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As models based on machine learning continue to be developed for
healthcare applications, greater effortis needed to ensure that these

technologies do notreflect or exacerbate any unwanted or discriminatory
biases that may be present in the data. Here we introduce a reinforcement
learning framework capable of mitigating biases that may have been
acquired during data collection. In particular, we evaluated our model for
the task of rapidly predicting COVID-19 for patients presenting to hospital
emergency departments and aimed to mitigate any site (hospital)-specific
and ethnicity-based biases present in the data. Using a specialized reward
function and training procedure, we show that our method achieves
clinically effective screening performances, while significantly improving
outcome fairness compared with current benchmarks and state-of-the-art

machine learning methods. We performed external validation across
threeindependent hospitals, and additionally tested our methodona
patientintensive care unit discharge status task, demonstrating model

generalizability.

Advancements in computational resources and the availability of
vastamounts of digital health dataare revolutionizing our understand-
ing of general and personalized health assessment. While machine
learning (ML)-based technologies offer clear benefits, it is crucial
to ensure the fairness and equity of models, particularly in health-
care settings where algorithmic findings directly influence clinical
decision-making and patient care. Ideally,amodel should extract useful
generalizations from the data without exhibiting any form of unfair
discrimination. By achieving this, the model’s performanceimproves,
while fostering trustamong clinicians and patientsinits effectiveness
and reliability.

ML models are prone to bias based on the composition of train-
ing data, leading to unfair differences in performance for specific
subgroupsin predictive tasks. These biases hinder amodel’s ability to
accurately capture the relationship between features and the target

outcome, resulting in poor generalization across subgroups and unfair
decision-making'™.

Prior works on ML fairness have established statistical fairness
metricssuch asstatistical parity, equalized odds, equal opportunity and
test fairness to evaluate notions of fairness>**”. Thus, fairness-aware
ML methods aim to improve on such fairness definitions.

In this study, our focus is on optimizing for equalized odds. Con-
sider a binary classifier that predicts labels y; € {0, 1} for samples i
with features x;. A subgroup of samples Zis considered sensitive
(that is, a group that a model may be biased against) compared
with a non-sensitive complement Z’, whereby Z/Z’ represents sub-
groups from a real-world attribute, such as ethnicity, socioeco-
nomic community or gender. Following the definition of equalized
odds, a classifier Y is fair if ¥ and Z are conditionally independent
given Y (refs. 2,3,5,6). For binary classification, this is equivalent to
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Fig.1|Reinforcement learning framework. Overview of the general RL
framework used. For this study, the “agent’ used is a duelling Q-network, and the
‘environment’ is the features of each sample.

PY=1Y=y,Z=0)=PY =1Y =y,Z=1),y € {0,1}. This definition
can also be extended to multi-class classification.

Inthe context of fairness and bias, our focus is on clinical applica-
tions for three key reasons. Firstly, abiased model canlead toinaccurate
predictions for crucial and potentially life-altering decisions. Secondly,
biasagainst certaingroups canresultin disparitiesin the quality of care
received by patients from those groups compared with others. Lastly,
a biased model has the potential to worsen existing healthcare and
societal inequities®. These factors collectively undermine clinician and
patient trust, making the deployment of ML modelsin clinical practice
more challenging.

Ethnicity-related unfair bias is a prominent concern in health-
care. It can inadvertently occur due to admission bias, volunteer bias,
sampling bias or observer bias during data collection, resulting in data
that do not represent the general population®’. ML models have pre-
viously shown susceptibility to ethnicity-based biases. For instance,
a study revealed a recidivism prediction model that exhibited bias
against black defendants, wrongly classifying them as future criminals
atnearly double the rate of white defendants™. In clinical applications,
researchers have found unequal performance of ML models across dif-
ferent patient populations"”, which can lead to negative consequences
for under-represented groups™. This issue is particularly pertinent as
sample populations used in studies may not adequately represent the
overall patient population because of limited resources, regional biases
and other factors. For example, randomized trials evaluate treatment
effects for a trial population; however, participantsin clinical trials are
oftendemographically unrepresentative of the patient populationthat
ultimately receives the treatment™". Consequently, if a model deter-
mines whoreceives aspecific drug or intervention, minority groups (for
example, ethnic minorities, women and obese patients) might receive
the least, perpetuating demographic inequities in healthcare. Privacy
preservation and statistical disclosure are also affected because regions
withasmallnumber of patients fromaparticular ethnicity faceincreased
identification risk if the ML model exhibits bias against that group®.

Inequities can also arise between different healthcare centres, as
they canexhibit variationsin disease prevalence, mortality rates, quality
of healthcare services, and the use of specific medical devices™ 8.
ML models trained on real-world data from one hospital may not
generalize to new settings due to unintentional site-specific
biases introduced during data collection, processing and organiza-
tion (known as measurement bias)”. For instance, a study found that

a»

b

/A N\e
¥ oo

Fig. 2|Single-stream and duelling Q-network comparison. a, A typical single-
stream Q-network. b, A duelling architecture, with two streams to independently
estimate the state values (scalar) and advantages (vector) for each action (this
implements equation (7)).

state-of-the-art computer vision methods consistently underdiag-
nosed underserved patient populations’. To mitigate such biases,
many ML-based clinical projects aim to combine datasets from multi-
ple hospitals to increase the training data volume, as generalizabil-
ity often requires large datasets. However, models can still acquire
site-specific biases during training due to varying amounts of available
training dataacross different centres. If these biases influence amodel’s
decisions, certain hospitals may experience inferior outcomes,
widening inter-hospital inequities and discouraging the adoption of
ML-based technologies®.

