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ABSTRACT

Background: Equitable deployment of clinical artificial intelligence systems requires consistent performance across diverse
patient populations. However, race information in electronic health records is often missing/inconsistently documented, limiting
the ability to construct representative cohorts or assess algorithmic bias. This study evaluates model performance and fairness
in predicting race from clinical text.
Methods: We compared four transformer-based deep learning models with a hierarchical convolutional neural network
designed to capture the multilevel structure of clinical narratives. A two-phase active learning framework guided annotation of a
primary care database. A fairness-aware loss function was applied to mitigate disparities across racial groups. Each model was
trained with and without fairness-aware optimization. Performance and equity were evaluated using 10-fold cross-validation
and subgroup audits across race, sex, age, and their intersections.
Results: Here we show that the hierarchical convolutional neural network achieves higher accuracy and performance equity
than transformer models (macro F1 = 98.4%). Fairness constraints enhance parity across most transformer architectures, but
degrade hierarchical model performance and cause one clinical model to collapse toward majority predictions, demonstrating
that fairness interventions are highly model dependent. Persistent disparities across race, sex, and age indicate that inequities
reflect architectural limitations and systemic biases.
Conclusions: This study demonstrates that fairness can be integrated into clinical language models, though effects vary
by model type. Architectures aligned with clinical text structure inherently promote fairness, yet mixed fairness constraint
outcomes highlight the need for tailored interventions. Persistent demographic disparities show that algorithmic bias often
reflects upstream documentation inequities. This framework offers a scalable path toward equitable NLP for clinical artificial
intelligence.

Plain language summary
Medical records often lack information about patients’ race, making it hard to identify potential race-associated health
inequalities. We developed computer programs to find race information in doctors’ notes. We tested different types of artificial
intelligence models and added special rules to make them work fairly for all racial groups. We found that a model designed
to read notes the way doctors write them worked best. Adding additional fairness rules helped some models but hurt others,
showing there is no one-size-fits-all solution. Many differences we saw came from how doctors write their notes differently for
different patient groups. This research shows we can build fairer medical artificial intelligence, but fixing computer programs
alone is not enough. We also need to improve how health information is recorded.
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Introduction
Institutionalized and internalized forms of racial discrimination play a significant role in shaping both health outcomes and
healthcare utilization1. A substantial body of research has shown that racial background is closely linked to disparities across a
range of health indicators2–8. Race is a multidimensional construct that often serves as a proxy for exposure to systemic and
structural health risks shaped by social, behavioral, and environmental conditions. These socialized expressions of race can
result in biologically relevant outcomes, contributing to persistent disparities in morbidity and mortality9. As social constructs,
race and ethnicity remain critical lenses through which to examine inequities in healthcare access, quality of care, and broader
social determinants of health, including housing, education, and nutrition. Evidence consistently shows that ethnic minority
populations, particularly non-white groups, experience worse health outcomes than their white counterparts4. However, the
temporal development and distribution of racial disparities across specific health conditions, especially among underrepresented
groups such as the Hispanic population in America, remain poorly understood. Enhancing the consistency and utility of patients’
racial and ethnic backgrounds is essential for advancing equity-focused research, enabling the creation of demographically
informed cohorts, supporting analyses of disease onset and risk stratification by ethnicity, and guiding the development of
targeted interventions and equitable resource allocation. A critical first step toward this goal is evaluating the feasibility of
developing fair and robust algorithmic approaches that can transform unstructured clinical text into structured representations
of race and ethnicity, enabling consistent identification and classification within electronic health records (EHRs).

EHRs have emerged as a key source of real-world data for capturing social determinants of health factors, such as race,
enabling the study of how social risk factors influence disease onset, treatment, and health service utilization10. However,
many social risk factors—including race—are inconsistently documented, particularly in structured EHR fields, which are
often incomplete, outdated, or poorly aligned with evolving social constructs11, 12. Several studies have quantified the extent
of missing or incomplete race and ethnicity information within structured EHR fields, revealing that these gaps remain a
significant barrier to equitable data representation. Analyses of clinical text have revealed an additional 948 patients identified
as Black (+26%) and 665 as Hispanic (+20%) beyond what was captured in structured EHR fields13. Across EHRs, missing
or uninformative race entries range from 25% to over 57%14, with misclassification disproportionately affecting multiracial
patients and other minoritized groups15. These omissions are not merely technical deficiencies; they distort population
denominators, obscure health inequities, and introduce systematic bias into downstream analyses. In contrast, unstructured
clinical text provides a rich but underutilized source of social and behavioral information. Yet, extracting meaningful insights
from free-text data poses its own challenges due to its unstructured nature, domain-specific language, and high variability in
grammar and spelling16–18. Recent advances in machine learning, particularly in natural language processing (NLP), offer
promising tools for identifying such factors from clinical narratives12, 19, 20. Applying these methods to identify race in EHRs
can enable the creation of higher-quality datasets, facilitate the study of racial disparities, and ultimately support more equitable
healthcare delivery.

Most existing approaches for extracting social determinants of health from clinical text rely on transformer-based or
conventional deep learning models that treat text as a flat sequence of tokens21, 22. However, clinical documentation is inherently
hierarchical—composed of sentences within notes, and notes across multiple encounters—each contributing different layers
of contextual meaning23. Ignoring this structure can limit a model’s ability to capture important semantic and temporal
dependencies. Hierarchical architectures explicitly model these nested relationships, learning both word-level and sentence-
level representations24, which is particularly valuable in clinical NLP tasks where meaning is distributed across multiple notes
and encounters. Despite their potential, hierarchical models remain underutilized in health-related NLP applications.

While transformer-based and other deep learning models have dominated recent clinical NLP research, it is important to note
that rule-based and hybrid approaches remain viable alternatives, particularly for large-scale deployment. Rule-based systems
using predefined patterns and lexicons offer high interpretability and computational efficiency13, 21. However, they struggle with
linguistic variability and contextual ambiguity25. Hybrid architectures combining rule-based filtering with machine learning
models have emerged as a pragmatic solution: a recent study processed 2.1 billion clinical notes in two weeks using dual A40
GPUs by integrating rule-based filtering with BERT26. The choice between approaches involves trade-offs among accuracy,
computational cost, and scalability. This study focuses on developing fairness-aware models for research applications where
accuracy and equity detection are prioritized over institutional-scale deployment efficiency.

As machine learning becomes increasingly integrated into healthcare systems, concerns about algorithmic bias and fairness
have grown more pressing27–29. Deep learning models trained on real-world clinical data risk perpetuating or amplifying existing
disparities if ethical considerations—such as accountability, transparency, and privacy—are not systematically addressed.
Predictive models must not only be accurate but also equitable, ensuring fair treatment across patient populations. Fairness is
especially critical in the healthcare domain, given the historical marginalization of certain groups (e.g. racial and ethnic groups)
in clinical care and research30. This concern is further amplified when models are tasked with classifying patients based on
their social determinants of health, where the outcome variables themselves often represent protected attributes (e.g. sexual
orientation, marital status, employment status, income, housing status). In such contexts, ensuring equitable model behavior is
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essential, as biased predictions can exacerbate existing inequities in downstream healthcare applications, such as in healthcare
access, treatment, and outcomes for already vulnerable populations.

Despite the urgency of these concerns, only a small number of studies have explicitly evaluated algorithmic bias in the
extraction of social constructs from EHRs; to our knowledge, only two have evaluated bias in this context31, 32. Yu et al.
identified performance gaps exceeding 16% across racial groups when extracting social determinants of health, highlighting
persistent disparities by race and gender31. Similarly, Guevara et al. assessed algorithmic bias by introducing race and ethnicity
descriptors into clinical narratives, demonstrating that fine-tuned models exhibited lower bias than ChatGPT32. However, in both
cases, bias evaluation was treated as a secondary consideration within broader studies of social determinants extraction, rather
than as a central design objective. Moreover, neither incorporated fairness constraints during model training or systematically
examined bias across intersecting demographic axes (race, sex, and age). There is a pressing need for more comprehensive
assessments of how bias emerges during data collection, model development, and deployment, especially for underrepresented
groups, to address bias in predictive modeling33. Furthermore, it is equally important to explore and evaluate strategies that can
improve model fairness and promote more equitable predictive outcomes.

This study investigates the automatic document-level classification of patient race from unstructured clinical text within
EHRs as a critical step toward capturing social constructs that inform care phenotypes, enabling the assessment of healthcare
equity and the identification of populations receiving lower-quality care. Unlike named-entity recognition or sentence-level
concept extraction, which identify local mentions of race within notes, our objective is to determine each patient’s overall
racial category based on their complete longitudinal documentation. This formulation aligns with the practical use case of
augmenting or validating structured demographic fields and enables population-level analyses of equity and care quality. To
achieve this and address the current gaps in the literature, we first implemented an active learning framework to efficiently
guide the annotation process by prioritizing notes likely to contain race-related information. We then compared state-of-the-art
transformer-based models with a hierarchical convolutional neural network designed to represent the multi-level structure of
clinical documentation, thereby capturing contextual dependencies across sentences and encounters. Next, we evaluated the
impact of fairness-aware optimization techniques, including a loss function inspired by equalized odds, to determine whether
such constraints improved predictive balance across racial groups. Finally, we analyzed potential sources of bias by examining
how dataset composition and sensitive attributes such as sex and age influenced model performance. This work seeks to
develop more robust, interpretable, and equitable methods for racial, and more widely social determinants of health, information
extraction from clinical text, ultimately supporting the creation of more representative datasets for health equity research.

Our results show that the hierarchical convolutional neural network achieves higher overall performance and greater
inter-group equity than transformer-based models, with strong accuracy and near-zero false positive rates for most racial
groups. Fairness constraints improve parity for several architectures, though not universally. One transformer model exhibits
reduced stability under fairness-aware training, while the hierarchical model maintains balanced performance but with some
modest subgroup disparities. Persistent inequities across race, sex, and age suggest that structural factors such as pretraining
bias and documentation patterns, rather than class imbalance alone, drive residual disparities. These findings demonstrate
that fairness can be integrated directly into model architecture and training, offering a scalable framework for equitable and
trustworthy clinical NLP, though achieving truly fair clinical aritifical intelligence requires addressing documentation practices
and structural biases at their source.

Methods

Dataset overview
The dataset used to evaluate the models was the University of Toronto Practice-Based Research Network (UTOPIAN) Data
Safe Haven, which is a repository of de-identified EHR data on over 400 family physicians, 96 clinics, and ∼400,000 patients
in Ontario34. The three EHR vendors from which the UTOPIAN database extracts data from are among the most commonly
used EHR vendors in family physician practices in Ontario35, 36.

