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ABSTRACT

Objective To analyze gender bias in clinical trials, to design an algorithm that mitigates the effects of
biases of gender representation on natural-language (NLP) systems trained on text drawn from clinical
trials, and to evaluate its performance.

Materials and Methods We analyze gender bias in clinical trials described by 16,772 PubMed abstracts
(2008-2018). We present a method to augment word embeddings, the core building block of NLP-centric
representations, by weighting abstracts by the number of women participants in the trial. We evaluate
the resulting gender-sensitive embeddings performance on several clinical prediction tasks: comorbidity
classification, hospital length of stay prediction (LOS), and intensive care unit (ICU) readmission
prediction.

Results For female patients, the gender-sensitive model AUROC is 0.86 versus the baseline of 0.81 for
comorbidity classification, RMSE 6.13 versus the baseline of 6.20 for LOS prediction, and AUROC 0.69
versus 0.67 for ICU readmission. All results are statistically significant.

Discussion Women have been underrepresented in clinical trials. Thus, using the broad clinical trials
literature as training data for statistical language models could result in biased models, with deficits in
knowledge about women. The method presented enables gender-sensitive use of publications as
training data for word embeddings. In experiments, the gender-sensitive embeddings show better
performance than baseline embeddings for the clinical tasks studied. The results highlight opportunities
for recognizing and addressing gender and other representational biases in the clinical trials literature.

Conclusion Addressing representational biases in data for training NLP embeddings can lead to better
results on downstream tasks for underrepresented populations.
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1. BACKGROUND AND SIGNIFICANCE

For decades, clinical trials excluded women participants[1-2]. A cited basis for this exclusion was
the Thalidomide tragedy of the early 1960s, which led to pregnant women being considered as
vulnerable research subjects, and for women of child-bearing potential to be excluded from early-phase
clinical trials[1]. Another reason cited for excluding women was the added complexity of the menstrual
cycle and its unknown effects on trial results[3]. 1993 was a turning point, when both an FDA guideline
and the NIH Revitalization Act mandated that clinical trials must include women participants and to
analyze results with respect to gender[1]. However, many years of clinical research performed before
1993 did not include representative numbers of women participants. Further, the gender bias in
enrollment in clinical trials has continued[2]. Despite NIH policies, clinical trial results are not analyzed
with enough care about the representation and influences of gender, race, or ethnicity[4]. Although
gender represents a wide spectrum and not a binary selection[5-7], in this work we focus on binary
biological sex determined by chromosomes and genitalia.

The poor representation of women in clinical trials can have grave consequences. For example,
women can experience higher rates of adverse drug reactions than men[8-10]. A specific example is a
sleep-inducing drug named Zolpidem. A post-release study found that it takes longer for the drug to be
cleared in women, potentially causing unexpected driving impairment on the day following use[11].

We explore the identification and mitigation of gender biases in clinical trials data used to build
predictive models with statistical natural language processing (NLP). NLP is being used in numerous
healthcare applications, such as processing patient charts to predict diagnoses[12], triaging patients in
the ER[13], and enhancing efficiencies of healthcare operations via automatic assignment of disease
codes to patient records[14]. Constructing these models requires a large training corpus of text.
Literature describing clinical trials has been used in prior work to construct models. For example,
BioBERT[15], a contextualized embedding model trained on PubMed abstracts and PubMed Central full-
text articles[16], achieved state-of-the-art performance in biomedical relation extraction, named entity
recognition, and question answering tasks.

Diagnostic and predictive models constructed via machine learning and NLP have been shown to
inherit biases latent in datasets[17-19]. Just as inferences made from gender-biased enrollments in
clinical trials can lead to misdiagnoses and unexpected adverse drug reactions in women, models
developed from NLP embeddings built from literature on gender-biased clinical trials can lead to gender-
specific gaps in performance[20].

Word embeddings[21-24] have grown to be central tools in learning and reasoning in language-
centric applications. Embedding methods transform words into real-numbered vectors that capture
their meaning in a semantic space of concepts. To date, a sizable amount of work has been done on
biases in word embeddings. Numerous studies have focused on the detection and mitigation of
unwanted stereotypical associations in word embeddings stemming from language usage that reflects
long-term cultural biases[25-30]. Biases in word embeddings can manifest as unwanted proximities
among words, for example, "homemaker" and "woman", or "engineer" and "man". Mitigations have
focused on ways to remove or neutralize such unwanted associations from the embeddings and to make
them gender neutral. One approach proposed for handling biases identified in clinical tasks is the
strategy of removing the protected attribute (e.g., gender)[20]. However, for healthcare applications,
gender has important physiological implications per disease prevalence and symptomatology. Gender is
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an important feature that can and should be used when diagnosing diseases, prescribing medications,
and more.

In healthcare, unlike many other domains, important metadata about patients and situation is
available and can be used to inform the training process. We describe methods in the context of gender,
but the approach can be applied to other types of metadata about cases, such as demographic
information, including age and race. We propose a method to train a gender-sensitive word embedding.
In the approach, a specific paper abstract’s contribution to the word embedding model is proportional
to the number of female participants in the clinical trial. Intuitively, we wish to boost the impact of
clinical trials that include more women on the embeddings, which will in turn be used for clinical
prediction tasks for women. To achieve this, we merge two sources of data: the abstracts describing the
clinical trials from PubMed, and the number of female/male participants in each respective clinical trial
accessed from ClinicalTrials.gov. We draw large amounts of electronic health record (EHR) data from
Maccabi Healthcare, the second largest health care provider in Israel, to validate our embeddings on
comorbidity prediction tasks.

2. MATERIALS AND METHODS
2.1. Datasets

We use multiple datasets to analyze the bias in clinical trials, train gender-sensitive embedding models,
and evaluate the models.

We leverage data from PubMed and ClinicalTrials.gov. PubMed[16] is a publicly available repository,
containing more than 32 million citations of biomedical publications. We used the 2018 version of
PubMed, which contains a total of 10,931,225 papers published between the years 2005-2018 (out of
18,789,150 papers in total). ClinicalTrials.gov[31], also publicly available, contains the data and
metadata regarding clinical trials. We make use of metadata on female and male participants included in
the ClinicalTrials database. We used the NCT identifiers available in PubMed abstracts to match clinical
trial abstracts with the metadata from ClinicalTrials.gov. After matching, the corpus contains 16,772
abstracts with available metadata.

For a source of real-world clinical outcomes and health information, we gained access to EHR data from
Maccabi Health Services. This database provided diagnoses for more than 2 million patients, collected
over the years 2003-2016. This database has been used in prior research[32-35].

We compared the gender statistics on disease prevalence from the Maccabi database to those collected
in the National Health Interview Survey (NHIS)[36] held in 2018 in the US. We found that, for several
main diseases, the percentages were similar, including coronary heart disease (NHIS: 4.8% in women,
8% in men. Maccabi: 4.5% in women, 9% in men), diabetes (NHIS: 9.9% in women, 10.9% in men.
Maccabi: 9.2% in women, 10.6% in men), and asthma (NHIS: 15.2% in women, 11.4% in men. Maccabi:
14.6% in women, 15.6% in men). Out of the 2 million patients in the Maccabi EHR, 1.2 million patients
had at least two diagnoses, and 51.6% of them are women. We randomly divided the patient data into
two equally sized groups and used each one to build two evaluation tasks (see Section 3.1).

