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Abstract

With the rise of feminism, women report experiencing doubt or discrimination in medical settings. This study aims to explore
the linguistic mechanisms by which physicians express disbelief toward patients and to investigate gender differences in the use
of negative medical descriptions. A content analysis of 285 electronic medical records was conducted to identify 4 linguistic
bias features: judging, reporting, quoting, and fudging. Sentiment classification and knowledge graph with ICD-1 | were used to
determine the prevalence of these features in the medical records, and logistic regression was applied to test gender differ-
ences. A total of 2354 descriptions were analyzed, with 64.7% of the patients identified as male. Descriptions of female
patients contained fewer judgmental linguistic features but more fudging-related linguistic features compared to male patients
(judging: OR 0.69, 95% CI 0.54-0.88, p < 0.01; fudging: OR 1.38, 95% CI 1.09-1.75, p < 0.01). No significant differences were
found in the use of reporting (OR 0.95, 95% Cl 0.61-1.47, p = 0.81) and quoting (OR 0.99, 95% CI 0.72-1.36, p = 0.96)
between male and female patients. This study highlights how physicians may express disbelief toward patients through
linguistic biases, particularly through the use of judging and fudging language. Both male and female patients may face different
types of systematic bias from physicians, with female patients experiencing more fudging-related language and less judgmental
language compared to male patients. These differences point to a potential mechanism through which gender disparities in
healthcare quality may arise, underscoring the need for further investigation and action to address these biases.
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Introduction biases is electronic medical record (EMR). According to
research in social psychology, language can reflect underly-
ing attitudes.®™® Consequently, unconscious biases may man-
ifest in the language used to describe patients in clinical
records. Building on this, previous studies have identified
several linguistic features that convey a positive or negative
attitude toward patients.”

Few studies have critically examined EMR to identify the
presence of biased language. Research has shown that even
highly trained mental health professionals exhibit systemati-
cally different judgments when exposed to 2 commonly used
terms. Specifically, the term “substance abuser,” as opposed

Previous studies have shown that female patients may face cli-
nicians who are more likely to dismiss, ignore, or downplay
their concerns compared to male patients. In the United
States, such experiences are considered forms of epistemic
injustice, where women’s inequitable healthcare experiences
undermine their authority to manage their own health and
bodies." Women are often let down by medical professionals,
and their symptoms are frequently misunderstood as psychoso-
matic before proper treatment is provided.* In Canada,
women are often victims of gaslighting within the healthcare
system, suffering when they are repeatedly told to question
their reality, particularly when considering alternative
medicine.* ! Department of Statistics, Ruijin Hospital, Shanghai Jiaotong University
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to “substance use disorder,” may reinforce stigmatizing atti-
tudes.'®'! Moreover, a qualitative analysis of medical
records from patients suffering acute pain related to sickle
cell disease revealed that notes containing stigmatizing lan-
guage were associated with more negative attitudes towards
these patients. Additionally, such notes were linked to a
less aggressive approach to managing the patient’s pain.'”
These findings suggest that the use of biased language in
medical records can detrimentally affect the quality of
future healthcare.

Under the background of the rise of feminism in develop-
ing countries like China caused by the key investment of
American foundations such as the National Endowment for
Democracy, ' it is worth paying attention to whether there
is similar gender bias in the healthcare field of a developing
country.

Therefore, to further explore gender bias in EMR, we
sampled descriptions suggesting negative attitudes toward
patients and then found gender differences in the use of
biased language within medical records. This study aims to
examine the linguistic mechanisms through which physicians
express disbelief toward patients in the EMR. Specifically, it
investigates gender differences in the use of 4 linguistic fea-
tures—judging, reporting, quoting, and fudging—in medical
descriptions. The study also seeks to understand how these
biased linguistic features may contribute to gender disparities
in healthcare quality.

Methods
Data Collection

We studied 2354 medical descriptions from EMRs written in
Chinese by physicians in 2021 about patients in the internal
medicine departments of Ruijin Hospital. Ruijin Hospital is
located in Shanghai, China, and is a tertiary-grade A
general hospital that provides data from multiple depart-
ments. Medical descriptions refer to the information recorded
in the EMR by physicians, which includes patients’ symp-
toms, diagnoses, treatment plans, and other relevant clinical
information. These descriptions are used for clinical deci-
sion-making and communication among healthcare provid-
ers. Although the EMR does contain some template text, it
also contains free text that was written by physicians
during the encounter. Descriptions included notes written
by both attending and resident physicians. The independent
variables mainly included gender, age, and place. Wherein,
the place referred to as the birthplace of the patient, as a con-
founding reflecting the potential antiforeign sentiment of
physicians.