To define the baseline cohort, all physicians and their patients with insufficient or low-quality data were excluded. For each
data cycle, physicians were removed if they had fewer than 20% of billing, laboratory, or medication records available, or fewer
than 200 rostered patients. Patients were included only if their physician met these data-quality thresholds, and if they had a
valid sex and age, an EHR start date at least one year before the data extraction cut-off (unless younger than one year of age),
populated entries in any of the cumulative patient profile tables, and were either rostered to a physician or had at least two
family physician visits within the preceding three years. The social history and risk factor sections represent semi-structured
fields within the cumulative patient profile and contain routinely collected information on patients’ social determinants of
health, typically updated during clinical encounters. These sections comprised 561,210 patient entries. Each entry in the EHR
was timestamped, but some patients had multiple, textually identical records over time. To reduce redundancy, only the most
recent entry was retained when repeated entries began with identical text.
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The modeling cohort included adults aged ≥18 years as of December 31st, 2021, as social and contextual constructs were
infrequently documented for children and youth. Eligible entries were grouped by patient, and the semi-structured fields from
the cumulative patient profile were merged. To ensure a representative sample of the UTOPIAN database, we randomly selected
1.5% of patients from each clinic, yielding a final cohort of 4,375 patients. We verified that the random sample reflected the
overall database distribution by comparing age, sex, and EHR start date, and confirmed that all physicians within each clinic
were represented, with a similar number of patients per physician as in the full dataset.

A reference standard was developed by an annotator (R.A.) who manually labeled social phrases in the cohort according to
predefined annotation guidelines, creating a labeled dataset for supervised machine learning models. The labeling framework
followed a two-tier structure for race/ethnicity classification. The primary tier consisted of binary labels: present and absent,
where present indicates the mention of race or ethnicity within the clinical note, and absent signifies no such mentions.
Entries labeled as present were further categorized into nine distinct subclasses, aligned with the Canadian Institute for
Health Information guidance on the use of race-based and Indigenous identity data collection and health reporting in Canada:
White, Black, East Asian, Southeast Asian, South Asian, Middle Eastern, mixed heritage, Latin American, and Indigenous37.
Additionally, missingness was treated as informative and was maintained as a separate category (absent) in the second-tier
classification scheme. This hierarchical labeling approach enables both broad detection of race-related information and
fine-grained categorization of racial and ethnic origins when such details are available in clinical documentation. To ensure
annotation reliability, approximately 5% of the sample (219 sentences) was independently annotated by a second annotator
(S.A.), yielding an inter-rater reliability kappa value of 0.91. Furthermore, S.A. was responsible for annotating the labels
produced from the active learning phase.

Ethics approval and consent to participate
This study was conducted in accordance with the ethical standards outlined in the Declaration of Helsinki and all applicable
institutional guidelines. The use of de-identified electronic health record data was reviewed and approved by the University of
Toronto Health Sciences Research Ethics Board (REB #40129) and the North York General Hospital Research Ethics Board
(REB #20-0044). The requirement for informed consent was waived by both boards, as the study used only de-identified data
and posed minimal risk to participants. All data access, storage, and analysis were performed within the University of Toronto
Practice-Based Research Network Data Safe Haven under approved governance protocols.

Active learning pipeline
Extracting race and ethnicity information from clinical text presented significant challenges, driven by its predominantly
missing-not-at-random distribution in the annotated baseline sample and the complexity of identifying race-related cues across
diverse documentation styles. To address these limitations, we implemented a machine learning framework centered on active
learning, inspired by the work of Lybarger, Ostendorf, and Yetisgen38, to strategically guide sampling toward entries more
likely to contain race-associated linguistic features. This approach aimed to improve annotation efficiency and mitigate class
imbalance, while maintaining interpretability and reproducibility across the corpus.

As illustrated in Figure 1, the framework consisted of two main phases: an initial training phase and an active learning
phase. In the initial training phase, labeled clinical text was preprocessed to standardize structure and formatting, after which
numerical embeddings were generated to capture semantic relationships within the narratives. These embeddings and their
corresponding labels were used to train a baseline classifier based on the BERT architecture, forming the foundation for
subsequent iterative refinement.

The second phase employed an iterative active learning mechanism comprising four key components: (1) text processing,
where unlabeled notes were preprocessed and converted into embedding vectors; (2) classification and uncertainty assessment,
in which the trained classifier produced prediction scores, and a query function identified samples with the highest uncertainty;
(3) human annotation integration, where these uncertain samples were prioritized for expert labeling to create high-quality
reference data; and (4) iterative refinement, a feedback loop where the classifier was retrained with the newly annotated
examples and remaining unlabeled samples were reassessed.

Hierarchical classifier
The classification approach used a two-level hierarchical model based on the BERT-base variant architecture, fine-tuned for
race and ethnicity classification, and aligned with the two-tier labeling structure. At the first level, a binary classifier determined
whether race-related information was present in the clinical text. If such information was detected, the second-level classifier
assigned the text to one of the nine predefined racial categories. This hierarchical architecture was designed to address the
extreme class imbalance in the EHR database, where notes lacking race-related content outnumber those with such mentions by
a ratio of 71 to 1. By splitting the task into two stages, each model was optimized for a distinct objective: the first-level classifier
was trained to detect race-related content under highly imbalanced conditions, while the second-level classifier performed
fine-grained categorization without being affected by the majority of race-absent samples. This structure also offered several
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Figure 1. Schematic representation of the two-phase active learning pipeline for race/ethnicity classification from
clinical text. Phase I is the initial training phase, where labeled clinical text is processed to train a base classifier. Phase II
shows the active learning phase, where unlabeled notes are processed and classified using the model trained in Phase I, with
uncertain predictions identified through a query mechanism. Human annotators provide labels for the most uncertain cases,
which are then used to retrain the classifier in an iterative feedback loop.

advantages, including improved training efficiency, flexibility to apply targeted sampling and class weighting strategies at each
level, and enhanced interpretability by decoupling detection from classification.

The BERT-base model used to guide sample selection was trained on the baseline annotated set without fairness constraints.
This design choice was deliberate, intended to examine whether conventional uncertainty-based active learning (commonly
applied in clinical NLP without fairness adjustments38–40) could inadvertently introduce demographic bias into the annotated
dataset. Although fairness auditing of this preliminary model was not a primary objective of the study, we assessed the
demographic composition of the actively sampled data to identify any sampling disparities.

The hierarchical CNN model architecture

Our model design was inspired in part by prior work combining CNN-based architectures with token-level selection strategies
for EHR classification tasks41. The proposed hierarchical CNN model combined BERT-based contextual embeddings with
convolutional neural networks at both the word and sentence levels to support hierarchical document classification by capturing
both local n-gram features within sentences while identifying salient sentence-level information across the document. Unlike
static embeddings (e.g., Word2Vec or GloVe), BERT provides dynamic, context-aware representations, enabling the model to
better interpret domain-specific terminology, abbreviations, and polysemous language without requiring additional task-specific
pretraining. We selected CNNs and attention mechanisms as a lightweight yet expressive alternative to stacking multiple
transformer layers, reducing model complexity while enhancing interpretability. This structure enables direct insight into the
model’s decision-making process without relying on post-hoc explainability techniques. Figure 2 shows a schematic of the
proposed hierarchical CNN model.
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Figure 2. Schematic of the proposed hierarchical CNN model. Each EHR document (e.g. D1) is tokenized into sentences
using a custom sentence tokenizer. Each sentence is further tokenized using the BERT tokenizer, generating subword tokens
(w11 to wnn). These tokens are passed through the BERT encoder, producing an embedding matrix for each sentence of size
[512 x 768], where 512 represents the maximum token length and 768 is the hidden size of the BERT-base model. Each
example sentence is color-coded throughout the figure for clarity. The BERT-encoded embeddings of each sentence are then
processed through four sets of 1D convolutional filters with different kernel sizes. This is followed by global max pooling and
concatenation into an n-dimensional feature vector for each sentence. The feature vectors are then passed through a word-level
attention layer to produce sentence-level representations. A similar process is applied for sentence-level processing, where the
stacked sentence features pass through three sets of 1D convolutional filters in sequence with different kernel sizes, followed by
global max pooling and concatenation. This produces an n-dimensional feature vector for each sentence, which passes through
the sentence-level attention layer to produce the final document vector (v1) used for classification by the output layer after
being processed through the final fully connected layer.

At the word level, each sentence was passed through a pre-trained BERT model to obtain contextual token embeddings.
These embeddings were reshaped to fit a convolutional input format and passed through several 1D convolutional layers with
different kernel sizes to capture local n-gram patterns. Each convolutional output underwent max pooling and was concatenated
into a fixed-size vector. An attention mechanism was then applied to assign higher weights to more informative features within
each sentence. Specifically, attention scores were computed using a tanh-transformed projection followed by a learned context
vector, and the final weighted sum of these features forms the sentence representation.

These sentence representations were stacked to form a tensor representing the entire document. This tensor was passed to
the sentence-level CNN module, which applied additional 1D convolution operations across the sentence sequence to detect
higher-order inter-sentence dependencies. The outputs of these convolutions were pooled and further refined through a second
attention mechanism that identified key sentences contributing most to the classification objective. Similar to the word-level
attention, sentence-level attention weights were derived using a learned transformation and a context vector. The weighted
sum of sentence representations produced a single document vector, which was passed through a fully connected layer and a
softmax output layer to yield the final class probabilities.

Data preprocessing
For the BERT-based models (BERT, RoBERTa, DeBERTa, and BioClinicalBERT), we adopted the standard preprocessing
pipeline used for transformer-based text classification. Each document was treated as a single flat sequence and tokenized
using their corresponding pre-trained tokenizer. Truncation and padding were applied to a fixed maximum input length of 512
tokens, in accordance with model-specific constraints. Attention masks were generated to distinguish between true tokens
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and padding. Special tokens (e.g., [CLS] and [SEP]) were automatically added where required, following each model’s
architecture. All preprocessing steps—including casing, token handling, and normalization—were performed in accordance
with the recommended settings of each pre-trained model to ensure compatibility and reproducibility.

Although the hierarchical CNN and transformer models differed in how they structured input (sentence-level vs. flat
sequence), both pipelines employed the same BERT-based tokenizer to ensure consistency in token representation. To preserve
the hierarchical document structure for the hierarchical CNN, we first applied sentence segmentation before encoding the
individual sentences using the BERT tokenizer. Since EHRs often contain irregular punctuation and formatting, we developed a
customized sentence tokenizer that segmented text using common end-of-sentence punctuation (‘.’, ‘!’, ‘?’) and dataset-specific
delimiters (‘;’, ‘,’). Finally, the target variable—race/ethnicity—was encoded as a categorical numeric label for classification.

While preprocessing pipelines differed in structure, these differences reflect core architectural design rather than method-
ological choices. The hierarchical CNN’s sentence-based segmentation is integral to its framework and cannot be replicated in
standard BERT variants without architectural modification. Importantly, the corpus that was drawn from the social history
and risk factor sections largely fell within the 512-token limit of transformer models, ensuring comparable information access
across architectures. Although alternative preprocessing strategies (e.g., sliding windows, chunking) exist, our aim was to
evaluate each model under its typical deployment configuration to isolate architectural, rather than preprocessing, effects.