Another source of real-world clinical data is Medical Information Mart for Intensive Care Il (MIMIC-
)[37]. MIMIC-IIl is a large, freely available dataset containing de-identified data from over 40K critical
care patients, collected over the years 2001-2012. It includes demographics, diagnoses, procedures,
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medications and more. We used this dataset to construct two additional clinical evaluation tasks for our
models: hospital length of stay prediction (Section 3.2) and ICU readmission prediction (Section 3.3).

2.2. Analyzing Female Inclusion in Clinical Trials

We hypothesize that the historical imbalance between female and male participants leads to different
quantities of knowledge about women and men in healthcare. Numerous medical topics are studied less
for women than for men, many times without correlation with the actual gender disease prevalence.

To validate this hypothesis, we extracted UMLS medical concepts (CUIs)[38] from the titles and abstracts
of PubMed papers, using the MetaMap tool[39], and counted the number of men and women who
participated in trials with each concept. We calculate the female participant proportion of a concept as
the number of women in trials with this concept, divided by the total number of participants in trials
mentioning this concept. Additionally, we extracted disease prevalence statistics for men and women as
recorded in the EHR from Maccabi. We calculated the female prevalence proportion of a disease as the
proportion of women in all patients diagnosed with the disease. The female prevalence proportion by
diagnosis in the Maccabi EHR data and female participant proportions computed from the clinical trials
data are presented in Figure 1, and an analysis over time (2008-2018) is shown for three diseases in
Figure 2. We chose diseases from across the bias range: fibromyalgia (biased, too few men in research),
diabetes mellitus (almost no bias), and spondylarthritis (biased, too few women in research).

Taking the gender-specific prevalence of diagnoses in the EHR data as representative of the larger
worldwide population of prevalence, we compare the proportion of women for topics drawn from
ClinicalTrials.gov with the EHR prevalence rates. In Figure 1, topics on the left show a large difference in
prevalence rates in the EHR data and representation in clinical trials. We define statistical bias as the
misalignment between gender participation in clinical trials on specific illnesses and the prevalence of
the respective illnesses in a population. We see significant indications of such statistical bias. For
example, 51% of Maccabi patients with liver cirrhosis are women, but only 30% or clinical trial
participants on this topic are female. Topics on the right in Figure 1 have a large negative statistical bias;
the proportion of female participants in trials is larger than the prevalence in female patients.
Fibromyalgia specifically stands out: the prevalence in female Maccabi patients (56%) is consistent with
the recent research [40] (close to 60%), while the research population is mostly composed of women
(92%).

We conclude that indeed certain topics have been studied in a disproportion to the real-world
prevalence of the disease in females. However, reconducting previous trials with the appropriate gender
inclusion might be impractical. Excluding trials without the appropriate inclusion might lead to loss of
useful scientific knowledge. In this work, we suggest augmenting the accumulated knowledge to better
address the underlying bias.

2.3.Gender-Sensitive Embeddings

Word embeddings have been shown to be susceptible to biases in text and to aggravate them[18-19].
Thus, word embeddings trained on clinical trial papers with different participation by men and women
are inherently biased, as shown in[41]. By training gender-sensitive word embeddings for healthcare,

we seek to address gender enrolment bias in healthcare applications.
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We present a diagram of the process in Figure 3. Our approach includes a preprocessing method as
follows. Each title and abstract are concatenated and processed by MetaMap[39] to identify UMLS
concepts[38]. The range of words describing each concept is then replaced with the concept unique
identifier (CUI), as done in[42]. The rest of the text is lowered and tokenized, and punctuations are
removed. For example, the following piece of text:

"Effects of combination lipid therapy in type 2 diabetes mellitus."
is transformed into:
"C1280500 of (C@0Q9429 (CPO23779 COVO9429 in COL11860"

To create gender-sensitive embeddings, we use the number of female participants in a clinical trial
abstract (available from ClinicalTrials.gov[31]) to determine the importance of this abstract, as a unit, to
a female-centric embedding. Intuitively, clinical trials with more female participants should have more
influence on the embedding. The importance of an abstract is implemented as upsampling the abstract
in the corpus on which the embedding is trained, thus giving the abstract more weight in the training
process. We experimented with several heuristics and optimizations to determine each abstract
importance (Appendix A and D) and chose the one given below. We also train a baseline embedding,
which we name neutral embedding, on a corpus containing each abstract exactly once, regardless of the
number of participants in the trial.

The mapping from female participants to the number of repetitions is given by:

0, x=0
1 0<x<10
reps(X) ={ 10, 10 < x < 100
20, 100 <x

We set a cap on the number of repetitions, to avoid giving a single abstract too much influence on the
embeddings. We experimented with several other weighting policies; this policy performed best. See
Appendix A for details.

The training procedure yields a bias-sensitive embedding set and a baseline embedding set---two
different mappings from words to real-numbered vectors. We make our code and embeddings publicly
available.

Finally, we filter only words that are CUls and use them in our evaluation process. In the experiments
below we used embedding size of 40. There are 2118 concepts for which we have both versions of
embeddings and appear in our evaluation data.

3. RESULTS

We evaluate our gender-sensitive embedding on a comorbidity prediction task, based on data from
Maccabi EHR. Comorbidities are diseases that occur together frequently. In this task, the embedding is
given as input to a model that aims to solve the task.

1 https://github.com/shunita/gender sensitive
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Next, we evaluate our embeddings on two tasks based on MIMIC-III data: hospital length of stay
prediction and ICU readmission prediction. The embeddings are used to transform the patient's
diagnoses into feature vectors, which are used as input to a prediction model. Additional
implementation details on all downstream tasks and models are available in Appendix E.

3.1.Comorbidity Classification

Comorbidity classification is the task of predicting whether a disease or medical condition
simultaneously presents with another or others in patients across aggregated knowledge over many
patients. The task has been widely studied[43-46], due to the increasing availability of large scale EHR
data. While most disease associations are known, others may still be uncovered in EHR data. For
example, in[43], the authors find through EHR mining previously unknown connections between autism
spectrum disorder and Glaucoma, between Alzheimer’s disease and prior inflammatory processes, and
more. We aim to evaluate the embedding’s ability to improve the performance of a comorbidity
classifier: a model which detects if two diseases are comorbidities.

The comorbidity binary label for our task is calculated using the 2 million patient data from Maccabi
EHR. To calculate the label, we perform a statistical test for proportion difference (z-test), comparing
two proportions: the probability of a person with disease A to be diagnosed with B, versus the
probability of a person without disease A to be diagnosed with B. If A increases the chances of getting B,
and B increases the chances of getting A we consider A and B as comorbidities and assign them a
positive label. The comorbidity label can be calculated on a subset of the population. We calculated
women's comorbidities, by counting only female patients in the compared proportions. We filter out
diseases that appear in less than 30 patients, to maintain the statistical test validity.

We employ for the classifier a single layer neural network with 50 neurons. Its input features are the
concatenated embeddings of the two diseases, and its output is binary (whether the diseases are
comorbidities).

We compared the performance of the model when given each embedding set (gender-sensitive and
neutral baseline) as input features. We used 5-fold cross validation, calculated the metrics on each fold,
and finally averaged them. A comparison of the average accuracy and the average area under the
receiver-operator characteristic (AUROC) curve for women's comorbidities is shown in Table 1.

Input Features Accuracy | AUROC
Neutral baseline 0.737 0.814
Gender-sensitive embedding 0.776 0.860

Table 1: Accuracy and area under the receiver-operating characteristic curve on women's comorbidity classification task.