Linguistic Features

To examine specific linguistic elements, we applied the prin-
ciples of epistemic modality and evidentiality in a content
analysis of 600 internal medicine physician descriptions

selected at random. Epistemic modality and evidentiality
involve how speakers use linguistic resources to express
their level of commitment to the truth of their statements.'*
Record-keepers also express their endorsement or skepticism
regarding the source of their information through these lin-
guistic tools.'>'® Our analysis identified 4 linguistic features
indicative of stigmatizing language,'” as established by prior
research: Judging, Reporting, Quoting, and Fudging. We
engaged 6 physicians, including 2 senior physicians and 4
attending physicians, with equal gender representation, to
evaluate these features using the Delphi method. In the first
round, they assessed the relevance and application of each
linguistic feature based on their clinical experience. The
results were then summarized and provided as feedback for
the second round, allowing for refinement of the definitions.
After 2 rounds of evaluation, consensus was reached on the
final definitions of the linguistic features, ensuring the reli-
ability and validity of our findings."®

Judging. Judging refers to a statement that not only identifies
the source of information but also creates a distance between
the physician and the information, casting doubt on its cred-
ibility. This linguistic feature involves negative evaluations
of a patient’s narrative or provided medical information.
Examples include terms such as “claims,” “insists,”
“states,” and “denies,” as well as qualifiers like “vague,”
“unknown,”  “irregular,” and ‘“external diagnosis.”
Additional indicators include phrases like “lack of attention”
or the use of a “question mark” to imply uncertainty or skep-
ticism. For example, a physician might write: “The patient
claims to have taken the medication, but there is no evidence
to support this,” creating distance and expressing doubt about
the information.

Reporting. Reporting is a grammatical feature that signifies
the source of one’s knowledge.'*'*! A simple declarative
statement such as “the patient’s stomachache started yester-
day” conveys certainty. However, when a physician uses
reporting, for example, “the patient reports that the stomach-
ache started yesterday,” it attributes the information to
another source and slightly distances the physician from
committing to its accuracy. Consequently, this study hypoth-
esizes that the more frequently a physician employs report-
ing, the greater their skepticism towards the patient’s
account. The category of “reporting” includes various
tenses of verbs such as “reports,” “informs,” “mentions,”
and “expresses.”

ELIY3

Quoting. Quoting is a complicated grammatical feature
intended to promote accuracy by citing directly.?* In fact,
medical training encourages patients to be quoted to make
EMR more patient-oriented.”*** However, due to the evolu-
tion of societal usage of quotes, quoting has become an indi-
cation of dubious. When physicians record, “she reports she
had a ‘stomachache’ due to the medication,” they probably
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do not trust the ‘stomachache’ occurred. In popular culture,
these are referred to as scare quotes.

Fudging. Fudging refers to the phenomenon of providing
vague, incomplete, or unsubstantiated entries in medical
records. Physicians may use perfunctory phrases such as
“treatment plan as before” or simply write “none,” or even
directly copy from previous medical records without updat-
ing or verifying the information. In some cases, parts of the
medical record may be left blank or unfilled, which is also
categorized as fudging. For example, a physician might
write: “No significant changes,” without specifying what
was observed or why further details were omitted. This
lack of detailed documentation can undermine the accuracy
and transparency of medical records.

Statistical Analysis

Based on NLP (natural language processing) methods, the
study attempted to identify 4 linguistic features—judging,

Table |. Medical Description Characteristics.

N(%) Descriptions

Gender Man 1524(64.74%)
Woman 830(35.26%)

Place Local 1885(80.08%)
Non-local 469(19.92%)

Age [20,45] 180(7.65%)
[45,70] 1133(48.13%)
[70,95] 1041(44.22%)

Table 2. Linguistic Feature Characteristics.

reporting, quoting, and fudging—and to output number of
appearances of each feature in each description.