Training and hyperparameter tuning
All models were trained and evaluated using 10-fold stratified cross-validation to assess generalizability and ensure class
proportions were preserved across training and validation sets. Additionally, 10% of the annotated dataset was held out using a
stratified shuffle split as an independent test set for final bias analysis across demographic subgroups (sex, age, and race). The
remaining 90% was used for the 10-fold stratified cross-validation. To prevent data leakage, only one entry per patient was
retained in the dataset, ensuring that training and validation samples remained independent. We saved the models with the
highest validation performance across all folds and used it to evaluate the model performance on the held out sample. Training
was conducted using the AdamW optimizer, with weight decay applied to the hierarchical CNN model to reduce overfitting
and epsilon applied to the BERT-based models to ensure numerical stability during training. For the hierarchical CNN model,
BERT parameters were fine-tuned separately using a learning rate set to 10% of the main model rate to avoid catastrophic
forgetting while adapting the pre-trained embeddings to the dataset.

To determine optimal hyperparameters, we performed Bayesian optimization using Optuna, employing the Hyperband
Pruner for early stopping of underperforming trials42. The final model configurations used for downstream evaluation and
inference are provided in Table 1. To enhance computational efficiency and training stability, we implemented gradient
checkpointing and automatic mixed precision. For EHR text with long sequences, we applied a sentence cap slightly above the
average document length in the training set to maintain training feasibility while minimizing information loss.

Fairness constraints
To assess the impact of fairness-aware interventions on improving equitable predictive performance across race/ethnicity
groups, we developed a multi-staged approach that integrated pre-processing, in-processing, and post-processing fairness
components43. Pre-processing included the use of stratified sampling to ensure representative distributions of race/ethnicity
labels, thereby minimizing sampling bias. In-processing fairness was addressed through two mechanisms. First, we used a
class-weighted loss function to mitigate the impact of class imbalance by assigning higher weights to underrepresented race
categories, thereby ensuring that their contributions were amplified during optimization. We scaled the class weights using
min-max normalization44. This normalization prevented excessively large weight differences that could destabilize training
while ensuring that minority classes retained a higher influence relative to majority classes. Second, to directly optimize for
fairness during training, we introduced a fairness-aware loss function that incorporated a penalization term inspired by equalized
odds regularization45 into the model’s objective. This fairness term explicitly penalized the model for discrepancies in true
and false positive rates across predicted race/ethnicity classes, encouraging the model to minimize disparities in classification
performance across groups. The total loss used during training is defined as:

Lfair = LCE +λ ·LPP (1)

where LCE denotes the standard (class-weighted) cross-entropy loss, and λ is a tunable hyperparameter that controls the
trade-off between classification performance and fairness. The pairwise parity loss term LPP is defined as:

LPP =
1(C
2

) C

∑
i=1

C

∑
j=i+1

[
(TPRi −TPR j)

2 +(FPRi −FPR j)
2
]

(2)



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

Table 1. Optimized hyperparameters for the trained models

Fairness-unaware models
Hyperparameter BERT-base RoBERTa-base DeBERTa-base BioClinicalBERT Hierarchical CNN

Learning rate 1.68×10−5 1.75×10−5 1.81×10−5 4.41×10−5 1.23×10−4

Weight decay - - - - 0.01
Epsilon 4.95×10−7 6.25×10−8 9.88×10−7 2.69×10−8 -
Number of training epochs 9 3 9 6 9
Warm-up steps 136 338 58 46 303
Word-level filters - - - - 45
Word-level filter sizes - - - - [1, 6, 6, 6]
Sentence-level filters - - - - 50
Sentence-level filter sizes - - - - [1, 6, 6]
Word-level attention dimension - - - - 170
Sentence-level attention dimension - - - - 135
Dropout rate - - - - 0.24
Fully connected layer size - - - - 145
Lambda fairness - - - - -

Fairness-aware models
Hyperparameter BERT-base RoBERTa-base DeBERTa-base BioClinicalBERT Hierarchical CNN

Learning rate 1.56×10−5 3.70×10−5 1.15×10−5 2.08×10−5 8.34×10−5

Weight decay - - - - 0.01
Epsilon 1.87×10−8 1.57×10−8 2.67×10−8 3.24×10−7 -
Number of training epochs 7 3 8 8 6
Warm-up steps 99 295 236 400 167
Word-level filters - - - - 30
Word-level filter sizes - - - - [1, 6, 6, 1]
Sentence-level filters - - - - 55
Sentence-level filter sizes - - - - [1, 6, 6]
Word-level attention dimension - - - - 50
Sentence-level attention dimension - - - - 75
Dropout rate - - - - 0.24
Fully connected layer size - - - - 75
Lambda fairness 2.92×10−3 1.96×10−1 2.60×10−2 2.49×10−2 1.39

where C is the total number of race/ethnicity classes, and TPRi, FPRi represent the true and false positive rates for class i,
respectively. The fairness penalty is computed by taking all possible pairs of race/ethnicity classes and measuring the squared
differences in their true and false positive rates, explicitly penalizing pairwise disparities across groups to encourage equitable
predictive performance. This formulation enables joint optimization of accuracy and inter-class performance parity, a fairness
criterion adapted for multi-class classification tasks where the output itself is a sensitive attribute. While prior work has explored
fairness-aware regularization strategies and constraint-based optimization for fairness metrics such as equalized odds and
demographic parity46–49, our approach introduces a simple, interpretable formulation tailored for multi-class classification tasks
where the target label corresponds to a sensitive demographic attribute (i.e., race).

Finally, we implemented a post-processing threshold adjustment step to mitigate any residual biases that persisted after
training. Class-specific thresholds were calibrated to improve precision for underrepresented classes, with higher decision
thresholds applied to these classes and lower thresholds used for overrepresented ones (ranging from 0.50 to 0.90). To evaluate
the impact of fairness interventions on both improving equitable predictive performance and overall classification performance,
we trained two versions of each model: a fairness-unaware model and a fairness-aware variant with constraints applied.
The fairness-unaware models were trained without class balancing techniques to establish a baseline representing common
deployment scenarios where imbalance is not explicitly addressed. This allowed us to assess whether fairness-aware techniques
improved the model’s predictive balance across racial groups or introduced trade-offs in overall performance.

Bias analysis
Assessing potential bias introduced from active learning
To assess potential biases introduced by the active learning sampling process, we conducted a series of distributional analyses
comparing the active learning samples to both the baseline annotated sample and the full UTOPIAN database. Specifically,
we examined subgroup representation across sex and age attributes, as well as patient coverage, to evaluate whether the
sampling strategy disproportionately favored or excluded specific populations. For each sensitive attribute, we computed
sampling parity ratios with 95% confidence intervals to measure relative subgroup inclusion, along with Jensen-Shannon
divergence and Shannon diversity index to quantify distributional shifts and within-group diversity, respectively. Chi-square
tests were also performed to assess statistical significance of the observed differences in group distributions. We analyzed
patient-level coverage by calculating the proportion of patients per provider in each dataset and testing for distributional shifts
using chi-square tests.
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Assessing performance bias among sex and age groups
We evaluated model performance across demographic subgroups defined by age—young adults (18–34 years), adults (35–49
years), seniors (50–64 years), and elders (65+ years)—and sex (female and male), including their intersections. For each
subgroup, we computed standard classification metrics (F1-score, precision, and recall) to assess performance variability. To
disentangle the source of bias, we first computed the distribution of sex and age groups within each predicted race category and
compared them to their baseline proportions in the annotated dataset. This allowed us to assess whether the model mirrors
or amplifies existing distributional biases. We then evaluated true and false positive rates across sensitive attributes (i.e., sex
and age) for each predicted race, to assess whether the model introduced algorithmic disparities in performance (i.e., violated
equalized odds)43. This analysis was conducted using the best-performing model (selected based on cross-validation) and
evaluated on the held-out 10% of the annotated dataset.

Evaluation criteria
Given the skewed label distribution in our dataset, we evaluated model performance using precision, recall, F1 score, average
precision, and the area under the precision-recall curve. Since the choice between optimizing for precision or recall typically
depends on the clinical application, which in this case is unknown, we selected the F1 score as the primary evaluation metric,
as it balances both precision and recall50. To assess overall model effectiveness, we report both micro- and macro-averaged
scores across all race/ethnicity labels. Macro-averaging treats all classes equally by computing the unweighted mean of
per-class metrics, allowing minority classes to contribute equally to the evaluation51. In contrast, micro-averaging aggregates
contributions from all samples, which can bias results toward the majority class in imbalanced datasets. Given the class
imbalance in our data, the macro-F1 score was deemed the most appropriate metric, as it provides a fairer assessment of model
performance across all classes.

To assess whether the fairness-aware techniques improved the model’s predictive balance across racial groups, we evaluated
the disparities in false positive rates and false negative rates to help identify if any group was disproportionately affected by
higher error rates. We also reported the representation ratio, which evaluates whether the model’s predicted distributions across
racial groups reflect the actual distribution in the dataset, allowing us to assess whether the model perpetuates or amplifies the
biases present in the data.

To evaluate whether the differences in model performance were statistically significant, we employed a combination of
parametric and non-parametric tests, depending on the distribution of the data. Shapiro-Wilk tests52 were conducted to assess
data normality. If normality was satisfied (p < 0.05, for all metrics), we used repeated measures ANOVA53, followed by Tukey’s
honestly significant difference test54 to control for multiple comparisons in pairwise model evaluations. If normality was
violated, we applied the Friedman test55, a non-parametric alternative, with the Nemenyi post-hoc test56 to identify significant
differences while adjusting for multiple comparisons. To directly compare the fairness-aware and fairness-unaware variants of
each model, we conducted Wilcoxon signed-rank tests57 on paired samples for each model–metric combination. These tests
evaluated whether the inclusion of fairness constraints led to statistically significant changes in performance.

Since bias metrics often involve group-wise comparisons across categorical attributes (i.e., sex, age), we used the
Mann–Whitney U test58, a rank-based method that does not assume normality, for comparisons between two demographic
groups (i.e., sex), and the Kruskal–Wallis test59, a generalization of the Mann–Whitney U test for comparisons across more
than two groups (i.e., age groups). To statistically assess whether the demographic composition of predicted race classifications
deviated significantly from the actual dataset distribution, we employed the chi-squared goodness-of-fit test60. This test
compares the observed subgroup proportions for each race to the expected proportions in the actual data.

Code Availability

All models were implemented using the PyTorch framework (version 2.3.1+cu121)61, with transformer-based architectures
developed using the HuggingFace Transformers library (version 4.37.1)62. Model development and analysis were conducted
in Python 3.10.12 using NumPy 1.26.4, pandas 2.1.1, scikit-learn 1.4.dev0, Matplotlib 3.8.1, Seaborn 0.13.0, and NLTK
3.8.1. Training was performed on an NVIDIA Quadro RTX 6000 GPU using CUDA 12.2 (driver version 535.247.01).
Hyperparameters and training configurations for all models are provided in the Methods section and summarized in Table 1.