The gender-sensitive embedding performs statistically significantly better than the neural baseline. The
performance for diseases of three categories (cardiovascular, autoimmune, and other commonly
misdiagnosed diseases) is presented in Table 2, along with the average proportion of female participants
in clinical trials and the disease prevalence in women. Diseases where the difference between the two
models' AUCs was statistically significant according to Delong's Test[47] were marked with an asterisk
sign (*). The full table is available in Appendix C.

https://mc.manuscriptcentral.com/jamia
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Out of 265 diseases with at least 10 abstract mentions, in 77 (27%) diseases the gender-sensitive model
performed better; in 185 (69.8%) diseases there was no significant difference; and in only 2 (1.1%)
diseases the neutral model performed better. These two were Alzheimer's disease and gastroenteritis. A
particularly interesting disease category is cardiovascular diseases, in which we saw a significantly higher
AUROC in half of the diseases (7 out of 15). In the other cardiovascular diseases, the gender-sensitive
model's AUROC was higher, but with p-value>0.05.

We also examined the performance on autoimmune diseases[48], which are commonly misdiagnosed in
women[49]. Our model performed significantly better on comorbidities of psoriatic arthritis, rheumatoid
arthritis, and systemic lupus. In other commonly misdiagnosed diseases[50], the performance of the

gender-sensitive model was also higher.

Disease Neutral | Gender- Female Female Category
AUC sensitive AUC | participants | prevalence
Acute Coronary Syndrome (*) 0.81 0.91 0.32 0.32 cv
Aortic stenosis symptomatic 0.89 0.91 0.53 0.48 cv
Aortic Valve Insufficiency (*) 0.67 0.73 0.56 0.47 cv
Acute myocardial infarction 0.88 0.91 0.25 0.24 cv
Cardiac event 0.83 0.88 0.37 0.33 cv
Aortic Valve Stenosis 0.82 0.85 0.45 0.48 cv
Atrial Fibrillation 0.82 0.84 0.37 0.46 cv
Cardiovascular Diseases (*) 0.75 0.84 0.43 0.30 cv
Coronary Occlusion 0.87 0.87 0.29 0.22 cv
Heart failure w. normal ejection 0.82 0.89 0.57 0.52 cv
fraction (*)
Chronic heart failure 0.80 0.84 0.27 0.44 cv
Cardiac Arrest (*) 0.79 0.87 0.46 0.38 cv
Heart Failure, Systolic (*) 0.86 0.9 0.31 0.33 cv
Acute heart failure (*) 0.85 0.90 0.35 0.44 cv
Arthritis, Psoriatic (*) 0.76 0.84 0.49 0.51 A
Psoriasis 0.72 0.80 0.38 0.50 A
Inflammatory Bowel Diseases 0.82 0.83 0.48 0.53 A
Rheumatoid Arthritis (*) 0.74 0.86 0.77 0.76 A
Lupus Erythematosus, Systemic (*) | 0.59 0.80 0.88 0.83 A
Lupus Erythematosus 0.79 0.78 0.90 0.83 A
Multiple Sclerosis 0.61 0.75 0.69 0.67 A
Polycystic Ovary Syndrome 0.46 0.58 0.97 1 M
Sleep Apnea Syndromes 0.84 0.89 0.39 0.27 M
Fibromyalgia 0.70 0.71 0.92 0.57 M
Irritable Bowel Syndrome 0.75 0.74 0.75 0.64 M
Sleep Apnea, Obstructive (*) 0.75 0.85 0.38 0.22 M

Table 2: Area under the receiver-operating characteristic curve (AUROC) of both models on women's comorbidity classification
task for cardiovascular (CV), autoimmune (A), and commonly misdiagnosed diseases (M). Diseases with an asterisk sign are ones

where the difference in AUROC between the two models is statistically significant (P-value<0.05 in Delong test[47]).)
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Next, we compared the two embedding sets over disease sets with different levels of bias (Figure 4). We
define the bias as the difference between prevalence and participants. The female prevalence of
diseases is the proportion of female patients out of all patients diagnosed with the illnesses. The gender-
sensitive embedding is consistently better than the neutral embedding for all disease groups. Additional
analyses of the AUROC differences are in Appendix B.

As many pair-level datasets[51] have relations between the train and the test (e.g., a training set might
have a pair of disease (A,B) and (B,C) and the test might have (A,C)), we repeated the experiment for
patient-level comorbidity prediction based on diagnoses history, like the task of[52]. Each patient’s
previous diagnoses were aggregated by an LSTM, and fed to N binary classifiers, one for each possible
future diagnosis. When averaged over diseases with statistical bias (the female participant proportion is
lower than the female prevalence), the average AUC of the gender-sensitive model on female patients
was 0.68, compared to 0.66 for the neutral model.

3.2.Predicting Hospital Length of Stay

Next, we turn to evaluating the models on the task of predicting hospital length of stay. In this task, the
goal is to predict a patient's length of stay in the hospital, based on the patients’ diagnoses from the
previous admissions, primary diagnosis from the current admission, and demographic features.
Estimating a patient's length of stay is important in hospital planning around the allocation of rooms and
resources. The predictions can also be taken as indications of severity and need for different levels of
care and recovery.

The features used in this prediction task were patient demographics (gender, age, ethnicity), previous
diagnoses embeddings, and primary diagnosis embedding (the first diagnosis in the admission). The
embedding was done using the models evaluated as described above. We also harnessed a set of
aggregated numerical features, including the number of previous admissions, number of previous
procedures, number of previous diagnoses, and the number of days since last admission.

The sum of previous diagnoses was concatenated to the primary diagnosis embedding and to the other
features. The combined feature vector was fed into a 3-layered neural network.

The mean absolute error (MAE) with 95% confidence intervals for both embeddings is shown in Figure 5.
The gender-sensitive model achieved a lower MAE (4.60 vs. 4.65). Most of the error improvement was
for the female patient visits (4.59 vs. 4.66) with lower levels of improvement for male patient visits (4.60
vs. 4.64). We further analyzed the results by age and gender (Appendix F), and found that for most age
groups, the gender-sensitive embedding improved the error for all patient visits, with larger
improvements for female patient visits. The improvements were larger for older ages, which can be
attributed to more complex relations between multiple diseases in older ages, which are better
captured by the gender-sensitive embedding.

3.3.1CU Readmission Prediction

Another important task on which we evaluate the gender-sensitive embedding is the prediction of
unplanned readmission of a patient to the ICU, at the time of their discharge. Such readmissions indicate
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an unexpected deterioration in the patient's state. Detecting such cases in advance can improve the
quality of care for the patients based on the prospect of allocating special programs and resources that
address reasons for readmission. Studies to date have focused on predicting the likelihood of unplanned
readmissions for patients, per the goal of informing decisions about programs aimed at reducing the
likelihood of readmissions for patients predicted at being at high risk for readmission[53]. We follow[54]
for the definition of an unplanned readmission: Patients that were transferred from the ICU to low-level
wards or discharged, but within 30 days they either returned to the ICU or died.

We use the same features as in Section 3.2, along with all the diagnoses of the current admission.
Diagnoses are given as ICD9 codes, matched to CUI (if possible) and then embedded using the evaluated
embedding. The final feature vector is composed of the sum of previous diagnoses vectors, the sum of
current diagnoses vectors, and the additional feature vector. The vector is fed to a classifier (a 3-layer
neural network).