Because of these concerns, there is growing attention being given
to ML fairness and bias mitigation, with practitioners typically employ-
ingtechniques at either the data, algorithm or evaluation level. For the
purposes of our study, we specifically focus on an algorithmic-level
technique, whereby we aim to develop a fair model using a reinforce-
ment learning (RL) paradigm. The current literature for addressing bias
mitigation at the algorithmic level has primarily focused on standard
supervised learning using adversarial debiasing—atechnique where a
modelis trained to learn parameters that do notinfer sensitive features.
Here, a predictor network is trained against an adversary network,
where the adversary assures that the predictor’s output is not cor-
related with the specified sensitive feature (that is, the unwanted bias
that we are trying to mitigate). A fairness metric can also be imposed
as a constraint or incorporated into a loss function® (Supplementary
Section B). Thistechnique has beenused to develop models that output
fair predictions and has previously been successfulinreducing gender
(male versus female) bias in salary prediction®*° and ethnicity (black
versus white) bias in recidivism prediction®. Adversarial models have
alsobeen used to effectively predict COVID-19, whilst simultaneously
improving outcome fairness with respect tosite (hospital)-specificand
ethnic biases®. As specialized methods have been shown to be neces-
sary for mitigating unwanted biases, we aimed to use an RL framework
(instead of an adversarial one) to optimize fairness outcomes.

RL—whereby an agent interacts with an environment to learn a
task—has been linked to many real-world artificial intelligence suc-
cesses, with many well-known exemplars in gameplay and control.
However, the core elements of RL have been shown to be successful
on a wider range of tasks, including those which, on the surface, do
not appear to have a particular ‘agent’ interacting with an ‘environ-
ment’ (whichis typically regarded as the standard RL set-up®>*’). Such
problems include classification tasks, which have commonly been
addressed using standard supervised learning algorithms (where an
inputis mapped through amodelto predictaclasslabel).RL, instead,
uses an agent to interact with the input to determine which class it
belongs to and then receives an immediate reward from its environ-
ment based on that prediction. A positive reward is given to the agent
when a label is correctly predicted and a negative one is given other-
wise. This feedback helps the agent learn the optimal ‘behaviour’ for
classifying samples correctly, such that it accumulates the maximum
rewards. To do this, an agent performs actions that set memory cells,
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Table 1| Equalized odds evaluation for ethnicity bias and COVID-19 status prediction test results across different models
and test sets, optimized to sensitivities of 0.9

Test set Model EO (TP) EO(FP) Sensitivity Specificity PPV NPV F1 AUROC

PUH
RL 0.047° 0.037 0.876 (+0.017) 0.512 (+0.006) 0.088 (+0.005) 0.987 (+0.002) 0159 0.834 (+0.013)
RL (unweighted) 0.048° 0.031 0.872 (+0.017) 0.518 (+0.006) 0.088 (+0.005) 0.987 (+0.002) 0.160 0.838 (+0.013)
ADV 0.050 0.014°  0.879 (+0.017) 0.595 (+0.005) 0.104 (x0.005) 0.989 (+0.001) 0.186 0.865 (+0.012)
NN 0.066 0.028°  0.890 (+0.016) 0.631(+0.005) 0114 (+0.006) 0.991(+0.002) 0202  0.875(x0.012)
XGB 0133 0.053 0.919 (+0.013) 0.532 (+0.006) 0.095 (+0.005) 0.992 (+0.001) 0172 0.882(+0.011)
NN (weighted) 0.056 0.035 0.882 (+0.017) 0.650 (+0.005) 0.119 (+0.006) 0.990 (+0.002) 0.210 0.876 (+0.012)
XGB (weighted) 0.214 0.054 0.900 (+0.015) 0.597 (+0.006) 0.107 (+0.006) 0.991(+0.002) 0191 0.882(+0.012)

UHB
RL 0.057° 0.041°  0.879(+x0.034)  0.574(+0.011) 0.079 (+0.009)  0.991(+0.003) 0144 0.849 (+0.025)
RL (unweighted) 0155 0.044 0.876 (+0.035) 0.538 (+0.011) 0.073 (+0.008) 0.991(+0.003) 0135 0.834 (+0.026)
ADV 0.072 0.039° 0.867 (+0.035) 0.637 (+0.010) 0.090 (+0.010) 0.991(+0.003) 0.163 0.865 (+0.025)
NN 0.069° 0.052 0.873 (+0.035) 0.667 (+0.010) 0.098 (+0.011) 0.992(+0.002) 0176 0.868 (+0.026)
XGB 0106 0.07M 0.867 (+0.036) 0.585 (+0.010) 0.080 (+0.009)  0.991(+0.003) 0.146 0.854 (+0.025)
NN (weighted) 0.070 0.052 0.862 (+0.037) 0.725 (+0.010) 0.115(+x0.012) 0.992(+0.002) 0.203  0.866 (+0.025)
XGB (weighted) 0155 0.042 0.867 (+0.035) 0.603 (+0.011) 0.083(x0.009)  0.991(+0.003) 0151 0.858 (+0.025)

BH
RL 0.030° 0.010° 0.935 (+0.041) 0.691(£0.029) 0.296 (+0.043) 0.987 (+0.008) 0.449 0.923 (+0.031)
RL (unweighted) 0.055 0.057 0.906 (+0.049) 0.668 (+0.029) 0.275 (+0.031) 0.981(+0.011) 0.422 0.898 (+0.035)
ADV <0.001° 0.045 0.877 (+0.055) 0.779 (+0.026) 0.356 (+0.051) 0.979 (+0.011) 0506  0.912(+x0.033)
NN 0.059 0.039 0.870 (+0.057) 0.803 (+0.024) 0.380(+0.053)  0.978 (+0.010) 0529  0.912(+x0.033)
XGB 0107 0.036°  0.928 (+0.044) 0.644 (+0.030) 0.266 (+0.040) 0.985 (+0.010) 0.413 0.908 (+0.033)
NN (weighted) 0.057 0.040 0.862 (+0.057) 0.834(+x0.023) 0.419 (+0.057) 0.978 (+0.010) 0564  0.918(+0.032)
XGB (weighted) 0.146 0.050 0.920 (+0.045) 0.649 (+0.030) 0.267 (+0.040) 0.983 (+0.010) 0.414 0.897 (+0.036)