The code for the active learning pipeline used for data annotation is publicly available at https://github.com/
seperahm/EMR_Race_Classification. The remaining modeling code, developed for model training and fairness-
aware loss implementation, are stored within the secure University of Toronto Data Safe Haven environment alongside the
study data and cannot currently be exported for public release following archival of the environment under institutional privacy
and security regulations. All transformer-based models used are standard, publicly available pre-trained architectures, and the
hierarchical CNN—the primary methodological contribution of this work—is fully specified in the Methods section, including
architectural details, optimized hyperparameters, and training procedures, enabling independent reimplementation.
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Researchers seeking further methodological clarification or architecture-level guidance may contact the corresponding
author for additional details or code review under appropriate data-sharing agreements.

Results

Data annotation using active learning
Figure 3 presents the distribution of race/ethnicity labels across the baseline annotated sample, the active learning samples, and
the full dataset (a combination of the two sampling strategies). During the initial labeling phase, random sampling resulted in
61 race-present labels out of 4,375 annotated entries (1.39%). In contrast, active learning produced 910 race-present labels
from 1,386 annotated entries (65.66%), reflecting a significant increase in sample selection. To create the full dataset, the
baseline annotated sample was adjusted by downsampling the absent class from 4,314 to 3,019 instances (∼30%), reducing
its prevalence while preserving representational diversity. Furthermore, we excluded the newly identified absent samples
from active learning in the final training set since the dataset already contained a substantial number of absent labels. This
resulted in a combined dataset of 3,990 samples, composed of 3,019 absent labels (75.66%) and 971 present labels (24.34%).
The dot plot visualizing the distribution of race/ethnicity labels across the three data subsets shows that certain classes, such
as East Asian, and even more prominently, white, were sampled more frequently, while others, like Indigenous, remained
underrepresented even after active learning. A detailed comparison of observed and expected sample counts by race/ethnicity
groups across the active learning samples is presented in Supplementary Table S1. Although the active learning process
improved the proportion of race-present to race-absent samples, substantial class imbalance persisted (illustrating the need for
incorporating fairness-aware modeling strategies).

Dataset demographics
The final training dataset consisted of 3,990 patients, with a sex distribution of 57.82% female and 42.18% male. Race was
documented for 24.34% of patients, with the majority classified as white (9.27%), followed by East Asian (3.31%), Black
(2.61%), Middle Eastern (2.31%), South Asian (2.28%), Southeast Asian (1.80%), mixed heritage (1.53%), Latin American
(1.05%), and Indigenous (0.18%). For age group distribution, 22.18% of patients were categorized as young adults (18–34
years), 27.34% as adults (35–49 years), 23.63% as seniors (50-64 years), and 26.84% as elders (65+ years).

Model performance
Overall performance across models
Table 2 presents a comparative evaluation of the five models—BERT, RoBERTa, DeBERTa, BioClinicalBERT, and the
hierarchical CNN—using micro- and macro-averaged performance metrics across multiple evaluation measures. These metrics
were calculated to represent overall model performance, so the absent class was considered in the calculation. For the
transformer-based models, we employed their standard pre-trained architectures as described in the literature63–66 without
modifications to their internal structure. The hierarchical CNN significantly outperformed all transformer-based models
across most evaluation metrics (p < 0.05), achieving the highest macro-averaged F1 score (98.44%), micro-averaged F1 score
(99.64%), and particularly excelling in macro-averaged precision (98.81%), average precision (93.85%), and area under the
precision-recall curve (95.76%). In contrast, DeBERTa achieved the highest macro- and micro-averaged recall (99.43% and
99.70%, respectively), but this did not consistently translate into higher F1 or area under the precision-recall curve scores.
Among the transformer models, BioClinicalBERT, RoBERTa, and BERT performed competitively in micro-averaged scores,
with BioClinicalBERT showing strong micro- and macro-averaged average precision and area under the precision-recall curves
compared to the other transformers, but lower macro-averaged recall and F1 scores.

Behavior on longer notes. We quantified note lengths in the held-out test set using each model’s corresponding tokenizer.
Token counts varied across models due to differences in tokenizer vocabularies and subword segmentation algorithms (Supple-
mentary Table S1). For all models, only one note (0.25% of test data) exceeded 512 tokens and would be subject to truncation.
The 99th percentile ranged from 292-309 tokens depending on the tokenizer, confirming that the vast majority of notes fell well
within the 512-token window and that truncation affected minimal data.

To directly probe model behavior on the long-note tail, we conducted a targeted case analysis by selecting the longest test
notes (top 15) for each model’s tokenizer. Among the 15 longest notes in the held-out test set, 10 contained no explicit mention
of race, while 5 included race-related terms. On this subset, fairness-unaware models achieved accuracies of 93.3% (BERT),
80.0% (DeBERTa), 86.7% (RoBERTa), and 93.3% (BioClinicalBERT). In comparison, the corresponding fairness-aware
variants correctly classified 14 of the 15 notes (93.3% accuracy) across all models. This pattern suggests that, for longer
inputs, fairness-aware training may improve robustness without incurring the performance degradation often associated with
fairness–accuracy trade-offs.
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Sampling method Race present Race absent Total annotated

Baseline annotated sample 61 (1.39%) 4314 (98.61%) 4375
Active learning samples 910 (65.66%) 476 (34.34%) 1386
Full dataset (final training dataset) 971 (24.34%) 3019 (75.66%) 3990

Figure 3. Overview of race/ethnicity annotation across the dataset. The table summarizes the proportion of records with
present vs. absent race/ethnicity labels across the baseline sample, active learning subset, and final training data after
downsampling. The dot plot shows the count distribution of individual race/ethnicity classes across the three sampling phases.
Asterisks (*) in the plot indicate statistically significant deviations from the expected values under proportional sampling.
Significance was determined using standardized residuals from a two-sided chi-square goodness-of-fit test, with |z|> 2
corresponding approximately to p < 0.05. Exact p-values for each group comparison are provided in Table S1.
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Notably, the single note exceeding the 512-token limit imposed by standard transformer architectures (true label: Black) was
misclassified by all fairness-unaware models, whereas all fairness-aware variants correctly predicted the true class. Although
based on a single example, this reversal may suggest that fairness-aware optimization could reduce sensitivity to truncation
effects, potentially by discouraging over-reliance on early or majority-associated tokens. Given the limited number of very long
notes in this primary care dataset, these observations should be interpreted cautiously. Nonetheless, they indicate that truncation
does not necessarily preclude accurate classification and that fairness-aware training may confer benefits beyond group-level
parity, including improved generalization to distributional edge cases. Confirmation of this effect will require evaluation in
datasets with a higher prevalence of long or multi-document clinical records.

Per-class performance by race
Figure 4 displays grouped bar charts comparing recall, precision, and F1 scores across all race categories for the five evaluated
models. The hierarchical CNN consistently outperformed other models in all groups, especially the underrepresented ones,
achieving the highest scores across all three metrics. In contrast, transformer-based models (particularly, BERT, RoBERTa, and
DeBERTa) demonstrated substantial variability and generally underperformed on non-white classes, with several instances of
zero precision, recall, and F1 scores. BioClinicalBERT showed comparatively higher precision for certain minority groups (i.e.,
Southeast Asian, mixed heritage, and Latin American) but suffered from notably low recall, indicating that the model tended to
miss relevant cases.

(a) Recall (b) Precision

(c) F1 score

Figure 4. Per-class performance comparison across models. Grouped bar charts show per-class recall (a), precision (b), and
F1 score (c) for five models: BERT-base, RoBERTa-base, DeBERTa-base, BioClinicalBERT, and the hierarchical CNN. Bars
represent mean performance across cross-validation folds per race group. The race categories are ordered by their frequency in
the training dataset, from most to least represented.

Fairness analysis
Impact of fairness constraints on model performance
Table 3 presents a comparative analysis of performance variations across the fairness-aware models (i.e., with the addition of
fairness constraints) and their fairness-unaware counterparts (i.e., without fairness constraints). These metrics were calculated
to represent overall model performance, so the absent class was considered in the calculation. The inclusion of fairness
constraints led to varying impacts across models and race groups. Overall, fairness-aware BERT consistently demonstrated
strong performance, outperforming all other fairness-aware models in macro- and micro-averaged precision (90.20% and
96.71%, respectively) and F1 scores (91.48% and 97.53%, respectively), while achieving the second-best performance in recall,
average precision, and area under the precision-recall curve. The hierarchical CNN showed competitive results, outperforming
all other models in macro- and micro-averaged average precision and area under the precision-recall curve, and ranking
second in macro- and micro-averaged F1 (87.79% and 96.98%, respectively) and precision scores (89.38% and 95.91%,
respectively). Interestingly, BioClinicalBERT exhibited the highest macro- and micro-averaged recall performance among
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fairness-aware models (97.96% and 99.23%, respectively)— a marked contrast to its fairness-unaware counterpart, which
had the lowest macro- and micro-averaged recall values (63.55% and 92.99%, respectively)— though this came at the cost of
a notable drop in micro-averaged precision (from 88.78% to 84.30%) and generally a low macro-precision overall (68.21%
and 62.56% for fairness-aware and fairness-unaware versions, respectively). While the hierarchical CNN maintained strong
micro-level performance post-fairness constraints, its macro-level metrics dropped substantially, from the 93–98% range in the
fairness-unaware version to 82–90% in the fairness-aware version, indicating that fairness regularization may have compromised
its ability to generalize across underrepresented classes.

Macro-level results revealed that BERT, RoBERTa, and, to an extent, DeBERTa and BioClinicalBERT benefited from
fairness constraints, particularly regarding average precision and area under the precision-recall curve for the first three
models. For example, BERT improved its macro-averaged average precision from 27.39% to 80.53%, and area under the
precision-recall curve from 27.33% to 81.99%. RoBERTa (in all macro-averaged metrics except recall) and BioClinicalBERT
(in macro-averaged precision, recall, and F1 score) exhibited similar upward trends, while DeBERTa suffered substantial drops
in macro-averaged recall, precision, and F1 score under fairness constraints but had an increase in average precision and area
under the precision-recall curve scores. At the micro-level, fairness-aware BERT again showed consistent improvements across
all metrics, significantly outperforming its fairness-unaware counterpart. Most transformer models, including DeBERTa and
RoBERTa, also exhibited micro-level gains, particularly in precision and F1 score, with the exception of BioClinicalBERT,
which experienced drops in micro-averaged precision, average precision, and area under the precision-recall curve.

Figure 5 illustrates the per-class precision, recall, and F1 scores for all five models with fairness constraints. Fairness
constraints substantially improved per-class performance for BERT, RoBERTa, and DeBERTa and reduced inter-group
performance disparities, especially for BERT. However, performance inconsistency across race/ethnicity groups persisted or
even worsened in some models; for example, RoBERTa, and even more so, DeBERTa, exhibited high variance across race
groups, especially in recall and F1 scores, where performance on non-white groups often lagged. BioClinicalBERT had a
drastic drop in per-class performance, with scores collapsing to zero for all non-white groups. The hierarchical CNN also saw a
modest increase in disparities between groups when fairness constraints were applied, with its F1 score range widening by
nearly 5% compared to its unconstrained form.