The AUROC for both models can be seen in Figure 6. The AUROC was improved for all patients, but more
so for female patients, leading to similar performance on men and women. The gender-sensitive model
achieved an AUROC of 0.686. We experimented with additional features from the patient chart events
table. Adding the gender-sensitive embeddings of diagnoses to these commonly used features for ICU-
readmission increased the AUROC from 0.68 to 0.72 for female patient visits (see Appendix G). We
deduce that adding the gender-sensitive embeddings of current previous diagnoses can improve the
results of previous works as well[55-56].

4. DISCUSSION

The increasing use of machine learning models in healthcare can help reduce workload of caregivers,
reduce delays, and save medical costs. But the corpora used to train such models contain decades-worth
of underrepresentation bias.

We analyzed the female inclusion in a decade of clinical trials (2008-2018) and found gaps in research in
both directions. Some topics have not been researched on enough women: liver diseases, anemia and
more. In other topics, like fibromyalgia, there are more female participants than the actual prevalence.

We describe a novel approach to use clinical trial metadata to reduce the bias in machine learning
models trained on them. We have designed a data augmentation method that enables the training of
gender-sensitive word embeddings. Since our method is based on re-weighting of corpus samples, it can
be applied easily to any embedding algorithm. We validated our method on three clinical prediction
tasks, that were created with EHR data from two datasets.

In the comorbidity classification task, our model achieved an AUC of 0.86 compared to 0.81 achieved by
word embeddings without data augmentation. For nearly all diseases, use of the gender-sensitive
embedding either leads to either better results or to results competitive with the neutral baseline. We
specifically examined cardiovascular diseases, autoimmune diseases and commonly misdiagnosed
diseases and found an increase in the AUC in nearly all diseases of these categories. This suggests that
the data augmentation method can lead to higher performance in health downstream tasks based on
aggregated data from many female patients.

https://mc.manuscriptcentral.com/jamia
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In both clinical prediction tasks based on the MIMIC-IIl data, the gender-sensitive embeddings improved
the performance of the prediction model overall, but the largest improvement was for female patients.
In the ICU readmission prediction task, the neutral baseline performed worse on female patients than
on male patients; the gender-sensitive embeddings equalized the performance on both genders, by
improving the performance on female patients.

Our study has several limitations. First, the use of disease prevalence data from Maccabi Healthcare may
not be representative of worldwide disease prevalence, and the comorbidity experiments should be
repeated with other EHR datasets. Second, the single binary gender variable available in both clinical
trials and EHR datasets inherently limits our method to a binary concept. In ClinicalTrials.gov that
concept is defined as “a person's classification as female or male based on biological distinctions”, and in
MIMIC-IIl it is defined as “the genotypical sex of the patient”. These narrow definitions are at the
foundation of health informatics, and they perpetuate gender discrimination. We argue that dataset
designers should modify these definitions to include all genders. Third, we restricted our
implementation and evaluation to gender bias, but the method can be tested for overcoming other
types of bias such as race and age.

Other than single source biases, another issue is intersectionality: biases that stem from the
combination of two attributes, such as race and gender together[57-58]. Future work can explore
adjusting our method to mitigate intersectional biases. A possible method of doing so is to train a
designated embedding set for each underrepresented group defined by an intersection of properties —
e.g., for each combination of race and gender. However, the presence of individuals of an intersectional
group in clinical trials may be even lower than each single-attribute group (e.g., there are fewer black
women in clinical trials than women in general), causing insufficient data to train an embedding set for
each group. However, it is possible to train a specialized embedding for each population group (e.g., for
each gender and for each race), and combine these embeddings to achieve a representation of each
intersectional group.

Our work gives rise to several applications and future research directions. First, the performance
difference between gender-sensitive and neutral word embeddings can be used to highlight diseases
that should be researched more for genders poorly represented in research, typically women. As such, it
can be used in a system that periodically surveys the medical research automatically and highlights
research gaps.

Second, the improved performance in the tasks studied, including for comorbidity classification,
suggests a possible usage of word embeddings as part of a recommendation system that detects risk
factors and suggests diseases that a patient is at risk for, as well as for hospital stay prediction, and ICU
readmissions.
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5. CONCLUSION

For decades, clinical trials had poor representation of women participants. We have introduced a
method for leveraging content from gender-biased clinical trials to build language-based
representations for clinical classification and prediction tasks in women. We proposed and evaluated a
method aimed at addressing the historical gender imbalance in clinical trials to build gender-sensitive
word2vec word embeddings. The method leverages content about clinical trials along with metadata
about the degree of female representation in studies. The procedure assigns a higher weight to the
content from clinical trials that included more women. We demonstrated that use of the gender-
sensitive embeddings achieves better results than the baseline, in a global clinical prediction task and
three local (patient-level) clinical prediction tasks based on two EHR datasets. To our knowledge, this
work represents the first effort to incorporate clinical trial metadata about the representation of
participants in clinical trials to train word embeddings. We hope the work will stimulate follow-up effort,
including the use of other available metadata about representation of patients in clinical trials, including
patient race, ethnicity, and age, and about the type and quality of research as measured by various
metrics and scales[59].

DATA AVAILABILITY

The Pubmed data is publicly available from https://pubmed.ncbi.nlm.nih.gov. The clinical trials
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Figure 3: Training process of gender-sensitive embeddings.
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Figure 5: mean absolute error (MAE) in prediction of length of hospital stay for the gender-sensitive
embedding and the neutral baseline. The leftmost column represents the overall MAE for all visits in the
test set, while the other two columns represent the MAE over female patient visits and male patient
visits. Error bars represent a 95% confidence interval.
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Figure 1: Proportion of female research participants drawn from ClinicalTrials.gov (red diamonds) vs.
computed prevalence of females with diagnoses in multiyear Maccabi EHR data (blue circles).
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the female participation percent in clinical trial papers by years.
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APPENDIX A: EXPERIMENTS ON ABSTRACT WEIGHTING POLICIES
We experimented with several weighting policies for the mapping from female participants or
proportion in the clinical trial to abstract repetitions.

M1 - M3 are given as thresholds on the number of female participants and their corresponding
repetitions number. M4 and M5 were chosen in the form ¢ - [n(x), since In is monotonically rising but
sub-linear, allowing us to limit the influence of a single abstract on the embeddings (like setting a cap on
the number of repetitions in methods M1-M3). M6 is the only method based on female participant
proportion and not the absolute number of participants, and we multiplied it with a constant to
generate different numbers of repetitions. We evaluated the performance of embeddings created using
these policies on the comorbidity classification task. The results can be seen in Table 3.

Weighting Policy Accuracy | AUC
Neutral baseline 0.73 0.81
M1: {0:0, <10:1, <100: 10, else: 20} 0.78 0.86
M2: {0:1, <10:2, <100: 3, else: 10} 0.76 0.84
M3: {0:1, <10:4, <100: 8, else: 16} 0.78 0.86
Ma4: In(participants) 0.76 0.84
M5: 3 - In(participants) 0.78 0.86
M6: 15 - female participant percent 0.77 0.86

Table 3: Accuracy and Area under the ROC curve in women's comorbidity classification task for different abstract weighting
policies.

We can see that all the weighting methods we tried are better than the neutral baseline (where each
abstract is weighted the same).

Among the other methods, M1, M3 and M5 perform better than the others. We hypothesize that it is
due to larger differences in the weights of different abstracts (e.g., 1, 10, and 20 in M1vs 1,2, and 3 in
M2). M6 is the only one that refers to the proportion of women in the clinical trial instead of the
number of female participants, and the difference in accuracy and AUC is small from the top-performing
methods.

