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Abstract
Background

Gender differences in emergency care are well documented and generally disadvantage women,
including at the triage stage. AI-based triage tools may reproduce or amplify these differences. We
previously developed a model identifying, among individuals seeking emergency or unscheduled care
through a medical call centre, those requiring referral to an emergency department (ED), and observed
better discrimination in men than in women. This study aimed to analyse the effect of the sex
composition of the training data on this gender difference in discriminatory performance.

Methods

We used telephone calls (from 2018 to 2023) and medical records from SOS Médecins Grand Paris
(France), which provides same-day home visits for patients. At the end of each visit, the doctor records
the patient's outcome (left at home versus referred to EDs; 3% referrals) in the patient's medical file. Calls
were transcribed using an automatic speech recognition model and then processed using a text‑based
model to classify whether the patient required ED attendance. From sex-balanced training, validation and
test subsets (n=601 560), three subsets of identical size (n=300 780) were derived - female, male, and
sex-balanced-reduced-by-half - and used to train three models. Discrimination was compared by sex
using receiver operating characteristic area under the curve (ROC-AUC).

Results

Of 1 876 172 calls followed by a home visit, 1 098 748 (60%) were matched with their medical record.
Each model was trained on 164 980 calls (10% referrals) and evaluated on 67 900 validation and 67 900
test calls (3% referrals). The female model achieved a ROC-AUC of 0.812 (95% confidence intervals (CI)
0.803–0.820) among women, and the male model 0.835 (95%CI 0.827–0.843) among men. For all three
models, discrimination was higher among men than among women, significantly so for the male and the
sex-balanced-reduced-by-half models, but not for the female model.

Conclusions

Balancing training sets by sex is neither a necessary nor a sufficient condition for fairness. A male-only
model generalised poorly to women, whereas a female-only model appeared applicable to both sexes,
suggesting structural differences that warrant placing fairness considerations at the design stage rather
than treating them as secondary.

Trial registration

ClinicalTrials.gov Identifier: NCT07428109 (registered on 23 February 2026)

INTRODUCTION
Page 3/15



The existence of systematic gender differences in medical care, which cannot be explained by scientific
factors and which, in most cases, result in women receiving lower-quality care than men, is well
documented [1]. In the field of cardiology and psychiatry, these gender biases have long been identified
and analysed [2–4]. In cases of acute non-traumatic chest pain, for example, women are perceived by
emergency medical staff as being in a less urgent situation than men [5]. As a result, they wait longer
before receiving an initial medical evaluation and an electrocardiogram. These types of gender
differences, which recur at every subsequent stage of care, ultimately lead to unfair disparities in post-
heart attack mortality [6]. However, gender biases in emergency settings [7] extend beyond the
cardiovascular field alone. Women also receive less appropriate care in cases of severe trauma [8]. They
are prescribed fewer pain relievers and receive them later when experiencing pain [9]. Furthermore, with
regard to triage, a critical initial step that can have clinical consequences due to delays in initiating
appropriate emergency care, differences in Emergency Severity Index (ESI) scores [10] based on sex
remain, even after adjusting for age, clinical factors, and department operating conditions [11].

Moreover, hospital emergency departments (EDs) have been experiencing increasing levels of
congestion [12] for several decades. During periods of extreme pressure, such as those observed in
France during summer months, access to EDs is restricted to patients who have received prior
authorisation to attend [13]. New approaches are being explored within medical dispatch systems to
manage requests for urgent or unscheduled care more effectively. Telephone triage could become an
essential step in medical dispatch before ED access [14]. However, rapidly assessing patients without
visual contact - particularly when they may be emotionally distressed or face language barriers - is
notably challenging. Several triage algorithms, such as the ESI [10], are available to assist telephone
operators [15], but they rely on structured clinical information that is not easily or quickly accessible
during calls [16].

In recent years, artificial intelligence (AI) has emerged as a promising alternative [17] to support
operators [18], enabling the processing of large volumes of unstructured data, particularly audio
exchanges [18]. AI-based classification models using audio data have shown potential value in medical
dispatch[19], especially for recognising conditions such as cardiac arrest [20, 21], stroke [22] or
myocardial infarction.

To assist medical triage operator, we have developed an AI-based model triaging patients requiring
referral to hospital emergencies among those seeking emergency or unscheduled care by phone.
Beyond satisfactory performance, the analysis for gender bias revealed that the model exhibited greater
discriminatory capabilities among men than among women [reference to come]. Analysing gender bias
in AI systems is an important step, as it could lead to maintain or even reproduce the gender biases
observed in healthcare. The literature identifies several sources of bias: those related to data, those
related to algorithmic design, and those related to human use. This study examines biases that occur
when the data used to train AI models are unrepresentative or incomplete. This is the case, for example,
with a system trained to recognise melanomas from photographs of white individuals, which performs
poorly on people with other skin tones [23]. To analyse further the gender bias observed in our triaging
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model, we examine here the implications that an imbalance in the data by sex might have on the nature
and extent of this bias. In other words, our study aimed to analyse the effect of the training data sex-
imbalance on gender-difference in models discrimatory performances.