(a) Recall (b) Precision

(c) F1 score

Figure 5. Per-class performance across fairness-aware models. Grouped bar charts compare per-class recall (a), precision
(b), and F1 score (c) for the fairness-aware versions of the five models. Bars represent mean performance across
cross-validation folds per race group. The race categories are ordered by their frequency in the training dataset, from most to
least represented.

Performance inconsistencies were observed across race groups that could not be fully explained by sample size differences
alone. For example, fairness-aware RoBERTa and DeBERTa achieved substantially higher recall for East Asian patients
compared to Black patients—80.51% vs. 67.03% for RoBERTa and 59.32% vs. 25.27% for DeBERTa—even though the
difference in sample size between the two groups was only ∼23% (132 vs. 104). This recall gap was larger than the difference
observed between white (n = 370) and East Asian patients in both models. Fairness-unaware BERT (see Figure 4) also exhibited



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

Ta
bl

e
3.

Pe
rf

or
m

an
ce

co
m

pa
ri

so
n

of
fa

ir
ne

ss
-a

w
ar

e
an

d
fa

ir
ne

ss
-u

na
w

ar
e

m
od

el
s

ac
ro

ss
10

-f
ol

d
cr

os
s-

va
lid

at
io

n
on

th
e

tr
ai

ni
ng

se
t(

90
%

of
da

ta
),

re
po

rt
ed

as
m

ic
ro

-
an

d
m

ac
ro

-a
ve

ra
ge

s
fo

re
ac

h
ev

al
ua

tio
n

m
et

ri
c.

Fa
ir

ne
ss

-a
w

ar
e

m
od

el
s

M
od

el
R

ec
al

l
Pr

ec
is

io
n

F1
Sc

or
e

A
vg

Pr
ec

A
U

C
PR

M
ac

ro
M

ic
ro

M
ac

ro
M

ic
ro

M
ac

ro
M

ic
ro

M
ac

ro
M

ic
ro

M
ac

ro
M

ic
ro

B
E

R
T-

ba
se

93
.7

5
(0

.0
20

)
98

.3
6

(0
.0

05
)

90
.2

0
(0

.0
27

)∗
96

.7
1

(0
.0

05
)∗

91
.4

8
(0

.0
18

)∗
97

.5
3

(0
.0

05
)∗

80
.5

3
(0

.0
28

)∗
98

.2
1

(0
.0

04
)∗

81
.9

9
(0

.0
40

)∗
98

.4
6

(0
.0

03
)∗

R
oB

E
R

Ta
-b

as
e

83
.8

3
(0

.0
87

)∗
96

.9
2

(0
.0

14
)

83
.4

5
(0

.0
93

)∗
92

.9
1

(0
.0

46
)∗

80
.5

1
(0

.1
15

)
94

.8
3

(0
.0

30
)∗

67
.0

2
(0

.1
55

)∗
96

.1
9

(0
.0

23
)∗

68
.3

4
(0

.1
50

)∗
96

.5
2

(0
.0

22
)∗

D
eB

E
R

Ta
-b

as
e

64
.6

6
(0

.1
94

)∗
92

.8
9

(0
.0

37
)∗

57
.4

6
(0

.1
75

)
86

.7
9

(0
.0

39
)∗

57
.1

7
(0

.1
71

)∗
89

.6
8

(0
.0

31
)

44
.8

0
(0

.1
72

)∗
94

.0
0

(0
.0

20
)∗

44
.7

5
(0

.1
91

)∗
94

.2
2

(0
.0

20
)∗

B
io

C
lin

ca
lB

E
R

T
97

.9
6

(0
.0

15
)∗

99
.2

3
(0

.0
03

)∗
68

.2
1

(0
.0

06
)

84
.3

0
(0

.0
03

)∗
76

.8
2

(0
.0

08
)∗

91
.1

6
(0

.0
03

)
24

.9
7

(0
.0

14
)∗

91
.8

7
(0

.0
05

)∗
25

.0
9

(0
.0

32
)∗

91
.8

3
(0

.0
07

)∗

H
ie

ra
rc

hi
ca

lC
N

N
90

.1
9

(0
.1

35
)

98
.2

0
(0

.0
23

)
89

.3
8

(0
.1

39
)∗

95
.9

1
(0

.0
57

)∗
87

.7
9

(0
.1

45
)∗

96
.9

8
(0

.0
37

)∗
82

.4
7

(0
.1

94
)∗

98
.6

8
(0

.0
23

)∗
83

.7
4

(0
.2

13
)∗

98
.6

8
(0

.0
23

)∗

Fa
ir

ne
ss

-u
na

w
ar

e
m

od
el

s

M
od

el
R

ec
al

l
Pr

ec
is

io
n

F1
Sc

or
e

A
vg

Pr
ec

A
U

C
PR

M
ac

ro
M

ic
ro

M
ac

ro
M

ic
ro

M
ac

ro
M

ic
ro

M
ac

ro
M

ic
ro

M
ac

ro
M

ic
ro

B
E

R
T-

ba
se

83
.9

8
(0

.1
83

)
97

.6
8

(0
.0

23
)

63
.1

3
(0

.1
11

)
84

.3
8

(0
.0

06
)

66
.8

4
(0

.1
31

)
90

.5
4

(0
.0

12
)

27
.3

9
(0

.0
24

)
92

.0
5

(0
.0

07
)

27
.3

3
(0

.0
33

)
92

.1
9

(0
.0

06
)

R
oB

E
R

Ta
-b

as
e

94
.7

8
(0

.0
64

)
98

.5
0

(0
.0

13
)

67
.9

7
(0

.0
14

)
83

.6
8

(0
.0

12
)

76
.5

8
(0

.0
23

)
90

.4
9

(0
.0

12
)

25
.5

3
(0

.0
20

)
90

.7
6

(0
.0

10
)

25
.6

4
(0

.0
31

)
90

.7
4

(0
.0

11
)

D
eB

E
R

Ta
-b

as
e

99
.4

3
(0

.0
11

)
99

.7
0

(0
.0

06
)

73
.5

8
(0

.0
37

)
78

.2
7

(0
.0

37
)

83
.5

4
(0

.0
43

)
87

.6
4

(0
.0

21
)

20
.2

3
(0

.0
36

)
84

.8
7

(0
.0

56
)

21
.2

9
(0

.0
27

)
85

.3
8

(0
.0

49
)

B
io

C
lin

ic
al

B
E

R
T

63
.5

5
(0

.1
56

)
92

.9
9

(0
.0

30
)

62
.5

6
(0

.1
53

)
88

.7
8

(0
.0

32
)

58
.9

9
(0

.1
39

)
90

.7
9

(0
.0

24
)

53
.4

7
(0

.1
38

)
94

.8
4

(0
.0

15
)

53
.9

7
(0

.1
49

)
95

.2
1

(0
.0

16
)

H
ie

ra
rc

hi
ca

lC
N

N
98

.4
8

(0
.0

36
)

99
.6

9
(0

.0
06

)
98

.8
1

(0
.0

19
)

99
.6

0
(0

.0
07

)
98

.4
4

(0
.0

31
)

99
.6

4
(0

.0
07

)
93

.8
5

(0
.0

60
)

99
.8

8
(0

.0
03

)
95

.7
6

(0
.0

52
)

99
.8

8
(0

.0
03

)

Fa
ir

ne
ss

-a
w

ar
e

va
lu

es
re

fle
ct

m
od

el
s

tr
ai

ne
d

w
ith

fa
ir

ne
ss

co
ns

tr
ai

nt
s.

A
re

a
un

de
rt

he
pr

ec
is

io
n-

re
ca

ll
cu

rv
e

is
de

no
te

d
as

A
U

C
PR

.V
al

ue
s

ar
e

re
po

rt
ed

as
pe

rc
en

ta
ge

s,
w

ith
st

an
da

rd
de

vi
at

io
ns

in
pa

re
nt

he
se

s.
B

ol
d-

fa
ce

d
nu

m
be

rs
in

di
ca

te
th

e
hi

gh
es

tp
er

fo
rm

an
ce

ac
ro

ss
al

lf
ai

rn
es

s-
aw

ar
e

m
od

el
s.

Su
pe

rs
cr

ip
ts

in
di

ca
te

st
at

is
tic

al
ly

si
gn

ifi
ca

nt
di

ff
er

en
ce

s
(p

<
0.

05
)b

et
w

ee
n

ea
ch

fa
ir

ne
ss

-a
w

ar
e

m
od

el
an

d
its

co
rr

es
po

nd
in

g
ba

se
lin

e
(f

ai
rn

es
s-

un
aw

ar
e)

m
od

el
,b

as
ed

on
th

e
tw

o-
si

de
d

W
ilc

ox
on

si
gn

ed
-r

an
k

te
st

.S
up

er
sc

rip
ts

ar
e

ap
pl

ie
d

on
ly

to
fa

irn
es

s-
aw

ar
e

m
od

el
s,

re
fle

ct
in

g
st

at
is

tic
al

ly
si

gn
ifi

ca
nt

di
ff

er
en

ce
s

fr
om

th
ei

rb
as

el
in

e
co

un
te

rp
ar

ts
.E

xa
ct

p-
va

lu
es

w
er

e
be

lo
w

th
e

in
di

ca
te

d
th

re
sh

ol
d

(p
<

0.
05

)f
or

al
l

si
gn

ifi
ca

nt
co

m
pa

ri
so

ns
;n

on
-s

ig
ni

fic
an

tc
om

pa
ri

so
ns

ex
ce

ed
ed

p
<

0.
05

.



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS

stark differences between East Asian and Black patients, achieving zero precision for Black patients and 42.86% precision
for East Asian patients. Disparities were also evident between other groups with comparable sample sizes. For example,
fairness-aware DeBERTa had a 45.16% higher precision rate for Middle Eastern patients compared to South Asian patients
despite a difference of only one training sample. Similarly, South Asian (n = 91) and Southeast Asian (n = 71) groups showed
widely different results across many transformer models (fairness-aware and fairness-unaware). Underrepresented groups such
as mixed heritage and Indigenous were consistently underserved by transformer-based models. Both BERT and RoBERTa
scored zero across all metrics for these groups, and DeBERTa and BioClinicalBERT failed entirely on the Indigenous class.
While the extremely low performance for Indigenous patients may reflect the small sample size, the persistent failure on the
mixed heritage class—despite the presence of smaller or comparably sized groups that did not show this behavior—suggests
additional contributing factors.