We further compared the performance of M5 with that of M1 over MIMIC-III prediction tasks. In the
length of stay prediction task, M5 and M1 had similar performance: for female patient visits, M5 had a
MAE of 4.60 versus 4.59 for M1; and over male patient visits, M5 had a MAE of 4.59 versus 4.60 for M1.
In the ICU readmission prediction task, for female patient visits, M5 achieved an AUROC of 0.67 versus
0.69 for M1; for male patient visits, M5 achieved an AUROC of 0.69 versus 0.68 for M1. We conclude
that for female patient visits, M1 is slightly preferred to M5.

APPENDIX B: COMORBIDITY CLASSIFICATION AUC DIFFERENCES

In addition to the analysis of AUC differences by bias in Section 3.1, we also analyzed the AUC
differences between the models by female prevalence proportion and female participant proportion.
The results can be seen in Figure 7.
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APPENDIX C: COMORBIDITY CLASSIFICATION AUC DIFFERENCES BY DISEASE

Disease

Lung Diseases, Interstitial (*)
Angioedemas, Hereditary
HIV Infections

Diphtheria

Steatohepatitis

Clinical malaria
Tuberculosis, Pulmonary

Cryopyrin-Associated Periodic
Syndromes
Measles

Pityriasis Rubra Pilaris (*)
Malaria
NOONAN SYNDROME 3

Chronic idiopathic
thrombocytopenic purpura
Gastroenteritis (*)

Immune thrombocytopenic
purpura

Muscular Dystrophy,
Facioscapulohumeral

Complete atrioventricular block

POLYARTERITIS NODOSA,
CHILDHOOD-ONSET
Early infantile epileptic
encephalopathy with
suppression bursts
Multiple Sclerosis

Viremia

Harlequin Fetus

Embolic stroke (*)
Thrombocythemia, Essential (*)
Retinal Vein Occlusion

Fabry Disease

Gaucher Disease (*)
Communicable Diseases
Ventricular Fibrillation (*)
Amyotrophic Lateral Sclerosis
Acute otitis media
Dysmenorrhea (*)
Leukopenia

Pulmonary Eosinophilia

Neutral
AUC

0.63
0.92
0.70
0.41
0.64
0.77
0.82
0.65

0.71
0.73
0.78
0.66
0.79

0.41
0.80

0.60

0.74
0.70

0.60

0.61
0.60
0.80
0.77
0.54
0.86
0.80
0.68
0.73
0.82
0.76
0.46
0.68
0.60
0.73

Gender-
Sensitive
AUC

0.81
1.00
0.62
0.26
0.52
0.79
0.84
0.67

0.75
0.83
0.80
0.72
0.80

0.16
0.76

0.66

0.80
0.64

0.64

0.75
0.74
0.79
0.82
0.81
0.87
0.82
0.78
0.75
0.91
0.79
0.52
0.75
0.71
0.77

Female
participants

0.64
0.65
0.38
0.57
0.49
0.55
0.38
0.43

0.51
0.50
0.56
0.39
0.63

0.52
0.62

0.39

0.31
0.54

0.44

0.69
0.29
0.53
0.36
0.53
0.47
0.36
0.45
0.50
0.34
0.41
0.49
0.77
0.58
0.60

Female
prevalence

0.66
0.50
0.30
0.60
0.30
0.40
0.59
0.50

0.53
0.49
0.40
0.50
0.61

0.41
0.61

0.44

0.57
0.61

0.44

0.67
0.54
0.55
0.46
0.66
0.48
0.50
0.50
0.57
0.25
0.45
0.53
1.00
0.54
0.53
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1

2

3 Hypertensive disease 0.81 0.87 0.46 0.44
g Acne 0.70 0.77 0.58 0.62
6 Juvenile arthritis 0.75 0.76 0.66 0.65
7 Polycystic Ovary Syndrome 0.46 0.58 0.97 1.00
8 Hyperinsulinism 0.77 0.77 0.50 0.72
?0 Hepatitis A 0.71 0.74 0.54 0.50
11 Lupus Vulgaris 0.79 0.82 0.83 0.54
12 Acne Vulgaris (*) 0.59 0.74 0.57 0.62
13 SHORT STATURE, 0.77 0.80 0.46 0.60
14 ONYCHODYSPLASIA, FACIAL

15 DYSMORPHISM, AND

16 HYPOTRICHOSIS SYNDROME

17 Erythema Multiforme 0.74 0.75 0.32 0.57
12 Lymphopenia 0.70 0.72 0.45 0.49
20 Dehydration (*) 0.71 0.93 0.51 0.49
21 Hepatitis C, Chronic 0.82 0.83 0.35 0.51
22 Dermatitis, Atopic 0.57 0.62 0.52 0.56
;i Pediatric Obesity 0.90 0.91 0.59 0.39
25 Primary Insomnia 0.89 0.90 0.61 0.40
26 genital fungal infection 0.72 0.71 0.47 0.32
27 Amyloidosis (*) 0.66 0.72 0.43 0.55
;g Epilepsies, Partial 0.71 0.68 0.47 0.52
30 Atherosclerosis 0.99 0.95 0.38 0.42
31 Genital infection (*) 0.72 0.82 0.45 0.71
32 Pertussis (*) 0.73 0.80 0.53 0.61
;i Pseudotumor Cerebri 0.51 0.54 0.98 0.77
35 Neutropenia 0.51 0.64 0.51 0.54
36 Macular Edema, Cystoid 0.86 0.87 0.54 0.48
37 Hemophilia A 0.64 0.68 0.07 0.60
gg .Pseud-omonas aeruginosa 0.80 0.85 0.45 0.47
40 infection (*)

o Hypophosphatemia 0.81 0.85 0.43 0.50
42 Sleep Apnea, Obstructive (*) 0.75 0.85 0.38 0.22
43 Cardiac Arrest (*) 0.79 0.87 0.46 0.38
44 Pharyngitis (*) 0.66 0.78 0.44 0.59
22 Blood Coagulation Disorders 0.53 0.40 0.42 0.78
47 Urticaria 0.84 0.86 0.53 0.61
48 Hematological Disease 0.76 0.64 0.51 0.63
49 Hyperbilirubinemia (*) 0.69 0.77 0.38 0.34
?1) Heart Failure, Systolic (*) 0.86 0.90 0.31 0.33
52 Sensory neuropathy 0.84 0.80 0.59 0.74
53 anaphylaxis 0.67 0.33 0.56 0.52
54 Skin Diseases, Infectious 0.72 0.67 0.37 0.51
gg Deglutition Disorders 0.76 0.79 0.44 0.69
57

58

59
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Seizures, Focal

Acute heart failure (*)
Malignant Carcinoid Syndrome
Ankylosing spondylitis (*)
hemorrhage as a complication
Oral candidiasis (*)

Colitis

Fibrosis, Liver

Systemic Scleroderma
Ulcerative Colitis (*)

Anorexia

Subacute Bacterial Endocarditis
Conjunctival hyperemia
Arthritis, Psoriatic (*)
Malnutrition (*)

Crohn Disease

Hepatitis C

Alopecia

Deep Vein Thrombosis (*)

