing and the rest (“Disbelief,” “Diffi-
cult,” “Negative” ) to stigmatizing. We also fine-
tuned the emilyalsentzer/Bio_ClinicalBERT5

(Alsentzer et al., 2019) model on the binarized
MIMIC-IV stigmatizing language data (baseline-
stigma) using a 0.7/0.2/0.1 train-test-validation
split. The 7 MIMIC-IV evaluation notes were
part of test split. All reasoning frameworks outper-
formed these external alternatives (Figure 4) by a
wide margin across models and datasets, with the
exception of MedGemma with MIMIC-IV (M-m).
This exception might be due to the poor bias-
identifier score upon which the reasoning frame-
work is dependent. The bias-identifier framework
outperforms the alternatives in general though, jus-
tifying the additional computational cost of LLM-
based approaches for improved performance at
identifying stigmatizing language. While baseline-
stigma slightly outperformed L-bias-identifier, we
observed that L-consistency and L-consistency +
reflection outperformed by a wider margin (13.5%
improvement in precision). The baseline-stigma
method achieved a perfect recall (1.0) for stigma-

5We implemented Bio_ClinicalBERT because the original
work by Harrigian et al. (2023) implemented this model in
their work.

tizing language but low precision (0.37).

6 Discussion and Conclusion

Through the study of self-reflection, self-
consistency, and self-reasoning frameworks, our
work sheds light on the use of LLMs to detect
stigmatizing language across two popular clinical
datasets. We found that bias-identifier tended to
over-predict stigmatizing language with low preci-
sion. Self-reflection improved (or remained con-
stant) over this outcome, and self-consistency intro-
duced stability across multiple runs. MedGemma
generally had higher performance using the STIG-
MAD framework across both datasets, although
Llama achieved stronger performance using the
self-consistency framework specifically. Our anal-
ysis shows that self-reflection and self-consistency
can provide comparable results to more complex
self-reasoning frameworks. Self-reasoning out-
performs alternative frameworks when used with
MedGemma, although not when used with the
general-domain Llama. This might be because
Llama, as a general-purpose model lacks clinical
domain grounding to correctly adjudicate border-
line cases during debate.

We focused our investigation on building com-
prehensive understanding of the capacity of STIG-
MAD to recognize stigmatizing language in clini-
cal settings. The self-consistency framework itself
validates performance stability, through its inherent
aggregation of multiple sampled outputs (repeated
runs) of bias-identifier. While STIGMAD incurs
higher computational cost compared to simpler ap-
proaches (e.g., baseline-stigma), our study reveals
what appears to be a clear performance tradeoff.
For those wishing to study stigmatizing language
in their own clinical environments as a downstream
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Figure 4: We compare precision scores of the rule-based method (rule) proposed by Himmelstein et al. (2022) and
the baseline stigma detection method (baseline-stigma) from Harrigian et al. (2023) on the MIMIC-IV dataset,
alongside our proposed frameworks evaluated on both MIMIC-IV and PMC using two LLMs. Here, reason.
denotes reasoning, refl. denotes self-reflection, consis. denotes consistency, p refers to PMC, m refers to
MIMIC-IV, L denotes Llama, and M denotes MedGemma.

application, we recommend weighing the relative
performance advantages of STIGMAD against the
available computational infrastructure and/or asso-
ciated costs to build such an infrastructure.

Applying reasoning frameworks to stigmatiz-
ing language detection in clinical documents is an
emerging topic; thus, a large part of the innovation
for the work reported here lies in the task formula-
tion and the discovery of domain-specific debate
protocols. The resulting performance advantages
compared to internal and external baselines high-
lights the strength of the implementation. Overall,
our results confirm that open-source LLMs, steered
by structured prompting and agent roles through
STIGMAD, are well-positioned as a tool to detect
stigmatizing language in clinical text. Our hope
is that this work acts as a stepping stone to the
development of responsible clinical NLP systems
for stigmatizing language detection, as well as for
other forms of bias detection and auditing.

Limitations

We aim to scale this research to larger, more hetero-
geneous clinical datasets to evaluate performance
across more diverse clinical settings. We will also
experiment with smaller, resource-light models for
self-consistency and self-reflection to allow for
faster and more scalable clinical deployment.

Our research was carried out on 57 patient files
from MIMIC-IV (n=7) and PMC-Patients (n=50),
which may not be representative of the overall
datasets. We also acknowledge that annotating
stigmatizing language requires interpreting tone
and writer intent from text alone, which naturally

opens the door to ambiguity. To mitigate the po-
tential for this, annotators were trained to closely
follow stigmatizing language definitions grounded
in contemporary literature. Moreover, our anno-
tation process was guided by experts in both the
clinical and computational domains.

While individual outputs from LLMs are inher-
ently non-deterministic, our framework improves
internal consistency by structuring the genera-
tive process, supporting reproducible evaluation
pipelines. Temperature values were set according
to the conventions of their respective frameworks
with low temperature for deterministic single-pass
extraction and moderate temperature for diversity-
dependent voting. Here, a formal sensitivity anal-
ysis across temperature remains an important di-
rection for future work. The future work should
also include sensitivity analysis over the self-
consistency voting threshold and number of rounds
for debate, which were set based on computational
constraint and task-specific reasoning rather than
formal hyperparameter search.