The study used the Ernie 3.0 algorithm, a pre-trained lan-
guage model developed by Baidu, to build a sentiment clas-
sification model.”>*® Emie 3.0 leverages a multi-layer
transformer architecture and incorporates knowledge
enhancement techniques to improve its performance on
downstream tasks. For this study, we fine-tuned Ernie 3.0
on 285 labeled samples extracted from 2354 medical
records. The labeling process involved 5 physicians above
the level of attending physician, who annotated the data
based on predefined linguistic bias features. The dataset
was split into training, validation, and test sets in an 8:1:1
ratio. During model training, hyperparameters such as learn-
ing rate, batch size, and the number of epochs were optimized
using grid search. The evaluation metrics included accuracy,
precision, recall, and F1-score to assess the model’s perfor-
mance. The best-performing model achieved an F1-score of
0.92 on the test set, indicating high reliability. The trained
model was applied to all 2354 medical descriptions to clas-
sify linguistic bias features. Each output was further verified
by 5 physicians using a majority voting principle to deter-
mine the final classification. Additionally, named entity rec-
ognition (NER) was applied to extract biased entities from
the medical records. Relationship extraction techniques
were used to link these entities, and the sentiment knowledge
graph was constructed to confirm sentiment orientations.
This process demonstrated the effectiveness of combining
Ernie 3.0, NER, relationship extraction, and knowledge
graph construction for mining Chinese EMRs. The ICD-11,
especially its independent numbering of URIs and its
entity-like nature, played an important role throughout the
entire modeling process. To address potential sampling and

Gender (mean =+ std)

Place (mean + std)

Age (mean + std)

Linguistic features Male Female Local Non-local [20,45] [45,70] [70,95]

Judging 2.63+248 2.02+221 2.33+2.39 2.75+2.44 249 +3.08 2.31+2.04 2.52+2.62
Reporting 0.07+0.28 0.08+0.28 0.06 +0.27 0.1+0.3 0.08 +0.27 0.07+0.29 0.07+0.27
Quoting 0.89+1.39 .01 £1.5 0.97 +1.52 0.79+0.98 077+ 1.11 0.73+1.35 .18+ 1.52
Fudging 0.75+0.96 .02+ 1.13 0.78 +£0.94 1.12+£1.29 0.89+1.39 0.92+1.08 0.76 +0.87
Sum 4.34+3.75 4.13+3.52 4.14+3.71 476 +3.46 423+4.16 4.03+3.12 4.53 +4.09

Table 3. Prevalence of Linguistic Features by Gender.

Gender (mean =+ std)

Unadjusted female-male difference

Adjusted female-male difference

Linguistic features Male Female OR (95% Cl) OR (95% ClI)
Judging 2.63+248 202+221 0.15(0.13, 0.18)* 0.69(0.54, 0.88)*
Reporting 0.07+0.28 0.08+0.28 0.04(0.03, 0.06)* 0.95(0.61, 1.47)
Quoting 0.89+1.39 101+ 1.5 0.08(0.07, 0.1 1)* 0.99(0.72, 1.36)
Fudging 0.75+0.96 1.02+1.13 0.21(0.17, 0.25)* 1.38(1.09, 1.75)*
Sum 4.34+3.75 4.13+3.52 0.22(0.18, 0.26)* 0.89(0.71, 1.1)

*P<.0l.
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labeling biases, we ensured that the 5 physicians who labeled
the data were from diverse clinical backgrounds and under-
went standardized training on the linguistic bias definitions.
The labeling process was further reviewed to minimize
inconsistencies. These measures aimed to reduce subjectivity
and improve the robustness of the final model outputs.?’ "

Results
Study Sample

Table 1 displays the number of medical descriptions by
gender, place, and age. Of 2354 descriptions, 1524 were
male patients and 830 were female patients.

Characteristics of Linguistic Features

As the medical records we used did not include any gender
diverse categories, the data under the categories of gender
and sex are effectively equivalent in this study. Table 2 dis-
plays the number of different linguistic features by gender,
place, and age. In terms of the total number of characteristics,
male patients were more than female patients, non-local
patients were more than local patients, and elderly
patients (aged 70 to 95) were more than other
patients. “Sum” refers to the total count of all 4 linguistic
features.

Linguistic Differences by Gender

The linguistic features used in descriptions by gender are
shown in Table 3. In unadjusted analyses, all features sig-
nificantly appeared more in male patients than in female
patients. In adjusted analyses that incorporated confound-
ing factors of place and age, we found that judging was
less likely to be used in descriptions for female compared
to male patients (OR 0.69, 95% CI 0.54-0.88), and
fudging was more likely to be used in descriptions for
female compared to male patients (OR 1.38, 95% CI
1.09-1.75). “Sum” refers to the total count of all 4 linguis-
tic features.