Impact of fairness constraints on bias
To examine group-level disparities, we calculated representation ratios for each racial and ethnic group, defined as the predicted
frequency of a class divided by its true frequency. Table 4 presents these ratios across all models under fairness-aware and
fairness-unaware training conditions. Among fairness-unaware models, transformer-based architectures such as BERT and
RoBERTa showed stark disparities, with predictions overwhelmingly concentrated on white patients (representation ratios of
2.45 and 2.20, respectively) and nearly all other groups receiving ratios of 0.00. In contrast, their fairness-aware counterparts
exhibited substantially improved representational balance across most groups. DeBERTa similarly benefited from fairness-aware
training, but its outputs still skewed heavily toward majority classes, overrepresenting white (1.32) and East Asian (2.31) patients
while underrepresenting others. Interestingly, BioClinicalBERT reversed this pattern: while the fairness-unaware version
provided moderate representation across several groups (e.g., white = 1.25, Black = 1.17, South Asian = 0.60), fairness-aware
training caused a collapse in diversity, with predictions skewed almost exclusively toward white patients. The hierarchical
CNN was the most balanced model in its fairness-unaware form, maintaining ratios near 1.00 across groups; however, applying
fairness constraints introduced slight overrepresentation of white patients (1.24) and underrepresentation of others.

Table 4. Representation ratios across race/ethnicity groups for fairness-aware and fairness-unaware models.

Fairness-aware models

Model White East Asian Black Middle Eastern South Asian Southeast Asian Mixed heritage Latin American Indigenous

BERT-base 1.04 (0.058) 1.03 (0.126) 1.12 (0.104) 1.04 (0.191) 1.13 (0.118) 1.00 (0.184) 0.00 (0.000) 1.02 (0.242) 0.00 (0.000)

RoBERTa-base 1.23 (0.421) 1.38 (0.970) 0.84 (0.504) 0.76 (0.460) 0.83 (0.500) 0.46 (0.405) 0.00 (0.000) 0.65 (0.489) 0.00 (0.000)

DeBERTa-base 1.32 (0.658) 2.31 (1.582) 0.45 (0.492) 0.22 (0.354) 0.75 (0.586) 0.15 (0.309) 0.17 (0.385) 0.22 (0.478) 0.00 (0.000)

BioClinicalBERT 2.52 (0.109) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000)

Hierarchical CNN 1.24 (0.517) 0.89 (0.399) 0.83 (0.445) 1.03 (0.440) 0.85 (0.420) 0.68 (0.451) 0.68 (0.426) 0.74 (0.409) 0.20 (0.000)

Fairness-unaware models

Model White East Asian Black Middle Eastern South Asian Southeast Asian Mixed heritage Latin American Indigenous

BERT-base 2.45 (0.100) 0.06 (0.089) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000) 0.02 (0.053) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000)

RoBERTa-base 2.20 (0.411) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000)

DeBERTa-base 0.73 (1.186) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000) 0.00 (0.000)

BioClinicalBERT 1.25 (0.465) 1.81 (0.874) 1.17 (0.615) 0.36 (0.337) 0.60 (0.507) 0.10 (0.316) 0.32 (0.266) 0.15 (0.269) 0.00 (0.000)

Hierarchical CNN 1.01 (0.031) 1.00 (0.056) 1.00 (0.000) 0.99 (0.040) 1.04 (0.058) 0.99 (0.105) 0.96 (0.207) 1.00 (0.000) 0.30 (0.000)

Fairness-aware versions reflect models trained with fairness constraints. Representation ratios were calculated as the predicted frequency of each class divided by its true
frequency. Values are reported as mean (standard deviation) over 10-fold cross-validation. A value close to 1.0 indicates proportional representation. Values above 1.0 indicate
over-representation, while values below 1.0 indicate under-representation.

Figure 6 illustrates group-level disparities in false negative and false positive rates across racial groups. False negative rate
analysis showed that all models consistently struggled to correctly identify Indigenous patients, even when fairness constraints
were applied. The fairness-unaware hierarchical CNN had the lowest false negative rates overall, ranging from 0.00 to 0.06 for
most groups, but reached 0.50 for Indigenous patients. It also exhibited fewer disparities across groups than the fairness-aware
version of BERT. Among the fairness-unaware transformer models, false negative rates were generally high for non-white
groups, while DeBERTa performed poorly across all race categories. Fairness-unaware BioClinicalBERT showed a sharp jump
in false negative rate from 0.46 for Black patients to 0.85 for Middle Eastern patients, despite a close range in sample sizes (n
= 104 vs. 92). Furthermore, BioClinicalBERT performed better on identifying mixed heritage patients (0.70) than on other
similarly represented groups, suggesting again that performance disparities were not solely driven by sample size.

With fairness constraints applied, BERT, RoBERTa, and DeBERTa saw substantial reductions in false negative rates,
particularly BERT and RoBERTa. However, disparities persisted. Fairness-aware DeBERTa identified white and East Asian
patients more accurately (false negative rates of 0.19 and 0.41), while false negative rates for all other groups ranged from
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(a) FNR (fairness-aware models) (b) FNR (fairness-unaware models)

(c) FPR (fairness-aware models) (d) FPR (fairness-unaware models)

Figure 6. False negative and false positive rate disparities across racial groups for fairness-aware and fairness-unaware
models. Heatmaps show the average false negative rate (FNR) and false positive rate (FPR) across the racial groups for the five
models over 10-fold cross-validation. Panels (a) and (b) compare group-level false negative rates for fairness-aware and
fairness-unaware models, respectively, reflecting disparities in recall. Panels (c) and (d) present false positive rates, capturing
over-classification errors. Darker shades indicate higher error rates, with greater intensity representing more severe group-level
misclassification.

0.75 to 1.00. Fairness-aware BioClinicalBERT became highly biased toward white patients, showing a sharp imbalance in
recall. The hierarchical CNN, when fairness constraints were applied, also exhibited increased false negative rates, especially
for Indigenous (0.67), mixed heritage (0.36), and Southeast Asian (0.34) groups. False positive rates were generally much
lower than false negative rates across all models, with most values near zero. White patients consistently had the highest false
positive rates, especially in transformer-based models, suggesting a tendency to over-predict this category. The fairness-unaware
hierarchical CNN did not produce any false positives, reflecting high specificity. Slightly elevated false positive rates were
observed in fairness-unaware BioClinicalBERT and fairness-aware DeBERTa.

Bias diagnostics
Analysis of potential bias introduced from active learning
The baseline annotated sample was carefully constructed to reflect the broader UTOPIAN database. Using stratified random
sampling, it preserved key distributions—such as age, sex, and EHR start date—and ensured representation from all physicians
and clinics. Table 5 reports distributional metrics such as sampling parity, Jensen-Shannon divergence, Shannon diversity
index, and chi-square p-values, comparing the distribution of sex and age groups across the UTOPIAN database, the baseline
annotated sample, and the active learning subset. While the baseline sample closely mirrored the demographic composition of
the full dataset, the active learning process introduced moderate shifts in subgroup representation. For instance, sampling parity
for adults aged 35–49 reached 1.29, indicating overrepresentation in the active learning set, while young adults aged 18-34 were
underrepresented with a parity score of 0.84. A similar pattern was observed for sex: males showed slight underrepresentation
(sampling parity = 0.90 vs. 1.01 in the baseline), while females were proportionally overrepresented (1.08 vs. 0.99). These
patterns are supported in Supplementary Figure S1, which visualizes the proportional distributions of sex and age groups across
the UTOPIAN database, the baseline annotated sample, and the active learning subset.

The other distributional metrics corroborate these findings. The Jensen-Shannon divergence for age increased from 0.00017
(baseline vs. UTOPIAN database) to 0.00289 (active learning vs. UTOPIAN database), and the Shannon diversity index
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Table 5. Distributional metrics across sex and age groups for each sampling method. Sampling parity with 95% confidence
intervals is reported per group. Jensen-Shannon divergence (JSD), Shannon diversity index (SDI), and chi-square p-values
are reported per attribute.

Attribute Group
Baseline annotated sample Active learning samples

Sampling parity (95% CI) JSD SDI p-value Sampling parity (95% CI) JSD SDI p-value

age

young adult 1.05 (0.99–1.11)

0.00017 2.00 1.00

0.84 (0.75–0.93)

0.00289 1.97 1.00
adult 1.02 (0.97–1.08) 1.29 (1.19–1.39)
senior 0.98 (0.93–1.03) 0.89 (0.80–0.98)
elder 0.96 (0.91–1.00) 0.97 (0.88–1.05)

sex
female 0.99 (0.96–1.02)

0.00002 0.99 0.99
1.08 (1.04–1.13)

0.00106 0.97 0.93
male 1.01 (0.98–1.05) 0.90 (0.84–0.96)

Sampling parity compares the proportion of each subgroup across different datasets to assess representational balance. JSD quantifies distributional shifts (0 = identical, higher =
more different). SDI reflects diversity of group representation (higher = more diverse). P-values are from two-sided chi-square tests assessing distributional similarity with exact
p-values reported.

declined slightly from 2.00 to 1.97, suggesting a mild reduction in age diversity. Regarding sex, the Jensen-Shannon divergence
remained low at 0.00106; however, it still marked an increase from 0.00002 in the baseline sample, indicating a measurable shift
despite the overall low divergence. Despite these shifts, no statistically significant differences were detected across comparisons
(p > 0.93), suggesting that demographic representation remained within acceptable bounds throughout the sampling process.

Figure 7 shows the distribution of patients per provider across the full UTOPIAN database, the baseline annotated sample,
and the active learning subset. The baseline sample preserved the patient/provider composition of the original database and
did not differ significantly from it (p = 0.08). In contrast, the active learning subset showed a substantial deviation in patient
proportions across providers, where notably, 43 clinics and 209 providers present in the UTOPIAN database were not sampled in
the active learning subset. Patient/provider distributions in the active learning data differed significantly from both the baseline
annotated sample (p < 10−87) and the full UTOPIAN database (p < 10−95), indicating a degree of sampling concentration
where the active learning strategy introduced a shift in patient coverage that was not present in the original annotation process.

Analysis of model bias across sex and age
All reported results in this section are based on evaluations performed on the held-out 10% of the annotated dataset, conducted
using the best-performing model (selected based on cross-validation). Figure 8 compares the actual demographic distribution
in the annotated dataset to the distributions of sex and age within the predicted race categories for each model. For clarity
and to emphasize meaningful performance patterns, we report the results of the better-performing variant for each model,
using the fairness-unaware versions of BioClinicalBERT and the hierarchical CNN. Among all models, RoBERTa exhibited
the largest deviations from the true distribution, most notably overrepresenting subgroups such as male East Asians (+2.33
percentage points) and Black young adults (+2.08), which were patterns not as pronounced as in other models. In contrast,
BERT and BioClinicalBERT more closely matched the original demographic distribution, though BioClinicalBERT still
introduced notable shifts; for example, underrepresenting East Asian young adults (–1.77) and overrepresenting seniors within
the same group (+2.19), as well as South Asian seniors (+2.58). Model-specific disparities also emerged: the hierarchical CNN
underrepresented white young adults (–2.78) while overrepresenting them within the mixed heritage predictions (+1.85), and
DeBERTa overrepresented Southeast Asian adults (+1.84).