Finally, analyzing the influence of de-
identification on stigmatizing language annotation
and automated identification is beyond the scope
of our research; however, it presents an intriguing
avenue for future work. Likewise, broadening
the analysis to include HIPAA-compliant closed-
source models (e.g., ChatGPT for Healthcare) was
infeasible for the current study due to cost and
access constraints, but would present a valuable
next step for external validation.
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Ethical Considerations

This study was reviewed by the Institutional Re-
view Board at the University of Illinois Chicago
and determined not to be human subjects research
according to Department of Health & Human Ser-
vices (DHHS) or US Food and Drug Administra-
tion (FDA) regulations. While no direct patient
interaction was involved, this research touches on
ethically sensitive areas, including bias in health-
care. Our research includes a publicly available,
de-identified clinical dataset (MIMIC-IV notes)
and the PMC-Patients Summary dataset. While
our goal is to identify bias in clinical notes, our
findings are intended for academic analysis and
model improvement, not direct clinical use. We
have used open-source LLMs in our local machine
to maintain privacy. However, we acknowledge
the limitations of such models in reliably detecting
nuanced or systemic bias, and emphasize that auto-
mated outputs should not replace human judgment
in clinical settings.
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A Prompt Templates

Prompt A.1: Extracting Bias Type and Quote for Debate
Topic
You are tasked with identifying if any of the following types
of bias are present in the given medical note. If so, name
the bias type and provide the quote that highlights the bias
type in the given medical note. The definitions for bias type
are:

{other bias type definitions. . . }

Stigmatizing Language – Stigmatizing language is any
language in clinical documentation that portrays the patient
in a negative or judgmental way—by expressing doubt about
their credibility, implying they are difficult, noncompliant,
or deceptive, or by using language that casts their behavior,
attitude, or emotional state in a negative light. This includes
both overt and subtle wording that reflects blame, shame, or
disrespect. Example: “claims to see a therapist".
Note: You are supposed to answer the bias and the cor-
responding quote which highlights the bias in the form:
[{"bias_type":"", "quote":""},{"bias_type":"",
"quote":""}]. Please write as many bias type as you can.
Note: Your output should explicitly be in the above
mentioned format and do not give any other justifica-
tion. If no bias is found, just answer [{"bias_type":"",
"quote":""]}. Do not repeat the same bias type with the
same quote. Make sure your answer starts with only one "["
and ends with only one "]". You can add as many unique
bias types and quote pairs within the brackets in the given
format.
Medical Note:
##medical_note##
Answer:

Prompt A.2: Prompt used for self-reflection framework
You are a medical language model trained to identify bias
in clinical notes. You previously predicted bias type in the
input paragraph and the corresponding quote that highlights
the bias. Now reflect on that decision. Based on the defini-
tion for bias type and input paragraph, was your prediction
for bias type correct? Use the information to determine
whether the quote, as it appears in the paragraph, matches
the bias_type. You are supposed to answer a single digit 1 if
there exists bias mentioned above, else answer single digit
0. Your answer should explicitly be a single digit 1 or 0. Do
not explain or justify your answer.
###Note####: Ensure that you do not give any justification
and reasoning for your answer.
###Example1:
**quote**: "The patient is non-compliant with their medi-
cation regimen."
**Paragraph**: "Despite multiple counseling sessions, the
patient is non-compliant with their medication regimen and
shows little interest in improving their condition."
**bias type**: Explicit Bias
** The definition of Explicit Bias is **: Explicit forms
of bias include preferences, beliefs, and attitudes of which
people are generally consciously aware, endorsed, and can
be identified and communicated (e.g., labeling a patient as
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’non-compliant’ or ’irresponsible’).)
Answer: 1
### Example2:
**quote**: “feeling tired during the day."
**Paragraph**: “The patient reports feeling tired during
the day but denies any issues with sleep or recent lifestyle
changes. Vitals are within normal range."
**bias type**: Explicit Bias
** The definition of Explicit Bias is **: Overtly negative or
judgmental language used in a medical note (e.g., labeling
a patient as ’non-compliant’ or ’irresponsible’)
Answer: 0
### Question:
**quote**: ##quote##
**Paragraph**: ##paragraph##
**bias type**: Stigmatizing Language
** The definition of Stigmatizing Language is **:
##definition##.
Answer:

Prompt A.3: Prompt for Moderator
You are a moderator overseeing a multi-agent debate involv-
ing medical bias detection. Two expert agents will analyze
the same medical note and debate whether the given bias
type is present, and if so, which type and why. After each
round, you must assess both perspectives and decide if a
consensus is reached.

Prompt A.4: Prompt for Affirmative Agent
The debate topic is ##debate_topic##
It was previously predicted that the given bias type in the
input paragraph and the corresponding quote highlights the
bias. Now reflect on that decision with your reasoning.
Based on the definition for bias type and input paragraph,
was the prediction for bias type correct? Please provide your
single reasoning in less than 3 sentences. Your reasoning
should be focused on the mentioned bias type. Do not
introduce new type of bias. You are not supposed to ask any
questions.

Prompt A.5: Prompt for Negative Agent
##aff_ans##
You are supposed to disagree with my answer. Please pro-
vide your single reasoning in less than 3 sentences. Your
reasoning should be focused on the mentioned bias type.
Do not introduce new type of bias. You are not supposed to
ask any questions.

Prompt A.6: Prompt for Judge Reflection
Affirmative side’s answer: ##aff_ans##
Negative side’s answer: ##neg_ans##
Write down key pointers addressed by different experts that
could be crucial to reflect on before making judgement. You
are not supposed to introduce your personal pointers. Try to
limit the pointers to as low as 5 sentences.

Prompt A.7: Prompt for Judge Decision
Now, based on the debate topic:
##debate_topic## Provide only one reasoning and
the final decision on whether the given bias exists,
and explanation. Respond strictly in JSON format:
{"Presence":"True/False","Reason": ""}. You
should provide the result in a single JSON form. Do not
give more than one json answer. Your response should be
explicitly in the given json format where json key and values
are double quoted. You are not allowed to give any more
clarification apart from the single json form.

501