METHODS

Design and setting
This study used retrospective observational data from SOS Médecins Grand Paris to develop AI-based
models using training sets with different sex ratios and analyse their discriminatory performances to
identify patients requiring referral to EDs.

SOS Médecins Grand Paris is a group of approximately 150 general practitioners and emergency doctors
offering same-day home visits in Paris and its surrounding areas (over 6.5 million inhabitants). Around
sixty similar SOS Médecins groups exist in major French cities, where they constitute the primary option
for non-life-threatening conditions that cannot wait until a general practitioner is available and for
patients wishing to avoid attending the ED. People call a single telephone number and speak first with a
medical dispatch assistant, who clarifies the reason for the call, transfers the caller to a dispatch
physician or to emergency medical services (EMS) if necessary, and collects contact details so that a
doctor can be sent to their home.

In this work, we focused solely callers who ultimately received a home visit. If no doctor is available,
callers are advised to contact EMS for guidance on the appropriate medical response. Unlike EMS, SOS
Médecins Grand Paris does not send ambulances or refer patients directly to ED.

Primary endpoint
At the end of each home visit, the physician recorded the patient's outcome, which defined the binary
primary endpoint: left at home versus referred to a general or specialised cardiology or neurology
emergency department (for example, in cases of acute coronary syndrome or suspected stroke).

Dataset matching
Patients' medical records and telephone exchanges were not initially matched. For each patient who
contacted SOS Médecins Grand Paris during the period from 1 January 2018 to 31 December 2023 and
received a home visit from a doctor, we attempted to match the patient's medical record with the
telephone exchanges corresponding to the initial call. To do this, we first transcribed all calls. Then, we
attempted to identify the call corresponding to each patient medical record. A match was validated if
either (i) the telephone number was identical or (ii) the name and date of birth were the same.
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Machine Learning pipeline
We employed a two-step machine learning pipeline. First, all calls were transcribed using a speech
recognition model. To obtain these call transcripts we used Whisper large-v3-turbo with the Whisper-X
backend [OpenAI, San Franscico]. Whisper large-v3-turbo is a fine-tuned version of the pruned Whisper
large-v3 model for automatic speech recognition. Second, the CamemBERT model (a BERT-type
language model pre-trained on French texts) served as the foundation for training our classification
model. For this task, we used the first 512 tokens of each call transcript as input.

The three models and their training validation and test subsets
To construct sex-balanced (training validation and test) subsets (Fig. 1), every step was taken to
maintain a sex ratio of one (i.e. an equal number of men and women). Of all medical records
successfully matched to their corresponding calls that resulted in referral to an ED following the home
visit: 80% were used for training, 10% for validation, and 10% for testing (random allocation). To address
class imbalance (only 4.5% of calls with a home visit lead to a transfer to hospital), we constructed the
training subset by randomly selecting 10% of ED referrals, and supplemented it with a random sample of
matched calls that did not lead to ED referral so as to obtain a total of 90% non-referral cases. For the
validation and test subsets (both preserving the real-life prevalence of 3% ED referrals post-call with and
without home visit), we applied the same sampling strategy without rebalancing. To avoid any data
leakage (situation where information normally not available is introduced into the data and can lead to
bias), all calls from the same patient were assigned to the same subset (training, validation or test).

Based on these sex-balanced subsets (n = 601 560), three additional subsets of equal size (n = 300 780)
were constructed: the female and male subsets, corresponding to the simple separation of women and
men, and the sex-balanced reduced by half subset, corresponding to the random selection of every
second person from the sex-balanced subsets.

To build the three models, called as the female, male and sex-balanced reduced by half models, from the
three preceding subsets of the same name, we used focal loss, which emphasises samples that are
difficult to classify. Finally, the models were calibrated.

Statistical analysis
First, we described the different subsets used according to age (0–2 years, 3–17, 18–29, 30–39, 40–49,
50–59, 60–69, 70–79, 80 and more), sex (binary, patient-reported) and social deprivation index in tertiles
(of the population served by SOS Médecins Grand Paris) [24].