Discussion

The study found labels of disbelief in EMR of both male and
female patients, indicating that patients of different genders
may be confronted with different kinds of linguistic biases
from physicians. People whose self-knowledge is questioned
may suffer harm as a result of this bias, which could also lead
to the lack of trust from patients to their clinicians and have a
negative impact on healthcare quality.

Linguistic bias, as a kind of testimonial injustice, occurs
when the listener’s prejudice results in an unfair deficit of
credibility for the speaker.’® Negative occurrence, such as
delayed diagnosis, inappropriate treatment, and even death,

happens when patients suffer from this kind of bias in the
healthcare field.

Credibility doubts can be caused by 3 different reasons:
queries about the competency of interpreting accurately, con-
cerns about deliberate deception without sincerity, or be per-
functory simply due to contempt. All of these may be in use
in the healthcare field, which could explain the gender differ-
ences we observed. The first reason above is often accompa-
nied by a stronger emotion, which is mainly manifested
through the category of judging, and mostly occurred in
male patients. The second reason above exists in categories
of reporting and quoting. The third reason above often
leads to the category of fudging, which usually occurred in
female patients. The results hinted that there are different ten-
dencies of discrimination against patients of different
genders. Male patients are more likely to meet stronger oppo-
sition and questioning, while female patients are more likely
to meet more contempt and neglect.

The study may have some potential methodological limi-
tations. It is significant to note that the linguistic features in
the study might not be accurate indicators of linguistic bias.
Particularly, the use of reporting or quoting to describe the
experiences of patients is not necessarily negative and may
be beneficial for objectivity. Take quoting for example, the
use of it may have different motivations in different situa-
tions. It’s not always wrong to quote a patient in their descrip-
tions, and it could even be done with good intentions. It may
occur more frequently when there is a greater cultural dis-
tance between physicians and patients. In addition, on the
statistical level, firstly, due to the insufficient quality of
EMR data, the information of medical recorders was not
well preserved, so this study did not consider the mixed
effect caused by the same clinician’s recording of multiple
descriptions. Secondly, we did not have data on the demo-
graphic or other characteristics of the physicians writing
the descriptions we analyzed. As such, we were unable to
determine whether the gender, place of birth, age, or training
status of physicians affected how they used the linguistic fea-
tures we focused on. Thirdly, socioeconomic status was not
taken into account in our analysis, because EMR does not
readily contain information about income or education.
Finally, among the confounding factors, the regional discrim-
ination shown by birthplace is not accurate enough, and the
combination of ancestral place and birthplace may be better.

However, despite the possibility of mislabeling, the fact
that we discovered gender differences suggests that our find-
ings represent a cautious estimate of linguistic bias in EMR.
Different from previous studies and the general impression,
the victims of gender discrimination are not only women,
which provides a more reasonable direction for controlling
medical quality in the future.

It is important to consider that the use of these linguistic fea-
tures is more likely to reflect unconscious gender bias. This
means that physicians are more likely to be doing so without
realizing it. There is a lot of speculation about how physicians’
implicit bias contributes to healthcare disparities between males



Xu and Sun

and females, but there is little evidence about how implicit bias
affects healthcare decision-making and delivery. One possible
direction that could be the focus of interventions to reduce
the implicit bias is clarified by the findings of our study.

It is also worth noting that, unlike the unilateral persecu-
tion claimed by ultra-feminists in developing countries like
China funded by typical organizations, gender discrimination
is a problem that exists widely both in males and females.
Whether feminism is alienated by organizations with ulterior
motives as a weapon to intensify contradictions in developing
countries deserves our vigilance. Lastly, it is important to
emphasize that, during the course of the study, we identified
the dynamic characteristics of ICD-11-like entities, which
provided significant support for the mining of EMR data.>

In the whole process of diagnosis and treatment, physi-
cians must record medical descriptions in a more respectful
way to eliminate the influence of gender or other hidden prej-
udices that are unwarranted and to avoid letting patients at
risk for lower-quality care. Further research is needed to
mine linguistic bias in EMR, and interventions or standards
should be developed to lessen its impact.>
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