Left Bundle-Branch Block
Sepsis

Tachycardia, Ventricular (*)
Coronary Occlusion

Hepatitis C Virus Infection
Sleep Apnea Syndromes
Uveitis

Chronic Obstructive Pulmonary
Disease EXACERBATION
Eosinophilia

Hypercalcemia

Congestive heart failure

Heart failure with normal
ejection fraction (*)
Clostridium difficile infection

Bacteremia

Stomatitis

Lupus Erythematosus, Systemic
(*)

Dyskinetic syndrome (*)

Heart failure (*)

Kidney Failure, Chronic
Ischemic stroke (*)
Cardiovascular Diseases (*)
Respiratory Failure

0.67
0.85
0.87
0.74
0.86
0.71
0.57
0.76
0.76
0.71
0.64
0.91
0.75
0.76
0.73
0.75
0.80
0.68
0.79
0.82
0.75
0.83
0.87
0.78
0.84
0.80
0.84

0.46
0.67
0.95
0.82

0.83
0.72
0.64
0.59

0.78
0.79
0.84
0.80
0.75
0.82
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0.75
0.90
0.92
0.87
0.84
0.76
0.61
0.78
0.81
0.77
0.65
0.94
0.80
0.84
0.83
0.76
0.81
0.72
0.86
0.83
0.82
0.92
0.87
0.82
0.89
0.84
0.86

0.47
0.81
0.96
0.89

0.87
0.76
0.57
0.80

0.83
0.93
0.88
0.88
0.84
0.82

0.50
0.35
0.51
0.35
0.35
0.55
0.35
0.38
0.75
0.44
0.42
0.48
0.57
0.49
0.49
0.52
0.33
0.62
0.53
0.27
0.47
0.26
0.29
0.34
0.39
0.63
0.32

0.45
0.57
0.40
0.57

0.57
0.44
0.52
0.88

0.40
0.33
0.42
0.42
0.43
0.39

0.51
0.44
0.57
0.38
0.47
0.85
0.54
0.43
0.79
0.53
0.60
0.47
0.54
0.51
0.61
0.53
0.42
0.68
0.49
0.48
0.46
0.35
0.22
0.42
0.27
0.54
0.42

0.48
0.63
0.44
0.52

0.57
0.50
0.56
0.83

0.61
0.44
0.36
0.43
0.30
0.47
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1

2

3 Ischemic cardiomyopathy 0.90 0.91 0.22 0.29
g Virus Diseases 0.75 0.71 0.44 0.53
6 Parkinson Disease 0.82 0.87 0.40 0.44
7 Chronic heart failure 0.80 0.84 0.27 0.44
8 Bronchiolitis 0.70 0.73 0.51 0.50
?0 Abdominal Infection 0.76 0.77 0.40 0.53
11 Liver Cirrhosis (*) 0.84 0.87 0.32 0.51
12 Cystic Fibrosis (*) 0.75 0.80 0.49 0.39
13 exudative macular 0.81 0.88 0.58 0.56
14 degeneration (*)

15 Respiratory Distress Syndrome, 0.83 0.87 0.38 0.47
16 Adult

17 Inflammatory Bowel Diseases 0.82 0.83 0.48 0.53
15 Diabetic Retinopathy (*) 0.77 1.00 0.45 0.45
20 Glaucoma 0.81 0.83 0.54 0.53
21 Low Vision 0.84 0.87 0.48 0.50
22 Coronary Arteriosclerosis (*) 0.79 0.87 0.35 0.25
;i Cerebrovascular accident (*) 0.72 0.85 0.36 0.45
25 Left Ventricular Hypertrophy 0.86 0.89 0.40 0.36
26 Cirrhosis (*) 0.71 0.83 0.35 0.51
27 Aortic Valve Stenosis 0.82 0.85 0.45 0.48
;g Lupus Erythematosus 0.79 0.78 0.90 0.83
30 Osteoporosis, Postmenopausal 0.62 0.79 0.97 0.97
31 (*)

32 Diabetic Neuralgia 0.82 0.86 0.40 0.44
33 Myocardial Infarction (*) 0.80 0.88 0.34 0.24
34 Pancreatitis 0.87 0.89 0.46 0.54
22 Tuberculosis 0.74 0.75 0.50 0.53
37 Postmyocardial infarction 0.89 0.89 0.26 0.25
38 syndrome

39 Diabetes Mellitus, Non-Insulin- 0.79 0.93 0.45 0.48
40 Dependent

41 Dental caries 0.80 0.63 0.53 0.56
42 Osteoporotic Fractures 0.83 0.85 0.62 0.46
ji Epilepsy 0.55 0.56 0.49 0.48
45 Overactive Bladder (*) 0.80 0.88 0.77 0.78
46 Cardiomyopathies (*) 0.85 0.91 0.30 0.36
47 Upper Respiratory Infections 0.81 0.85 0.51 0.54
22 Coronary Artery Disease (*) 0.88 0.93 0.35 0.23
50 Kidney Failure, Acute (*) 0.84 0.88 0.41 0.38
51 Acute myocardial infarction 0.88 0.91 0.25 0.24
52 Soft Tissue Infection 0.78 0.83 0.34 0.53
gi Hepatitis B 0.63 0.75 0.47 0.45
55 Symptomatic congestive heart 0.86 0.86 0.33 0.44
56 failure

57

58

59
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Sexually Transmitted Diseases
Gout (*)

Old myocardial infarction
Influenza

Movement Disorders (*)
Prediabetes syndrome (*)
Aortic Valve Insufficiency (*)
Dermatologic disorders
Obesity, Morbid

Venous Thromboembolism (*)
Cardiac Arrhythmia

aortic stenosis symptomatic

Age related macular
degeneration
Neuropathy (*)

Alzheimer disease, familial,
type 3 (*¥)
Migraine Disorders

Hyperglycemia (*)

Diabetes Mellitus
Hypomagnesemia

Coronary heart disease
Intermittent Claudication
Paroxysmal atrial fibrillation
Chronic sinusitis
Pneumococcal Infections
Heart Diseases (*)
Hypoglycemia

infection as a complication (*)
Hypoglycaemic episode
Pleural effusion disorder
Renal Insufficiency (*)
Benign Paroxysmal Positional
Vertigo (*)

Hay fever

Rheumatoid Arthritis (*)
Nasopharyngitis
Thrombocytopenia

Acute Cerebrovascular
Accidents

Sinusitis

Atrial Fibrillation

Synovitis

Acute Coronary Syndrome (*)

0.61
0.81
0.90
0.68
0.78
0.78
0.67
0.76
0.87
0.82
0.80
0.89
0.89

0.78
0.69

0.73
0.75
0.80
0.91
0.93
0.88
0.87
0.76
0.86
0.84
0.72
0.83
0.87
0.88
0.82
0.64

0.76
0.74
0.78
0.73
0.87

0.80
0.82
0.81
0.81
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0.72
0.89
0.93
0.77
0.85
0.85
0.73
0.79
0.86
0.90
1.00
0.91
0.91