Second, we presented ROC (receiver operating characteristic) curve [25, 26], along with their respective
areas under the curve (AUC), for the three models. We computed 95% confidence intervals (CIs). To
compare sex-discriminatory performances (on ROC-AUC), we performed statistical tests using

Page 6/15



bootstrapping, a method that estimates the underlying distribution of a population from a single sample
of observations, thereby enabling statistical tests to be performed. Third, to address model explainability
[27, 28] and better understand the determinants of the classifier’s predictions, we performed an
occlusion analysis. This method consists of removing all instances of a given word from the input
transcript to evaluate its impact on the model’s outputs. First, we selected the words to analyse. To do
this, we vectorised the transcripts and retained the top 5 000 terms with the highest overall TF-IDF (Term
Frequency-Inverse Document Frequency) scores. TF-IDF quantifies the importance of a word by
combining its frequency within a transcript with its rarity across the entire corpus. We then performed a
Student's t-test for each of these terms to determine whether TF-IDF values differed significantly
between calls that resulted in ED referral and those that did not. We retained the 200 words with the
highest absolute t-statistic (all of these had a p < 10− 10). Next, for each of the selected words, we
removed all its occurrences from the corpus and regenerated model predictions. For each transcript, we
then compared the prediction scores before and after occlusion to quantify the influence of the removed
word. We carried out these occlusion analyses for the female and male models using the sex-balanced
test subsets of each sex. All analyses were realized with Python (code available on reasonable request)
in Cursor (Anysphere Inc, San Francisco) development environment.
Ethical approval

The SOS Médecins Grand Paris' databases were declared to the National Data Protection Authority
(Commission Nationale de l’Informatique et des Libertés) which is responsible for ethical oversight and
for protecting individuals from inappropriate or unlawful data collection practices. The institutional
ethics committee (Comité d’Ethique du Collège National des Généralistes Enseignants, IRB00010804)
approved the study (decision n°131125905) which was conducted in accordance with the Declaration of
Helsinki and registered at ClinicalTrials.gov (NCT07428109) on 23 February 2026.

Results
Population characteristics

Between 1 January 2018 and 31 December 2023, we identified 1 876 172 calls that led to a home visit
(Figure 1). Among these calls, 1 098 748 (almost 60%) were successfully matched with their
corresponding medical files. Two successive steps were used to form three subsets called ‘sex-
balanced’ because they contained the same number of men and women: training (comprising 10% of ED
referrals), validation, and test (both comprising the real-life proportion of 3% of ED referrals,).

Table 1 presents the description of the sex-balanced subsets (training, validation and test subsets
combined) depending on whether or not the call resulted in a referral to EDs. Regardless of what
happened to them following the home visit, the men were significantly younger and the women older.
Men who were not referred to ED after the doctor’s visit were more likely than women to live in a deprived
area.
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Three models

We have built and evaluated three models using training, validation, and test subsets of the same size
(respectively 164 980, 67 900 et 67 900), and with identical hospitalization rates (respectively 10%, 3%
and 3%). These models were called female, male and sex-balanced reduced by half models.

Main results

The female model achieved a ROC-AUC among women of 0.812 (95% CI 0.803-0.820) and the male
model among men of 0.835 (95% CI 0.827-0.843, Table 2). Regardless of the model considered, the ROC-
AUCs were higher among men than among women. The ROC-AUC values among men were significantly
higher than those among women for the male and sex-balanced reduced by half models (but not for the
female model).

The ROC-AUC value among women did not differ between the female and male models (p=0.70), but
they did among men (p=0.01).

Model explainability

The occlusion analysis identified words with the greatest positive influence on the classifier predictions
(Table 3). The ranking of the terms most commonly associated with ED referrals differs between the
female and male models. Whilst terms relating to falls or shortness of breath top the list, the next two
terms are those relating to pain and the abdomen for the female model (among both sexes), and those
relating to blood and dizziness for the male model (among both sexes). Furthermore, regardless of the
model (female or male), the rankings are similar between the two sexes (with a maximum difference of
one place). When comparing the sex-differences in the influences (differences in prediction scores
before and after occlusion) between the male and female models, these differences are (with the
exception of the terms relating to falls, where the differences are very similar) greater (in absolute terms)
in the male model than in the female model.

Discussion
Summary

The results showed that a male model (i.e. one built solely from male data) led to the greatest gender
bias against women. In contrast, a female model resulted in no (statistically significant) bias. The
balanced model exhibited a bias that fell between the two previous models. Furthermore, an analysis of
the explainability of the female and male models revealed that certain terms did not carry the same
predictive weight for the two genders.

Interpretation
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When a model built using an unbalanced dataset containing fewer women than men (the ‘male model’
represents the extreme situation) performs less favourably for women, two main explanations may be
considered. First, this may be due to a composition effect within the dataset: if women are under-
represented, it is possible that predictions will be less accurate due to increased variance [29]. This
disparity decreases when female examples (the minority group) are added. Second, it may be due to a
qualitative or structural difference (distribution shift): the relationships between the features and the
outcome are not the same in the two sexes. Given identical presentation, the probability of using EDs
differs. A single model is structurally misspecified. It strikes a compromise that automatically favours
men (the majority group). Our experimental design, which alters the gender composition of the training
subset, allows us to distinguish between these two explanations.