Equalized odds (EO) results are reported as the s.d. of true positive (TP) and false positive (FP) rates across all ethnicity labels, with bolded values denoting the best (%) and second best (°)
scores. Classification metrics are reported alongside 95% Cls, with bolded values denoting best scores achieved on each test set. ADV, adversarial; XGB, XGBoost.

which canthenbe used by the agent (together with the original input)
toselect actions and classify samples®. Specialized reward functions
have previously been successful in mitigating large data imbalances
with respect to the predicted label**. Thus, instead of focusing on
labelimbalance, we aimed to formulate adeep RL framework with the
specific purpose of improving algorithmic fairness and mitigating
unwanted biases (Fig. 1).

Specifically, we developed a duelling double-deep Q-network
(DDQN; Fig.2) and evaluated our method onareal-world, clinical task—
COVID-19 screening using anonymized electronic health record data
from hospital emergency rooms. For this task, we aimed to mitigate
any unwanted ethnicity-based and site (hospital)-specific biases. To
demonstrate the utility of our method across diverse clinical tasks,
we performed additional analyses on a patient discharge status task
using electronic health record data from intensive care units (ICUs).
Although we use clinical case studies, the framework introduced can
be generalized across many different domains and canbe applied toa
variety of tasks and features.

Results

In this study, we introduced a method for training fair, unbiased ML
models, based on a deep RL framework. We evaluated it on two com-
plex, real-world tasks—screening for COVID-19 and predicting patient
discharge status—while aiming to mitigate site (hospital)-specific
and demographic (patient ethnicity) biases. Through comparison
of our RL method against current benchmarks and state-of-the-art

ML methods—RL (without a debiasing component), XGBoost and a
fully connected neural network (NN; both with and without cost-
adjusted weights inversely proportional to the frequency of sensitive
attributes) and adversarial debiasing—we found that RL demonstrably
improved outcome fairness, while still achieving strong classification
performance.

Debiasing ethnicity

After training models on patient cohorts from Oxford University
Hospitals National Health Service (NHS) Foundation Trust (OUH), we
externally validated our models across three external patient cohorts
from Portsmouth Hospitals University NHS Trust (PUH), University
Hospitals Birmingham NHS Trust (UHB) and Bedfordshire Hospitals
NHS Foundation Trust (BH). All models achieved reasonably high
area under receiver operator characteristic curve (AUROC) scores
acrossall test sets (Table1), comparable to those reported in previous
studies®***? (which used similar patient cohorts and features; Supple-
mentary Table 13), demonstrating that we trained strong classifiers to
begin with. AUROC scores for predicting COVID-19 status stayed rela-
tively consistent across all test sets, achieving the highest performances
ontheBH cohort (PUH: AUROC range 0.834-0.882 (confidenceinterval,
Cl: 0.821-0.894); UHB: 0.834-0.868 (0.807-0.892); BH: 0.897-0.923
(0.861-0.954)). With respect to the model used, all models achieved
similar AUROCs; however, the highest AUROCs were generally achieved
by the standard supervised learning models—adversarial and both
weighted and unweighted XGBoost and NN models (mean AUROCs
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Table 2 | Equalized odds evaluation for ethnicity bias and patient ICU discharge prediction test results across different
models, optimized to sensitivities of 0.9

Model EO(TP) EO (FP) Sensitivity Specificity PPV NPV F1 AUROC

RL 0.032° 0.022* 0.897 (+0.015) 0.539 (+0.008) 0.171(+0.008) 0.980 (+0.003) 0.287 0.829 (+0.013)
RL (unweighted) 0.052 0.030 0.889 (+0.016) 0.502 (+0.008) 0.159 (+0.008) 0.977 (+0.003) 0.269 0.818 (£0.013)
ADV 0.040 0.027 0.885 (+0.016) 0.637 (+0.008) 0.205 (+0.010) 0.981(+0.003) 0.333 0.861(+0.012)
NN 0.033 0.037 0.884 (+0.016) 0.600 (+0.008) 0.189 (+0.009) 0.980 (x0.003) 0.312 0.847 (+0.012)
XGB 0.062 0.022° 0.883 (+0.016) 0.674 (+0.008) 0.223(+0.011)  0.982(+0.003) 0.355 0.875(+0.012)
NN (weighted) 0.032° 0.033 0.882 (+0.016) 0.606 (+0.008) 0.191(+0.009) 0.980 (+0.003) 0.314 0.843 (+0.012)
XGB (weighted) 0.049 0.037 0.878 (+0.016) 0.665 (+0.007) 0.217 (+0.010) 0.981(+0.003) 0.348 0.871(+0.011)

EO results are reported as the s.d. of TP and FP rates across all ethnicity labels, with bolded values denoting the best (°) scores. Classification metrics are reported alongside 95% Cls, with

bolded values denoting best scores achieved on the test set.

0f 0.869 (RL), 0.857 (RL, unweighted), 0.881 (adversarial), 0.885 (NN),
0.881 (XGBoost), 0.887 (NN, weighted), 0.879 (XGBoost, weighted)).
Using a sensitivity configuration of 0.9, we obtained consistent scores
for sensitivity across all models and cohorts (PUH: sensitivity range
0.872-0.919 (CI: 0.855-0.933); UHB: 0.862-0.879 (0.825-0.913); BH:
0.862-0.935(0.805-0.976)), withRL achieving the highest sensitivities
on the UHB and BH test sets (however, it should be noted that RL had
either thelowest or second-lowest specificities). And, as seenin previ-
ousstudies, our models achieved high prevalence-dependent negative
predictive value (NPV) scores (>0.978), demonstrating the ability to
exclude COVID-19 with high confidence. Furthermore, these results
demonstrate that an RL paradigm is more generalizable in diverse
environments, with superior AUROC for the BH cohort, and superior
sensitivity on the BH and UHB cohorts, which are the two more ethni-
cally diverse cohorts.