Seniors and adults were consistently absent or severely underrepresented as demographic subgroups among predicted
Southeast Asian and South Asian individuals across most models (particularly Southeast Asian seniors and South Asian adults).
Similarly, all models lacked any representation of Latin American young adults in their predictions. BioClinicalBERT only
included Latin Americans within the female and adult subgroups, while the hierarchical CNN showed a comparable absence
of Indigenous individuals. White patients’ demographic groups were consistently underrepresented, whereas Black patients’
demographic groups tended to be overrepresented across predicted outputs. The most consistent trend across models was the
underrepresentation of adults and overrepresentation of elders, suggesting possible age-related linguistic bias in the prediction
process. These age-related discrepancies were more pronounced than those associated with sex, where female subgroups
exhibited relatively minimal variation across models. All models demonstrated statistically significant disparities (p < 0.05)
in the distribution of sex and age within predicted race categories, with the exception of white patients, which showed no
significant deviation. The most frequent and pronounced disparities occurred for East Asian, Southeast Asian, and, most
notably, across all models, Latin American groups.

Figure 9 presents the classification performance of the best-performing version of each model across the sensitive demo-
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Metric Value

Total number of clinics in database 96

Total number of providers in database 408

Missing clinics in active learning samples 43

Missing providers in active learning samples 209

No. patients per provider distribution comparison (chi-square test, p-values)

Active learning vs. UTOPIAN database < 10−95

Active learning vs. baseline annotated sample < 10−87

Baseline annotated sample vs. UTOPIAN database 0.08

Figure 7. Distribution of patients per provider across datasets. The heatmap shows the proportion of patients per provider
in the UTOPIAN database, baseline annotated sample, and active learning samples. The table summarizes database
representation (clinics and providers) in the active learning samples and the statistical analysis of the number of patients per
provider across datasets using two-sided chi-squared tests, with corresponding exact p-values reported.
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(a) Actual proportions (b) BERT-base (fairness-aware) (c) RoBERTa-base (fairness-aware)

(d) DeBERTa-base (fairness-aware) (e) BioClinicalBERT (fairness-unaware) (f) Hierarchical CNN (fairness-unaware)

Figure 8. Comparison between the actual demographic distribution in the dataset and the distribution of predicted
race outputs (in percentages). The top-left panel (a) shows the true proportions of sex and age subgroups in the overall
annotated dataset. Panels (b) through (f) display the distribution of these subgroups within the model’s predicted outputs.

graphic attributes, including their intersection. The most pronounced differences were observed at the intersection of sex and
age, rather than when considering either attribute alone. BERT, RoBERTa, and DeBERTa exhibited lower performance for
young adults compared to other age groups, a trend that was more evident among young adult females, with F1 scores of 87.60
(BERT), 88.70 (RoBERTa), and 87.60 (DeBERTa). Senior and elder subgroups generally achieved the highest performance
across the same models, a trend more pronounced among females. In RoBERTa, for example, male seniors and elders had lower
F1 scores (93.40 and 88.50, respectively) compared to a perfect 100.00 for their female counterparts. DeBERTa demonstrated
the highest variability across sex-age intersections, while RoBERTa exhibited the highest drop in performance in these groups.
The hierarchical CNN remained relatively stable across intersectional groups, with a slight drop for senior males (F1 = 92.30).
It also showed the most consistent performance across age groups, and BioClinicalBERT showed the least discrepancies
in performance across sex groups. The observed differences in model performances across sex and age groups were not
statistically significant (p > 0.05).
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(a) BERT-base (fairness-unaware) (b) RoBERTa-base (fairness-unaware) (c) DeBERTa-base (fairness-unaware)

(d) BioClinicalBERT (fairness-unaware) (e) Hierarchical CNN (fairness-unaware)

Figure 9. Model performance across sensitive attributes. The panels present weighted-averaged F1-score, precision, and
recall across age, sex, and the intersections for each model: (a) BERT-base, (b) RoBERTa-base, (c) DeBERTa-base, (d)
BioClinicalBERT, and (e) Hierarchical CNN (all fairness-unaware). The absent class was included in this analysis.

Considering the race classes alone (i.e., excluding the absent class), Figure 10 displays the true and false positive rates
across sex and age subgroups for each model, using macro averaging to place equal emphasis on all race categories. Across
all models, true positive rates varied more notably by age group than by sex, with a consistent pattern of higher performance
for elders and lower performance for seniors. The difference in true positive rates between these two groups ranged from
0.23 to 0.26, highlighting a marked decline in predictive accuracy for the senior subgroup. While transformer-based models
exhibited minimal differences in performance between males and females, the hierarchical CNN showed a more pronounced
sex-based discrepancy, achieving a higher true positive rate for females (0.76) than for males (0.69). False positive rates
remained uniformly low across all models and demographic subgroups, indicating a low rate of over-prediction regardless of
age or sex. None of the observed disparities across subgroups reached statistical significance (p < 0.05) for any model.

(a) True positive rates (b) False positive rates

Figure 10. Group-level true and false positive rates across models and sensitive attributes. Heatmaps present the
macro-averaged true positive rate (a) and false positive rate (b) for each sensitive attribute (sex and age groups) across the five
models. Results reflect the best-performing variant of each model, with fairness-unaware versions shown for BioClinicalBERT
and the hierarchical CNN. Colour intensity corresponds to the magnitude of the metric, with darker shades indicating higher
values.

Supplementary Figures S2 and S3 provide a more granular view of true and false positive rates disaggregated by race groups.
While average true positive rates by sex appear comparable in the group-level heatmap, the supplementary breakdown reveals
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that the slightly lower overall performance in males was primarily driven by sharp declines in specific race categories, while
female performance was at times lower than male performance, even in a broader range of race groups for some models (i.e., in
BERT), but the discrepancies were generally more modest. For RoBERTa and DeBERTa, the observed drop in true positive
rates among males and adults-relative to BERT-was attributable to poorer performance on East Asian individuals for those
groups. BioClinicalBERT and the hierarchical CNN showed more pronounced sex-based differences in true positive rates, as
well as greater variability across senior and elder age groups. BioClinicalBERT, in particular, exhibited extensive performance
discrepancies by age and consistently underperformed for Black and Middle Eastern individuals across demographic subgroups.

Discussion
Our findings challenge the prevailing assumption that larger, deeper transformer-based models are inherently superior in clinical
NLP tasks. Although transformer architectures such as BERT, RoBERTa, DeBERTa, and BioClinicalBERT have rapidly gained
traction due to their extensive pretraining and contextual embedding capabilities, our comparative analysis revealed that a
thoughtfully designed hierarchical CNN, which explicitly mirrored the structured nature of clinical documentation, consistently
achieved higher predictive performance and improved inter-class performance parity, with the added benefit of being more
interpretable than the black-box large language model alternatives. The hierarchical CNN consistently outperformed transformer
models across macro- and micro-averaged F1 scores, precision, and area under the precision-recall curve, suggesting that
capturing intra- and inter-sentence dependencies is especially valuable when identifying sparse, demographically meaningful
information such as race from clinical text. This performance gap is particularly noteworthy given the inherent data-scarce
and imbalanced nature of real-world EHRs, conditions under which many transformers struggle (as noted by the fairness-
unconstrained results of the transformer models). Importantly, the hierarchical CNN’s superior macro-F1 score (98.44%)
reflects better balance across racial subgroups, reinforcing the need for task-specific architectural choices rather than defaulting
to scale. We can find a broader lesson for clinical AI development here: When dealing with the messy nature of clinical
data, models explicitly tailored to reflect the clinical texts structure and context may offer greater utility and fairness than
state-of-the-art black-box alternatives.

Introducing fairness constraints revealed not a universal performance penalty, but rather model-specific effects that offer
crucial insights for clinical deployment. Fairness-aware versions of transformer models, particularly BERT and RoBERTa,
demonstrated substantial improvements in both predictive accuracy and equity, elevating performance from negligible levels
(mostly zero precision and recall) for non-white groups to significantly higher scores. Even DeBERTa, which experienced
a decline in macro-level metrics under fairness constraints, maintained improved micro-averaged scores and better class
balance, suggesting that certain performance trade-offs may be acceptable when weighed against downstream patient impact.
However, BioClinicalBERT and the hierarchical CNN both experienced performance trade-offs under fairness constraints,
with BioClinicalBERT showing a notable decline in average precision and area under the precision-recall curve, and although
its macro-averaged precision, recall, and F1 scores improved, performance for all non-white groups collapsed entirely at the
per-class level (showing the limitations of relying solely on aggregate metrics when evaluating fairness).

In clinical settings, these trade-offs between fairness and accuracy are not merely mathematical, they carry real-world
consequences. Reduced performance for historically marginalized groups can delay diagnoses, result in unfair resource
allocations, and ultimately lead to worse health outcomes for these communities30, even when overall model performance
appears strong. From this perspective, fairness constraints are not just algorithmic improvements but ethical imperatives,
especially when, as shown in this study, they often improve both equity and performance. From a deployment perspective,
our results emphasize the importance of selecting fairness-aware models based on task-specific and population-specific needs.
For instance, stakeholders focused on optimizing precision and F1 scores may benefit most from fairness-aware BERT, while
those seeking robust classification across imbalanced groups may prefer the fairness-aware hierarchical CNN, given its high
average precision and area under the precision-recall curve. However, the performance degradation and increased false
negatives observed in the fairness-aware hierarchical CNN shows the necessity of evaluating fairness-aware models holistically
before real-world clinical deployment, as model-specific characteristics and pretraining biases may significantly influence
how fairness-aware methods affect group-level predictions. We recommend that explicit clinical and ethical criteria guide the
adoption of fairness-aware approaches. Models should be selected not only for their ability to maintain clinical accuracy but
also for their capacity to reduce disparities. Tailoring interventions based on population demographics, clinical context, and
equity considerations is essential for responsible, real-world deployment of clinical AI systems.

Importantly, many disparities in model performance were observed across racial groups. Even with fairness constraints
improving overall group-level performance in the transformer models, disparities persisted, pointing to the limitations of
these interventions when upstream data sources carry embedded biases. For example, Indigenous patients were consistently
underserved, and transformer-based models frequently failed to predict any cases for mixed heritage patients. These failures
reflect broader issues of underrepresentation: approximately 84% of the global population, primarily non-Caucasian groups,
remain underrepresented in clinical omics data30, 33, which are heavily skewed toward individuals of European ancestry.
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Similar imbalances have been observed in many types of clinical data67–70, including clinical notes, which pose challenges for
commonly used machine learning models when applied to data-disadvantaged populations.

Not all observed disparities in model performance could be explained by sample size alone, we also identified notable
discrepancies among racial groups with similar representation levels. This suggests that other factors, such as pretraining
biases in large language models71–76, may be at play. For example, active learning further contributed to representational
imbalances by producing non-proportional sampling across racial groups. While underlying data imbalance likely influenced
these selections, our post-hoc analysis revealed notable deviations from expected sampling rates. These disparities may reflect
how uncertainty estimates from the BERT model interact with underrepresented or linguistically diverse patient subgroups67

(since fairness was not explicitly considered in the sampling design, these findings should be interpreted with caution). Many
active learning studies in clinical NLP emphasize annotation efficiency rather than the representational fairness of the sampling
model itself38–40. Because the query model’s uncertainty is often correlated with data density or group frequency, these
strategies can unintentionally amplify existing disparities (See Supplementary Table S2). This highlights an important yet
understudied source of bias propagation: the fairness of the model guiding data collection. Our findings emphasize that fairness
considerations should extend beyond the final predictive model to the entire data pipeline, including active learning, to prevent
amplification of representational bias in the labeled dataset.