0.90
0.60

0.71
0.83
0.90
0.93
0.97
0.84
0.90
0.79
0.81
0.89
0.77
0.91
0.85
0.90
0.93
0.79

0.79
0.86
0.79
0.79
0.91

0.81
0.84
0.82
0.91

0.57
0.15
0.29
0.47
0.44
0.59
0.56
0.47
0.62
0.51
0.34
0.53
0.58

0.50
0.48

0.79
0.47
0.44
0.33
0.43
0.38
0.37
0.47
0.49
0.36
0.46
0.46
0.44
0.46
0.35
0.52

0.51
0.77
0.48
0.45
0.47

0.58
0.37
0.72
0.32

0.44
0.23
0.29
0.53
0.52
0.50
0.47
0.68
0.60
0.54
0.50
0.48
0.56

0.47
0.63

0.68
0.50
0.48
0.76
0.23
0.38
0.60
0.57
0.50
0.35
0.60
0.51
0.60
0.47
0.35
0.69

0.54
0.76
0.57
0.52
0.47

0.58
0.46
0.63
0.32
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1

2

3 Rhinitis 0.81 0.84 0.53 0.54
g Allergic rhinitis (disorder) 0.77 0.80 0.53 0.54
6 Hypertriglyceridemia (*) 0.64 0.84 0.53 0.40
7 Psoriasis 0.72 0.80 0.38 0.50
8 Hyperlipidemia 0.83 0.78 0.42 0.48
?0 (I\L(;nalcoholic Steatohepatitis 0.79 0.86 0.53 0.43
1; Complications of Diabetes 0.85 0.90 0.45 0.47
13 Mellitus (*)

14 Stable angina (*) 0.85 0.92 0.31 0.38
15 Osteoarthritis, Knee 0.80 0.83 0.58 0.64
16 Diabetic peripheral neuropathy 0.87 0.88 0.39 0.39
17 Febrile Neutropenia 0.76 0.83 0.56 0.66
13 Asthma (*) 0.67 0.73 0.54 0.50
20 Allergic asthma 0.78 0.78 0.56 0.50
21 Non-alcoholic Fatty Liver 0.78 0.83 0.45 0.43
22 Disease

23 Transient Cerebral Ischemia 0.83 0.88 0.35 0.52
;‘5‘ cardiac event 0.83 0.88 0.37 0.33
26 Kidney Failure (*) 0.85 0.94 0.40 0.37
27 Hypercholesterolemia (*) 0.74 0.87 0.48 0.53
28 Chronic Obstructive Airway 0.79 0.82 0.33 0.42
29 Disease

30 Varicosity (*) 0.73 0.82 0.66 0.81
;; Persistent asthma 0.79 0.77 0.53 0.48
33 Chronic Kidney Diseases (*) 0.85 0.92 0.40 0.37
34 Arthropathy (*) 0.68 0.83 0.59 0.59
35 Osteopenia 0.81 0.88 0.70 0.86
g? Irritable Bowel Syndrome 0.75 0.74 0.75 0.64
38 Transient Ischemic Attack (*) 0.82 0.87 0.32 0.52
39 Spinal stenosis of lumbar 0.85 0.85 0.55 0.49
40 region

41 Vitamin D Deficiency 0.66 0.76 0.63 0.69
42 Collagen Diseases 0.75 0.78 0.82 0.61
ji Arteriopathic disease 0.81 0.87 0.38 0.53
45 Essential Hypertension 0.83 0.79 0.43 0.49
46 Hypothyroidism 0.76 0.79 0.71 0.80
47 Peripheral Vascular Diseases (*) 0.86 0.93 0.33 0.44
22 Retinal Diseases (*) 0.82 0.88 0.42 0.52
50 Respiratory Tract Infections 0.63 0.70 0.49 0.53
51 Herpes zoster disease (*) 0.75 0.84 0.54 0.55
52 Peripheral Arterial Diseases 0.88 0.91 0.29 0.44
gi Arthritis 0.82 0.81 0.61 0.61
55 Dry Eye Syndromes 0.48 0.56 0.70 0.67
56 Kidney Diseases 0.83 0.86 0.42 0.40
57

58

59
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Liver diseases

Osteoporosis (*)

Cerebrovascular Disorders

Fibromyalgia
Peripheral Neuropathy
Childhood asthma
Erythema (*)
Paresthesia
Dyslipidemias
Cerebral Infarction
Spondylarthritis
Incontinence

Vascular Diseases
Obesity (*)

Eczema

Chronic low back pain
Iron deficiency anemia

Community acquired
pneumonia (*)
Anemia, severe

Hyperuricemia
Metabolic Diseases
Pneumonia

arthritis symptoms

Lung diseases

nervous system disorder

Gastroesophageal reflux
disease
Bone Diseases

Urinary tract infection
Disorder of eye
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0.68
0.76
0.90
0.70
0.80
0.73
0.67
0.76
0.80
0.85
0.84
0.77
0.83
0.66
0.67
0.79
0.72
0.59

0.83
0.83
0.95
0.87
0.75
0.83
0.85
0.68

0.86
0.71
0.66
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0.77
0.85
0.94
0.71
0.84
0.76
0.75
0.79
0.85
0.88
0.82
0.79
0.92
0.77
0.71
0.83
0.73
0.76

0.84
0.86
0.96
0.92
0.80
0.70
0.82
0.67

0.86
0.71
0.98

0.36
0.81
0.32
0.92
0.54
0.39
0.51
0.60
0.44
0.49
0.35
0.83
0.38
0.62
0.46
0.51
0.71
0.43

0.58
0.26
0.54
0.44
0.72
0.50
0.56
0.50

0.47
0.59
0.55

0.46
0.86
0.50
0.57
0.52
0.50
0.59
0.59
0.49
0.45
0.60
0.78
0.55
0.56
0.58
0.53
0.72
0.51

0.69
0.58
0.52
0.51
0.52
0.49
0.57
0.56

0.60
0.82
0.54
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APPENDIX D: EXPERIMENTS WITH A DIFFERENT UPSAMPLING METHOD

oNOYTULT D WN =

9 We experimented with a different upsampling method, where instead of basing the abstract weights on
10 the number of female participants in each trial, we base it on the total number of participants, and

11 name it trial size embedding. We use the same mapping from number of participants to repetitions as
12 described in Section 2.3. We evaluated the embedding on both MIMIC-III tasks: length of stay prediction
and ICU readmission prediction.

On both tasks, the performance of the trial-size model is competitive with that of the gender-sensitive
model. A possible explanation for this is that large clinical trials tend to be of higher quality and to
18 include more women.

24 6.18
6.17
27 6.16

28 6.15

29 6.14

30 ' 6.13
31 6.13 6.12 .12

32 6.12

33 :

34 6.11

35 6.1

36

37 6.09

38 RMSE (all) Female RMSE Male RMSE

40 B Gender-sensitive M Neutral baseline  m Trial size

Figure 8: RMSE for the length of stay prediction task for three models: gender-sensitive, neutral and trial-size based model.
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0.67 0.67
0.66

0.66 0.66 0.65
0.65 0.65 0.64

0.64
0.64
0.63 0.63
0.62
0.61

0.6
AUC Female AUC Male AUC
B Gender-sensitive  ® Neutral baseline Trial size

Figure 9: AUROC for the ICU readmission prediction task for three models: Gender-sensitive, neutral and trial-size based model.

APPENDIX E: IMPLEMENTATION DETAILS OF DOWNSTREAM TASKS

In this appendix we report the implementation details for the downstream tasks used to evaluate the
embeddings. The two comorbidity tasks are based on Maccabi EHR data. We divided the female patients
in the dataset into two equal sized parts of 300K patients each. The first part was used to compute
global comorbidity statistics, and the second part was used to generate the patient-level comorbidity
task. The other two tasks are based on MIMIC-1II data.