Although predictive performance of the RL model only varied
slightly with respect to other models, the difference in accuracy of
the RL model compared with that of other models was found to be
statistically significant (P < 0.0001, by the Wilcoxon signed rank test).

Interms of fairness, the RL model achieved the best performance
overall, achieving either the best or second-best equalized odds
performances (for both true positive and false positive) across all
external test cohorts, except for the false positive s.d. for PUH (Table
1). The adversarial model achieved the second best performance
overall, usually achieving the best or second best scores for one of
true positive or false positive s.d. metrics. The NN and XGBoost
models with weights (inversely proportional to the frequency of
sensitive attributes) were not found to improve equalized odds. In
general, models with an added dynamic debiasing functionality (that
is, RLor adversarial models) demonstrably improved equalized odds.
Similar results were found when models were optimized to sensiti-
vities of 0.85 (full numerical results in Supplementary Table 14),
with RL generally achieving the best or second best equalized odds
scores, demonstrating model consistency across small shifts in the
decision threshold.

With the same goal of mitigating ethnicity biases, we additionally
tested our method on a different classification task—patient discharge
prediction. As before, we found that all models achieved reasonably
high AUROC scores on the test set (Table 2), comparable to previ-
ously reported benchmarks using the same dataset®®. AUROC scores
ranged from 0.818to0 0.875 (Cl: 0.805-0.886), with the XGBoost model
achieving the highest score and the RL models (both with and without
adebiasing component) achieving the lowest. However, when optimiz-
ing sensitivitiesto 0.9, RL (weighted) achieved the best results interms
of sensitivity and equalized odds, despite a small trade-offin AUROC.
This was also the case when sensitivities were optimized to 0.85 (full
numerical results in Supplementary Table 15), demonstrating model
consistency. The difference in accuracy of the RL model compared
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Fig.3|t-SNE representation. Visualization of clusters determined througha

t-SNE, including all positive COVID-19 cases across four NHS trusts (OUH, PUH,
UHB, BH).

with that of other models was found to be statistically significant
(P<0.0001, by the Wilcoxon signed rank test).

Debiasing hospital

We used ¢-stochastic neighbour embedding (t-SNE) to visualize a
low-dimensional representation of all positive COVID-19 cases across
the four NHS sites. From Fig. 3, we can see an isolated green cluster
corresponding exclusively to asubset of presentations from OUH. This
suggests that the training data can be clustered by, and thus is biased
to, site-specific features such as annotation methods, data truncation,
measuring devices or collection and processing tools. This was also
found in a previous study using a different stratification of the same
datasets’. These distribution shifts emphasize the importance of con-
sidering site-specific biases during model development.

For this bias-mitigation task, we tested allmodels on a held-out set,
whichincluded patient presentations from all four hospitals (Table 3).
Model performances were higher than those achieved in the previous
COVID-19 status prediction task (focused on ethnicity mitigation);
and, as before, although performance was relatively consistent, the
XGBoost and NN models (both weighted and unweighted) achieved
the highest AUROC scores (AUROCs of 0.879 (Cl: 0.865-0.892; RL),
0.855(0.840-0.870; RLunweighted), 0.882(0.869-0.896; adversarial),
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Table 3 | Equalized odds evaluation for hospital bias and COVID-19 status prediction test results across different models and

test sets, optimized to sensitivities of 0.9

Model EO(TP) EO (FP) Sensitivity Specificity PPV NPV F1 AUROC

RL 0.010° 0.040° 0.887 (+0.019) 0.622 (+0.008) 0.155 (+0.009) 0.986 (+0.003) 0.264 0.879 (+0.014)
RL (unweighted) 0.035 0.063 0.892(+0.019) 0.553 (+0.008) 0.135 (x0.008) 0.985 (+0.003) 0.234 0.855 (+0.015)
ADV 0.022 0.045° 0.882 (+0.019) 0.642 (+0.008) 0.161(+0.009) 0.986 (+0.003) 0.272 0.882(+0.014)
NN 0.022 0.065 0.879 (+0.019) 0.676 (+0.008) 0175 (+0.010) 0.986 (+0.002) 0.292 0.891(+0.013)
XGB 0.024 0.057 0.875 (+0.020) 0.720 (+0.008) 0.196 (+0.011) 0.987 (+0.003) 0.320 0.900 (+0.012)
NN (weighted) 0.033 0.055 0.883 (+0.019) 0.686 (+0.008) 0.180 (+0.011) 0.987 (+0.002) 0.299 0.894 (+0.013)
XGB (weighted) 0.014° 0.057 0.892(+0.019) 0.681(+0.008) 0.179 (+0.010) 0.988 (+0.002) 0.298 0.901(+0.012)

EO results are reported as the s.d. of TP and FP rates across all hospital labels, with bolded values denoting the best (°) and second-best (°) scores. Classification metrics are reported alongside

95% Cls, with bolded values denoting best scores achieved on the test set.