Our results confirm that a representative dataset is not a sufficient condition for ensuring a model’s
performance is fair (the case of the 'sex-balanced reduced by half model’). Nor is it a necessary
condition; a model trained on unbalanced data does not necessarily result in bias against the minority
group (the case of the ‘female model’).

The asymmetry between the biases observed in female and male models shows that a model developed
for men cannot be generalised to women, whereas a model developed for women appears to be
applicable to men. Gender-differences in chest pain could shed light to this finding. Chest pain is
predominantly typical in both sexes, but is more common in men than in women, for whom the
presentation is more varied [30]. Similarly, in the event of a stroke, women report more general
symptoms and fewer localised signs than men [31]. These two examples illustrate that, in certain
situations, the female model can be extrapolated to men, but not the other way round.

Comparison with existing literature

Despite recommendations calling for the presentation of stratified performance analyses to better
assess whether models may be biased [32, 33], to the best of our knowledge, there are no articles that
have analysed gender bias in AI-based telephone triage for ED referral. The literature in this field is
dominated by imaging, dermatology, sepsis and the prediction of readmission. A systematic review
focusing on the prediction of sepsis risk found that only 2% of studies had carried out stratified analyses
by sex, and none had reported fairness metrics [34].

Strengths and limitations

Our study has several limitations. First, the gender bias could originate elsewhere in the pipeline. To
begin with, transcription software performs better with male voices than female ones [35]. This could
contribute to the observed bias. Second, there could be a bias in the labelled data. The outcome is not a
neutral gold standard but a human decision that may already be biased. Although the decision to refer
patients to EDs was made by a physician who examined the patient, it was not based on a standardised
objective measure such as a prognostic score. We do not have any subsequent clinical outcomes such
as mortality or emergency room outcomes, which would have been more relevant for prediction
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purposes. On this point, however, it should be noted that the frequency of use of EDs is the same for
both sexes. Third, AUC-ROC is not a metric for operational equity. Analysing gender disparities in terms
of actual care provision would be more relevant, but this requires setting a decision threshold, which has
not yet been done given the current stage of the model’s development. Fourth, the study was carried out
using data from a single centre and is therefore dependent on the case mix and on the use of local EDs.
Its generalisability is limited. Fifth, other grounds for discrimination, such as social status, would be
worth analysing, as would the presence of any potential interactions (gender inequality may be
concentrated amongst disadvantaged people). Sixth, the gender differences observed are significant but
small in absolute terms and are likely to be of limited clinical significance. Seventh, gender (identity,
social roles) is not measured, even though it is plausibly the causal mediator of the phenomenon, rather
than (biological) sex [36].

The main strength of our study is its originality. Research into gender bias in telephone triage is scarce.
Furthermore, this study goes beyond purely observational studies analysing gender differences. The
experimental design of our study enabled us to isolate the impact of the gender composition of the
training subset on gender bias.

Implications for research and practice

First, algorithmic fairness measured using retrospective data is an indicator of the model’s intrinsic
properties, but does not guarantee the fairness of a socio-technical system operating under real-world
conditions. Only a prospective evaluation (or a human–machine interaction study, such as randomised
vignettes with and without score display, stratified by patient gender) will enable the fairness of the
deployed system to be measured. Second, a training sample that is unbalanced is not necessarily
disadvantageous to the majority group, although this still needs to be demonstrated. We therefore agree
with the recommendations which emphasise the need to systematically compare metrics broken down
by gender, rather than just overall performance figures [37]. Thirdly, to limit gender bias, there are
alternatives to pre-processing (rebalancing, reweighting) or post-processing (group-specific thresholds).
During training (in-processing), it is possible to use fairness-aware regularisation, which allows a fairness
constraint to be incorporated directly into the optimised objective function. Fourth, in social
epidemiology, all statistical analyses are stratified by gender. Researchers in this field believe that, as a
matter of principle (and therefore until proven otherwise), things do not unfold in the same way for both
sexes. It might be worth considering this assumption in certain situations where gender biases are
known to exist, as in emergency medicine.

Conclusions
Our study of gender bias based on the sex composition of the training sets has led to two conclusions.
First, balancing the training sets is neither a necessary nor a sufficient condition for a model to be fair.
Second, gender bias must be investigated for ethical reasons (it is critical to ensuring that emerging
technologies do not reinforce existing health inequalities), but it may also lead to a change in modelling
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strategy, particularly where differences of a fundamental nature between the two sexes are identified.
This final point leads to placing ethical considerations at the forefront of the design process, rather than
treating them as secondary concerns.
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