Comorbidity Classification

The data for this task is composed of disease pairs and a binary label indicating whether they are
comorbidities in women. We generated 1,048,575 CUI pairs based on the disease CUIs that were found
by Metamap on Pubmed abstracts. For each disease pair (4, B), denote by P45 the number of female
patients with both diseases in Maccabi EHR, by P4 the number of female patients with disease A and by

Pota the number of people without disease A. The statistical test we computed is z-test for one-sided
Pup Pp
proportion difference, to determine if disease A increases the probability for disease B, i.e.: e

Prota’
We computed the test both ways (to determine if disease B increases the probability for disease A as
well). If the p-value for both tests was lower than 0.05, we set the label to True (the two diseases are
comorbidities). We included only rows where the number of patients in each disease was over 30,
leaving 50,965 pairs, 23,663 of them with a positive label.

The disease pairs were divided into 5 cross validation folds. For each fold, we trained a classifier on 80%
of the data, and tested its performance on the remaining 20%. The predictor variables for the classifier
were the concatenated embeddings of the two diseases, meaning that the classifier had 2 - d features
where d is the embedding dimension. In our experiments, d = 40. As the model, we used a single layer
neural network with 50 neurons and ReLU activation function, followed by a single neuron with sigmoid
activation. We used the Adam optimizer with binary cross entropy loss. We used batch size of 32 and
step size of 1e-3.
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Patient-level comorbidity prediction

The goal of this task is: given a patient’s diagnoses history, predict what other diseases they may be
diagnosed with over the next three years. To build the dataset, for each female patient in the Maccabi
EHR data portion designated for this task, we extracted the sequence of diseases they were diagnosed
with over the years that the dataset spans (2003-2016). We included only patients with at least five
years of diagnoses. The diagnoses from the last three years in the sequence that did not appear in the
patient’s history are the set of labels for that patient. The predictor variables are the ordered sequence
of previous diagnoses. We divided the diagnoses sequences to 80% train and 20% test.

Our model is composed of (1) a frozen embedding layer which is initialized with the evaluated
embedding, (2) a single-layer LSTM with 10 units, to aggregate the patient’s previous diagnoses, and (3)
N binary classifiers — one for each future disease. In our setting we set N = 550, which is the number of
future diseases that appeared in at least 10 patients in the training set.

Due to the sparsity of the data (most diseases appear in only a small fraction of the patients), we trained
the model using a weighted multilabel binary cross entropy loss, where positive labels are weighted
higher than negative labels. The specific weights were calculated based on the label balance in each
disease, and the details can be found in our publicly available code®. We used Adam optimizer with
batch size 32 and step size 1e-3.

For each embedding set, we initialized the model with it and trained for 10 epochs, and then generated
predictions on the test set. We calculated the AUROC for each disease classifier separately and then
averaged them.

Length of Stay prediction

The MIMIC-III dataset contains 58,976 hospital admissions with 61,532 ICU stays over 46,520 distinct
patients. After removing patients under the age of 18 (which are mostly newborns), 38,552 patients
remain. We randomly divide the patients to train (80%) and test (20%) sets, so that data from a single
patient cannot appear in both the train and the test. The train set contains 30817 patients (44% female),
and the test set contains 7735 patients (43% female).

In this task, the goal is to predict a patient’s length of stay in the hospital, in days. We model the task as
a regression problem. The set of predictor variables are patient demographics (gender, age, ethnicity),
aggregated numerical features (number of previous admissions, number of previous procedures,
number of previous diagnoses, and the number of days since last admission), previous diagnoses
embeddings, and primary diagnosis embedding (the first diagnosis in the admission). The evaluated
embedding models affect only the diagnoses features. The diagnoses are provided as ICD-9 codes in the
MIMIC-IIl dataset, and the embedding models are trained on UMLS CUI codes. Therefore, we use a
mapping from ICD-9 to CUI codes before the embedding.

The previous diagnoses embeddings are summed and concatenated to the primary diagnosis embedding
and to all other features. This combined feature vector is fed into a neutral network of three layers of

1 https://github.com/shunita/gender sensitive
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widths 40, 20, and 1 neurons, with ReLU activation between layers. The model is trained with the MSE
loss function, using the Adam optimizer, for 10 epochs with step size 5e-4 and batch size 256.

ICU readmission prediction

In this task the goal is to predict the unplanned readmission of a patient to the ICU, at the time of their
discharge. We use the same filtering and partitioning of the patients as described in the length of stay
prediction task. As the predictor variables we use all the features described in the length of stay task, as
well as all the diagnoses in the patient’s admission.

The sum of previous diagnosis embeddings and the sum of current diagnosis embeddings are
concatenated, along with all other features, into a combined feature vector. That vector is fed into a
classifier, which we implement as a neural network of three layers of widths 100, 50 and 1 neurons, with
RelLU activation between the layers. The model was trained using the Adam optimizer for 20 epochs
with batch size 32 and step size 1e-5. AUROC was measured on the test set for each of the evaluated
embedding models.

APPENDIX F: AGE ANALYSIS OF LENGTH OF STAY ERROR

In addition to our analysis of the length of stay error by gender, we also compared the MAE of the two
models by age and gender groups. Ages were grouped to 10-year bins. The results are shown in Figure
10.

5.50 ® Gender-sensitive MAE

5272
B Neutral baseline MAE
5.00 4.92
4 78 ;
269, 47 4.7 474 a0
4 65 4.65 a61
445 449 i 4.49
450 239 4.41
426 i
4.18
4.07
4.00
3.50 |
3.00
M F M
18-28 28-38 38-48 4858 58-68 68-78 78-88 88-98

Figure 10: MAE for the length of stay regression task by age and gender.

We noted that for all age groups except for the younger ones (18-28, 28-38, 38-48), the gender-sensitive
model performed better. In the 38-48 age group, the gender-sensitive model performed better for
female patient visits but worse for male patient visits. The advantage of using the gender-sensitive
model increases with the age of the patient and is usually larger for female patients. We hypothesize
that as the patients are older, they may suffer from more complex conditions, which may manifest
differently in female and male patients.
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APPENDIX G: ADDITIONAL FEATURES IN THE ICU READMISSION TASK

We experimented with adding the commonly used features in ICU readmission prediction to our model
[53]. Specifically, we added the following features out of the MIMIC-III events table: categorical features
included Glascow coma scale eye opening, Glascow coma scale motor response, and Glascow coma
scale verbal response. Numeric features included Glascow coma scale total, capillary refill rate, diastolic
blood pressure, systolic blood pressure, mean blood pressure, oxygen inspired fraction, oxygen
saturation rate, glucose, heart Rate, respiratory rate, temperature, pH, height, and weight. For each
feature we extracted the first and last measured value, and for numeric features we also included the
average of the feature values over the duration of the ICU stay.

Additionally, we used the previously described features: patient demographics (gender, age, ethnicity),
and aggregated numerical features (number of previous admissions, number of previous procedures,
number of previous diagnoses, and the number of days since last admission).

We trained a classifier to predict ICU readmission for female patients, as in the original experiment. The
model we used as a classifier is the same: 3-layered neural network, of widths 100, 50 and 1 neurons,
with ReLU activation between the layers. We trained the model for 5 epochs using an Adam optimizer
with batch size 128 and step size 1e-4.

When trained only on the commonly used features for ICU readmission prediction (the aforementioned
numerical and categorical features), the classifier reached an AUROC of 0.68 on female patient visits.
However, when we added the gender-sensitive embeddings of current and past diagnoses, the model
reached an AUROC of 0.72 on female patient visits. We deduce that adding the embeddings of previous
diagnoses can improve the results of previous works who did not use them.

https://mc.manuscriptcentral.com/jamia