0.891(0.879-0.904;NN), 0.900 (0.887-0.912; XGBoost), 0.894 (0.881-
0.906; NN weighted) and 0.901 (0.888-0.913; XGBoost weighted)).
Using asensitivity configuration of 0.9, we obtained consistent scores
for sensitivity across all models (sensitivities of 0.887 (0.868-0.906;
RL), 0.892 (0.873-0.911; RL unweighted), 0.882 (0.862-0.901; adver-
sarial), 0.879 (0.859-0.898; NN), 0.875 (0.855-0.895; XGBoost),
0.883 (0.863-0.902; NN weighted) and 0.892 (0.873-0.911; XGBoost
weighted)), with the weighted XGBoost and RL (unweighted) achiev-
ing the highest sensitivities and the weighted RL model achieving
the third-highest sensitivity. As before, all models achieved high
prevalence-dependent NPV scores (>0.985), demonstrating the ability
to exclude COVID-19 with high confidence. Although the overall
predictive performance between models was similar, the difference
in accuracy of the RL model compared with that of other models
was found to be statistically significant (P < 0.0001, by the Wilcoxon
signed rank test).

In terms of bias mitigation, the proposed RL model (weighted)
achieved the most fair performance, achieving the best result with
respect to equalized odds (for both true positive and false positive
s.d.scores). This result was consistent when models were optimized to
sensitivities of 0.85 (full numerical resultsin Supplementary Table 16),
demonstrating resilience of debiasing to decision thresholds. The
adversarial model achieved the second-best performance in terms
of false positive s.d., and the weighted XGBoost model achieved the
second-best performance in terms of true positive s.d. Thus, as shown
in the previous task, models with an added debiasing functionality
demonstrably improved equalized odds, with only a slight trade-off
in predictive performance (greatest AUROC decrease of 0.021 when
comparing the RL model with the XGBoost implementation).

Discussion

As ML gains more significance in clinical decision-making, it is crucial
to ensure that these technologies neither reflect nor amplify undesir-
able biases. Incorporating fairness principles during model develop-
ment and evaluation is essential to achieve this goal. Although our
examination of variations across specific hospitals and ethnicities
only addresses a portion of healthcare disparities, we aim to promote
the utilization of deep RL and fairness principles in a wide range of
prediction and debiasing tasks through the framework and concepts
introduced.

For all tasks, we found that the outcomes of the RL models were
less biased compared with those with no bias-mitigating component.
However, althoughbias generally decreased, our models did not com-
pletely fulfil equalized odds requirements. One contributing factor
may be that our training datasets, for all tasks, were imbalanced with
respect to the sensitive attribute (thatis,amuch larger representation
of white patients than other ethnicities; much more data was available
from OUH and PUH than UHB and BH). As the base network we are using

isan NN, skewed distributions can potentially give inconsistent results.
This has previously been observed for adversarial training, as using
balanced data was found to have a much stronger effect on fairness
outcomes®™. Thus, given sufficient data, future models could benefit
frombeing trained on balanced datasets.

Because an RL set-up can help control how and when a learning
signal is backpropagated to improve on error aggregation (which
occurs throughstandard supervised learning), the use of cost-sensitive
weighting (based on sensitive attribute frequency) may have beenmore
effective for RLthan whenit was used inastandard supervised learning
framework. Inthe standard supervised learning setting, cross-entropy
loss provides a learning signal regardless of what is presented; thus,
amodel can become skewed or biased based on the majority class
present in the batch. This was seen in the results for the weighted NN
and XGBoostimplementations, as equalized odds results were poorer.
However, it should be noted that there may still be biasin the RL model
given the population it is trained on, but this should not impact the
performance on the test sets (which we have demonstrated temporally
and externally). This bias may be a potential issue when transferring
the modeltoanewdomain, which canbeaninterestingareato explore
in future studies.

With respectto fulfilling equalized odds requirements, the advan-
tage of using an RL framework was more observable and clear (that
is, noticeable improvements in true positive and false positive s.d.
for RL results over other models) for the patient discharge task and
the COVID-19 task that involved mitigating inter-hospital biases. This
may be due to the larger amount of training data used in those tasks
compared with the COVID-19 task with ethnicity debiasing (14,949
patients compared to 43,754 and 49,305 patients for COVID-19 ethnic-
ity, COVID-19 hospital, and ICU patient discharge tasks, respectively).
Having a greater amount of training data may have made it easier for
models to confidently differentiate between different classes (for both
the main task and the sensitive attribute). This was demonstrated by
the COVID-19tasks, as higher predictive performance was achieved for
the hospital-site mitigation task than the ethnicity mitigation task, as
the hospital-based task utilized a larger training set.

We employed threshold adjustment to ensure high sensitivity in
our classification tasks, specifically for COVID-19 prediction and ICU
patient discharge prediction. This technique is effective when deal-
ing with imbalanced training data, which was the case for both tasks.
However, we observed data bias due to site-specific factors in the t-SNE
visualization (Fig. 3). Consequently, an optimal threshold derived from
a specific dataset may not be suitable for new settings with different
distributions. This probably contributed to the varying sensitivities
observed between test sites in the COVID-19 task with ethnicity debi-
asing. Therefore, it is crucial to further investigate the selection of an
optimal decision threshold, as it directly impacts classification and
fairness metrics by affecting true positive and true negative rates.
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Additionally, in clinical settings, achieving consistent sensitivity (or
specificity) scores across different sites is desirable, evenif the AUROC
remains consistent. Varying sensitivities and specificities can make
it challenging for clinicians to rely on a model’s performance. Future
experiments could explore the use of site-specific thresholds tailored
during the calibration phase at each site to standardize predictive
performance”. Moreover, while we recognize the usefulness of prob-
ability asameasurement, we chose classification for rapid triaging into
‘COVID-free’ or ‘COVID-suspected’ areas. However, depending on the
task, probabilities can be used as the final outcome.