The fairness-unaware hierarchical CNN, by contrast, exhibited more stable performance across racial groups, with
representation ratios closer to 1.00 and reduced disparities in false positives and negatives. That the fairness-unaware
CNN could reliably identify race information, whereas the transformer counterparts could not, indicates that such cues are
indeed present in the clinical narratives. The discrepancy therefore reflects how architectural and optimization characteristics
of transformer models can interact with pretraining biases to suppress minority-group signals, rather than an absence of
these signals in the data itself. This suggests that architectural features such as document-structure preservation may help
mitigate some pretraining-related biases. However, even this model showed increased false negatives for Indigenous patients,
demonstrating that architecture alone cannot fully resolve entrenched disparities.

Pretraining biases of the transformer models can be further amplified during fine-tuning if clinical notes reflect uneven
documentation practices. Prior work has shown that physician notes can encode implicit bias, given that physicians too are
not immune to the influence of societal biases, shaping how patient characteristics are recorded based on race68, 77. This may
reduce the semantic consistency of race-related expressions and lead to discriminatory outcomes by models trained on this data.
Notably, AI systems have been shown to infer race from redacted clinical text and medical images with surprising accuracy,
often outperforming human experts67, 70. This shows how deeply racial signals are embedded in clinical data and raises ethical
concerns for the use of "race-agnostic" models30. Across models, the most prominent source of error was under-classification,
particularly for marginalized groups, where performance remained almost consistently higher for white patients compared
to other racial groups. While this may partly reflect sample size imbalances, it also points to deeper causes, such as lexical
variation and race-specific documentation norms, that reflect structural inequities in healthcare and are now encoded in clinical
NLP models. This illustrates the multi-layered nature of racial bias in medical AI, rooted not only in training data but also in the
systems that generate it. While fairness-aware training improved representation balance in many cases, it cannot fully address
disparities stemming from linguistic, institutional, or systemic inequities. We therefore advocate for routine bias audits using
disaggregated metrics, such as representation ratios and false negative rates, prior to clinical deployment. Understanding why
certain groups are consistently misclassified, even when adequately represented, is essential to developing equitable algorithms
and ensuring that model outputs align with ethical standards and patient-centered care.

These risks become even more concerning when considering the emergence of performance disparities across sex and
age groups, despite the fact that neither attribute was explicitly provided to the models, suggesting that demographic signals
may be implicitly encoded in clinical text in ways that intersect with race and influence model behavior. While sex-based
disparities were relatively modest, age-related variation was more pronounced and systematic. This bias was even more
evident within certain racial groups; South Asian, Southeast Asian, and Latin American patients faced greater representational
disparities across sex and age categories than any other group, with many models either underperforming or failing to represent
them altogether. For Indigenous patients, the only model capable of classification (hierarchical CNN) did so exclusively for
female adults, failing entirely for other sex and age subgroups. Models also varied in predictive accuracy across demographic
intersections. For instance, BERT, RoBERTa, and DeBERTa achieved the highest performance for older females, while their
lowest performance was observed in younger females. This suggests that documentation for certain demographic groups may
contain more explicit or structured race-related language, while other groups may be documented with fewer or noisier race
cues, possibly due to incomplete EHRs or inconsistent documentation practices, further complicating model behavior.

Given the intricate nature of biases, woven into both training data and model architectures, ensuring fairness in clinical AI
systems requires more than technical solutions; it necessitates structural reforms, improved documentation practices, sociode-
mographic representation, and a sustained commitment to ethical design. Broader interventions, including interdisciplinary
and community collaboration, AI literacy in medical education, and policy reforms, are essential to address the structural
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roots of sociodemographic inequities in healthcare and to promote equitable access to care. Improving how data is collected,
recorded, and ultimately used in downstream AI applications is critical for reducing documentation biases and enhancing the
reliability of social determinants of health information. One actionable step is to improve data representativeness through
fairness-aware sampling strategies. As demonstrated in this study, sampling biases may emerge from the techniques used, which
may directly affect model equity. Future efforts should consider combining fairness interventions with sampling strategies, such
as uncertainty-based active learning coupled with stratified sampling. Fairness-aware modeling techniques78–80, which were
shown in this study to reduce racial disparities in prediction outcomes, should become standard practice in model development
pipelines. Achieving long-term accountability requires integrating algorithmic fairness audits81, 82 as a routine component of
model evaluation and deployment. Group, individual, and counterfactual fairness metrics43 (such as those used in this study)
can help uncover and address the underlying drivers of algorithmic bias. This requires testing across intersecting subpopulations
as well, where we observed the greatest performance disparities. Another promising avenue involves leveraging explainable AI
frameworks to “unbox” black-box systems, making hidden biases more transparent and actionable83, 84. When paired with
human-in-the-loop workflows, these tools enable clinicians to review, contextualize, and challenge algorithmic decisions,
enhancing system-level accountability85. Such systems, however, require targeted clinician training focused on AI ethics, bias
detection, and model evaluation.

While the collection and use of race data are critical for identifying and addressing healthcare disparities, it is essential
to acknowledge that such efforts also carry significant ethical risks. The very act of classifying patients by race—a socially
constructed and historically fluid category—may inadvertently reinforce stereotypes, contribute to stigma, or be misappropriated
in ways that further marginalize vulnerable populations. There is a growing concern among minority communities regarding
the potential misuse of their data, stemming from historical instances of medical exploitation and systemic bias86. This mistrust
can, in turn, influence clinical encounters, as healthcare providers may anticipate patient discomfort and view this reluctance as
a barrier to effectively assessing social determinants of health87. In the current socio-political climate, discussions around race
and systemic inequities have become contentious. This environment necessitates a careful, transparent approach to research that
emphasizes the ethical imperatives of equity and justice without alienating stakeholders. As AI becomes increasingly embedded
in healthcare delivery, it is crucial to recognize that these systems reflect the societal contexts in which they are developed30,
and it is our collective responsibility to ensure that AI becomes a force for equity rather than an amplifier of existing disparities.
This study does not claim to “solve” these deeply entrenched issues but rather seeks to navigate their complexity by promoting
responsible, equity-focused use of data. Ultimately, while this path is fraught with challenges, a conscientious and inclusive
approach can harness the power of AI to advance equitable healthcare outcomes.

Institutional-scale deployment of transformer-based architectures poses formidable computational and infrastructural chal-
lenges that warrant deliberate consideration. Processing hundreds of millions of clinical notes with these models would demand
extensive GPU time—potentially months of computation—and substantial operational costs. For large-scale applications
such as populating structured demographic fields across electronic health record systems, more computationally efficient
methods, including rule-based or hybrid pipelines, may offer more practical and sustainable alternatives13, 26. By contrast, the
fairness-aware models developed in this study serve a more specialized function: enabling research, bias auditing, and the
creation of representative cohorts where equity cannot be compromised. We advocate for a tiered implementation strategy in
which efficient screening approaches first identify candidate records, followed by fairness-aware deep learning methods for
cases requiring nuanced interpretation or equity-sensitive evaluation. Within this framework, the hierarchical CNN represents
an optimal middle ground; combining the interpretability and computational efficiency of conventional architectures with the
accuracy and equity benefits of fairness-aware learning. Ultimately, different use cases demand different solutions: lightweight,
scalable methods for routine tasks, and fairness-aware, interpretable models for high-stakes research and decision-making
contexts where equitable outcomes are paramount.

While this study provides valuable insights into fairness-aware modeling for race classification in EHRs, several limitations
should be acknowledged. First, although our fairness-aware models incorporated multiple constraints, we were unable to isolate
the individual effects of each intervention. Future work should conduct controlled experiments to evaluate these constraints
independently, accounting for model configurations, to better determine which fairness strategies are most effective and for
which model types. Second, we were unable to fully explain the performance disparities observed between racial groups with
comparable sample sizes, suggesting that other latent factors may be driving these differences. Further research is needed to
disentangle these sources of bias using tools such as linguistic audits and subgroup-specific error analysis. Importantly, while
transformer-based models like BERT and RoBERTa benefited substantially from fairness constraints, other models, such as the
hierarchical CNN, showed degraded performance and increased bias under the same conditions. This points to the critical role
of model-specific characteristics and pretraining biases in shaping how fairness interventions impact group-level outcomes.
As such, fairness constraints should not be assumed to yield uniformly positive results and must be evaluated on a per-model
basis. Future work should further disentangle the respective contributions of representation learning and aggregation strategy
by examining intermediate architectures, such as sentence-level transformer models with alternative aggregation schemes, to
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better understand how architectural choices mediate fairness outcomes in clinical NLP.
Additionally, our automated sampling strategy did not incorporate fairness objectives, which may have contributed to

representational imbalances in the final training data. Future iterations should consider fairness-aware sampling methods that
prioritize underrepresented groups while maintaining selection diversity. Such approaches may help mitigate, rather than
reinforce, disparities over time. Although we examined performance disparities across intersecting demographic groups, these
results should be interpreted with caution given the limited sample sizes of several minority subgroups. Intersectional metrics
are inherently sensitive to data sparsity and can exhibit high variance under such conditions. Our intent was therefore to
highlight potential patterns of inequity rather than to draw inferential conclusions. Nonetheless, reporting these estimates
remains important for transparency and for guiding future efforts toward more representative and balanced datasets. Lastly,
while this study was conducted using the UTOPIAN database, a diverse dataset spanning 96 primary care clinics using
widely adopted EHR systems in Ontario, the generalizability of our findings remains to be tested in other settings, particularly
hospital-based EHRs and those from different provinces or healthcare systems. These extensions are essential to assess the
broader applicability, robustness, and equity of AI-driven demographic inference tools in real-world clinical environments.

Conclusions
This study demonstrates that equitable clinical NLP requires more than technical sophistication; it requires design choices that
mirror the structure, context, and inequities of the data itself. By uniting hierarchical architectures, fairness-aware learning,
and active annotation, we show that model performance and equity are not mutually exclusive goals, but complementary
dimensions of responsible AI. The hierarchical CNN’s superior performance under fairness-unaware training highlights the
value of domain-aligned architectures, while the mixed effects of fairness constraints across models show the need for tailored,
task-specific interventions rather than one-size-fits-all fairness solutions. Persistent disparities across race, sex, and age, even
in fairness-constrained models, reveal that algorithmic inequities often originate upstream, in the documentation and data
generation processes themselves. Addressing these inequities demands a paradigm shift: fairness must be treated not as an
afterthought, but as an architectural principle guiding every stage of AI development, from data collection to deployment.
Technical advances alone cannot rectify the structural biases embedded in health systems, but they can illuminate where reform
is most urgently needed. By coupling rigorous quantitative evaluation with ethical and clinical insight, this work offers a path
toward NLP systems that do more than predict; they help rebuild trust, representation, and accountability in digital health.
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