Furthermore, itis essential to consider the trade-off between sen-
sitivity and specificity. Inthe COVID-19 task, we optimized thresholds
for high sensitivity to aid in triaging. However, this trade-off nega-
tively affected specificity. RL had high sensitivities but the lowest or
second-lowest specificities. The trade-off should be carefully assessed
foreachtask, aslow specificity can strain hospitals because of increased
resource utilization, follow-up tests, costs and patient anxiety or dis-
comfort. This trade-off is also significant when determining fairness
criteria. In certain tasks, high sensitivity may be preferred to minimize
harm caused by false negatives, such as in disease diagnosis. In these
cases, fairness metrics like true positive parity (equal opportunity)
can be used, ensuring that the probability of the classifier predicting
asampleasthe positive class is equal across all classes of the sensitive
attribute. Itisimportant to note that other fairness metrics, such as sta-
tistical parity and test fairness, exist. Therefore, applications should be
optimized with fairness definitions most suitable for each specific task.

While we demonstrated the effectiveness of our model in handling
multi-class sensitive features, it remains crucial to consider whether a
demographic-specific or site-specific modelis more suitable compared
to ageneralized multi-class model for a given task. For instance, if the
model’s purpose is to support patients within a specific hospital care
structure or predict the risk of a disease known to vary significantly
between ethnicities, utilizing personalized models trained individu-
ally on each class may be the optimal choice. However, implementing
multiple models can be computationally demanding, posing challenges
for hospitals. In such cases, adopting a more generalized model, like
the debiasing framework presented here, would be advantageous, as
it offers a feasible alternative while still addressing biases.

Understanding the complexinterplay betweengenetic, social, and
behavioural factors in clinical outcomes poses a significant challenge.
Whileitisevident that ethnicity should notbe the sole determining factor
incertain non-clinical taskslike recidivism prediction, itsrolein clinical
contextsisnotalways as straightforward. Ethnicity canbe animportant
predictor for specific diagnoses, prognoses, and treatment recommen-
dations”. In our COVID-19 screening task, we focused on addressing
data imbalances to ensure fair predictions for minority groups using
available data from UK hospital trusts. However, we acknowledge that
ethnicity encompasses essential characteristics like place of residence
and socioeconomic status, which collectively contribute to disease
prevalence among specific ethnic groups. Defining the precise contribu-
tion of ethnicity (and related factors) to COVID-19 diagnosis during the
early stages of a pandemic can be challenging. Nevertheless, as more
data are collected over time, gradual adjustments should be made to
accurately assess the true impact of these characteristics.

Methods

Previous works have shown that ML-based methods can identify
patients presenting with COVID-19 up to 90% sooner than polymerase
chainreaction (PCR) testing, achieving high sensitivities and perform-
ing effectively as a rapid test-of-exclusion®*?*°, Additionally, one
study showed that adversarial models were effective at screening for
COVID-19 whilst being able to mitigate biases for selected sensitive
features®. We aimed to build on these existing works, formulating a
deep RL framework (with a specialized reward function) to effectively
screen for COVID-19, while simultaneously mitigating unwanted biases.

Datasets and preprocessing

To train and validate our models, we used clinical data with linked,
deidentified demographicinformation for patients presenting to emer-
gency departments across fourindependent UK NHS trusts: OUH, PUH,
UHB and BH. With respect to these datasets, UK NHS approval via the
national oversight and regulatory body, the Health Research Authority
(HRA) through the Integrated Research Application System (IRAS), has
beengranted for development and validation of artificial intelligence
models to detect COVID-19 (CURIAL; NHS HRA IRAS ID: 281832).

With scalability in mind, we trained models for the purposes of
rapid triaging using laboratory blood tests and vital signs, as these are
widely and routinely collected during the first hour of patients attend-
ing emergency care pathways in hospitals in middle- to high-income
countries®. The features included are the same as those used in
ref. 19 (also similar to those used inref. 27 and ref. 3), allowing for com-
parison. Supplementary Table 2 summarizes the final features used.

For each ofthe models, a training set was used for model develop-
ment, hyperparameter selection and model training; a validation set
was used for continuous validation and threshold adjustment; and,
after successful development and training, three held-out, external
test sets were used to evaluate the performance of the final models.

Forthe training and validation sets used in the ethnicity debiasing
models, we used patient presentations exclusively from OUH. From
OUH, we curated two data extracts—one from the first wave of the
COVID-19 pandemicin the UK (1December 2019 to 30 June 2020) and
one from the second wave (1 October 2020 to 6 March 2021) (Supple-
mentary Fig. 1). Owing to incomplete penetrance of testing during
the first wave and imperfect sensitivity of the PCR test, there is uncer-
tainty in the viral status of patients presenting who were untested or
tested negative. Thus, from the ‘wave one’ dataset, we only included the
positive cases (as determined through PCR tests) in training; and from
the ‘wave two’ dataset, we included both positive COVID-19 cases (by
PCR) and negative controls. This was done to ensure that the label of
COVID-19 status was correct during training. This resulted in a preva-
lence of11.1% used during training, which is within the spatial and tempo-
ral range of prevalences observed across the UK trusts used in our study
(prevalences between 4.27-12.2%; Supplementary Table 1). Further-
more, to reasonably evaluate classification performance with respect
toethnicity, weremoved any presentations where the label for ethnicity
was ambiguous, including those labelled as ‘unknown’, ‘mixed’ or
‘other’. Thisresulted in 18,687 patients used in training and validation,
including 2,083 of which were COVID-19 positive. Aratio of 80:20 was
used tosplitthe OUH cohortinto training and validation sets. We then
performed external validation on three independent patient cohorts
from PUH, UHB and BH (totalling 38,964 admitted patients, including
1,963 who were COVID-19 positive). From Supplementary Table 3, we
cansee that ethnicity is heavily skewed in our training dataset, making
itapossible source of bias during training.

We performed sensitivity analysis to account for uncertainty in
the viral status of patients testing negative by PCR or who were not
tested. We evaluated this on the validation set (to ensure that the test
sets were not used until afinal model is developed), achieving AUROC
scores 0f 0.836 (0.811-0.860) and 0.857 (0.833-0.880) for the original
and adjusted training sets, respectively. The comparable results (over-
lapping Cls) demonstrate model stability across the training sets.

Inaddition to debiasing ethnicity, we also demonstrated the utility
of our proposed method for debiasing with respect to the hospital that
apatient attended. To evaluate bias related to hospital location, pres-
entations from multiple sites needed to be presentin the training data.
Thus, we combined presentations from all hospital cohorts previously
described; however, we additionally included the patient presenta-
tions with ambiguous ethnicity labels, as we are no longer focusing on
mitigating ethnicity-based biases. Using a 60:20:20 split, we separated
the datainto training, validation and test sets, respectively, resulting in
58,339 presentations used in training and validation (including 4,245
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thatwere COVID-19 positive) and 14,585 presentations in the held-out
test set (including 1,056 that were COVID-19 positive).

Consistent with previous studies, we addressed the presence of
missing values by using population medianimputation, then standard-
ized all featuresin our data to have amean of O and ans.d. of 1.

A summary of training, validation and test cohorts used in each
task can be found in Supplementary Tables 3 and 4. The full inclusion
and exclusion criteria for patient cohorts and summary population
statistics can be found in Supplementary Section C.

To further test our framework, we also trained models to predict
the discharge status of patients staying in the ICU, using data from
the eICU Collaborative Research Database (eICU-CRD)*"*. The
elCU-CRD is a publicly available, anonymized database with pre-
existinginstitutional review board approval. The databaseis released
under the Health Insurance Portability and Accountability Act safe
harbour provision. The re-identification risk was certified as meeting
safe harbour standards by Privacert (Health Insurance Portability and
Accountability Act certification no.1031219-2). Here, we also focus on
debiasing ethnicity (which, again, is heavilyimbalancedin the dataset),
demonstrating the generalizability of our method on anew, indepen-
dent clinical task. Details on the dataset, features and preprocessing
steps used for this task can be found in Supplementary Section D.

Reinforcement learning for classification

To formulate classification as an RL task, we model our problem in
asequential decision-making format using a finite Markov decision
process. We define the Markov decision process using a tuple of five
variables (s, a, p,r,y), where: sis the state space of the process, ais the
action that an agent takes, p is the transition probability that results
from an action, ris the reward expected for agiven action and yis the
discount factor used for future rewards.

For agiven N x D dataset, N is the total number of samples and
D is the number of features in each sample. During training, a batch
of data is randomly shuffled and presented to the model in order.
Here, Pis deterministic, as the agent moves from one state to the next
according to the order of samplesinthe training data. The features of
each sample presented makes up the state, s.

The action, q, is the prediction the agent makes when presented
with a state, s. Given a total number of classification labels, K, each a
is selected from one of K classes. With respect to COVID-19 classifica-
tion, a € {0, 1}, where O corresponds to COVID-19 negative cases and 1
corresponds to COVID-19 positive cases.

Because the selection of an action, a, does not determine the fol-
lowing sample, s, presented to the agent, an alternative dependency
must beintroduced betweensand a. To achieve this, a training episode
is terminated when an agent incorrectly classifies the minority class,
preventing any further reward, r. This allows for arelationship between
sandatobelearned, especially whenthere are severe dataimbalances
between majority (COVID-19 negative) and minority (COVID-19 posi-
tive) classes”. We have specifically chosen to use this off-policy Monte
Carlo (that is model-free) RL approach, as an off-policy algorithm
allows for the samples presented to the network to be independent
and uncorrelated; and the model-free element meanswedon’tlearna
transition function (and thereby don’tlearn atrajectory), butinstead,
learn amapping of state to appropriate action for all considered states.
Additionally, the temporal difference loss allows us to estimate the
equivalent Monte Carlo return in a more efficient manner®, thus
making it feasible to treat each state independently. The overall RL
framework is showninFig. 1.

Defining reward for bias mitigation. Standard classification models
that use gradient descent, estimate the marginal distribution with a
differentiable error term. This can skew models towards the majority
class presentinabatch, dueto aggregation of the errors. However, RL
provides a way of indicating error using a non-differentiable signal

that canbe uniquely designed for each situation at hand; for example,
for our purposes, we can detect minority classes by representing this
inthe reward function, which aggregation typically doesn’t allow you
to do. As aresult, an RL paradigm allows for the learning of minority
classes without needing to compromise onlearning of majority classes,
implicitly. This is particularly important in the tasks presented here,
where we aim to train models that can generalize well across different
patient demographics, patient outcomes and hospital centres, even
iftheir distributions are unequal at the time of model development.

The reward, r, is the signal evaluating the success of the agent’s
selected action. We introduce a specialized function for reward,
uniquely formulated for the purpose of mitigating biases of the cho-
sen sensitive feature, z. To do this, we separate the reward function
into two components—one to help train a strong classifier and one
to debias with respect to the sensitive attribute. Additionally, as the
majority of previous studies have exclusively evaluated bias mitiga-
tion for binary attributes, we formulated the reward function to be
able to debias multi-class attributes. This is especially important in
clinical tasks, as a higher degree of granularity is often required since
binning values to fewer (thatis, binary) classes may not be biologically
relevant (especially when classes are categorical) and is heavily biased
on the sample population®?. Thus, to accommodate for class imbal-
ance for multi-class sensitive features, we make the reward inversely
proportional to therelative presence of a class in the data. This is com-
parable to using cost-sensitive weightsin standard supervised learning.
While cost-adjusted weights can help address class imbalances, they
still rely on the cross-entropy loss, which provides the network with
alearning signal regardless of what is presented to it; thus, skewing
models towards the majority class presentin abatch, due to aggrega-
tion of the errors. By instead implementing an RL set-up (rather thana
supervised learning framework dependent on gradient descent), one
can control how and when alearning signalis backpropagated (further
explanationin ‘Double deep Q-learning’ and ‘Reinforcement learning
training procedure’). This hasbeen demonstrated in previous studies
onimbalanced learning (with respect to the outcome class label), where
RL (with aspecialized reward function) was compared with other com-
monimbalanced learning methods (Synthetic Minority Oversampling
Technique (SMOTE), cost-sensitive and cost-adjusted weights), and
found toimprove on balanced classification®*,

During model training, a positive reward is given when the agent
correctly classifies the sample (as either COVID-19 positive or nega-
tive) and a negative reward is given otherwise. If a negative reward is
given (that is, a sample was misclassified), the absolute reward value
given is inversely proportional to the relative presence of the label
of the sample in the training data. Thus, the absolute reward value of
a sample from the minority class is higher than that in the majority
class, making the model more sensitive to the minority class. This
helps accommodate for label imbalance during training; and since
the primary purpose of the model is to effectively classify COVID-19
status, this sensitivity differential will help the agent learn the optimal
behaviour for COVID-19 prediction. To consider the sensitive class, z
(whichwe aimto debias), we make the absolute reward for the positive
case (that is, when a sample is correctly classified) inversely propor-
tional to therelative presence of each respective zlabel in the training
data, accommodating for any classimbalances present inamulti-class
sensitive attribute. Here, the absolute reward value of asample froma
minority z class is therefore higher than that from the majority class,
making the model more sensitive to minority z labels. By performing
debiasing on the positively rewarded states, we already know that the
sample was correctly classified for the main task, as debiasing would
be inconsequential if the model was not clinically effective for use to
begin with. The formulationintroduced allows for evaluation of both
binary and multi-class tasks and sensitive features. Assuming M classes
inz, and using [, to represent the COVID-19 label, the reward function
is formulated as follows:
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Nrepresents the number of instances in class k or m, and dis a
trade-off parameter used for adjusting the influence of each class.
We found that models achieved desirable performance when 1 is
the vector-normalized reciprocal of the number of class instances,
as shown in equations (2) and (3). To balance immediate and future
rewards, adiscount factor, y = 0.1, is used.

Policy iteration by Q-learning. An optimal policy r* is one that maxi-
mizes the expected cumulative reward, v". This can be interpreted as
the value of astate-action combination, andis discovered by iterating
through a series of policies, {n}ik, where * = ii*. Using the Bellman
equation, v" can be determined by solving asystem of linear equations
and calculating a set of Q-values, where Qrepresents the action-value
function:

Qf(se ap) = r(se a) + VZP(5t+1|Sn a)vi(Ser1), @)

St+1

This gives successive policies:

i1 (@ls,) = arg max Q/(s.. a,), ©)

where, * = argmax Q*. Finally, we can use the advantage function,
a

A" torelate the state-action value function and Q function:

A"(s,ar) = Q" (s, ar) — V(sy) (6)

Thevalue function, V" canbe viewed as a proxy for the ‘goodness’
of aparticular state, and the Q" function evaluates the value of select-
inga particularactionin this state**. Thus, A" can be interpreted as the
relativeimportance of each action.

Duelling Q-network architecture.Inatypical deep Q-network (DQN)
set-up, the output layer of the network corresponds to predicted
Q-values for state-action pairs. Since only one state-action pair canbe
trained atatime, it can be difficult to provide update information about
the state. To address this, weimplement a duelling Q-network, whichis
capable of training state representations and action representations
independent of one another.

For a DQN, the Q-network is implemented as a standard, single-
stream NN, where fully connected layers are connected ina continuous
sequence. The duelling Q-network (Fig. 2), instead, implements a fully
connected NN with two streams—one for estimating the value (whichis
scalar) and another to estimate the advantages of each action (whichis
avector). These two streams are combined to produce asingle output,
whichis the Q-function?.

Based on the definition of the advantage function, we represent

Qas:
Q' (sr,as; 0, 0, B)

(7)
= VI(s5: 0, B) + (A7 (S0, s 6, @) — sOftmax(A] (s, @413 65, @)

where a and S represent the parameters of the A and V streams of
the fully connected layers, respectively. The additional softmax
module is to allow Q to recover Vand A uniquely**. Additionally, this
extra term does not change the relative rank of A (and subsequently,
Q-values), which preserves the e-greedy policy (which we use in our
training; explained in ‘Reinforcement learning training procedure’).

For the Q-network, we used a fully connected NN with one hidden
layer, alongside therectified linear unit (ReLU) activation function and
dropout. For updating model weights, the Adam (Adaptive Moment
Estimation) optimizer was used during training. We set the exploration
probability, €, to be linearly attenuated from 1to 0.01 over the entire
training process. Each training period consists 0f 120,000 steps (that
is, iterations of updating parameters 6).

Double deep Q-learning. During each episode, combinations of states,
actions,and rewards ateachstep, (s, a,, 1., S..1), are saved in the agent’s
working memory, M. To learnthe parameters of the Q-network, 8,aran-
domly sampled subset of these transitions, B, are used in the gradient
descent step. The mean-squared error loss functionis used to optimize
the network:

L= Y  O0-Qs.as6) ®

(Ss0sre,Se41)EB

Asinstandard supervised learning, y can be treated as the target
to be predicted and Q(s, a; 6,) as the prediction. We define y using the
format of aDDQN.

As astandard DQN uses the current Q-network to determine an
action, as well as estimate its value, it has been shown to give overop-
timistic value estimates™. This increases the likelihood of selecting
overestimated values (which can occur even when action values are
incorrect), making it harder to learn the optimal policy. Thus, DDQN
wasintroduced as a method of reducing this overestimation®. Unlike
aDQN, a DDQN uses the current Q-network to select actions, and the
target Q-network to estimateits value”. Through decoupling the selec-
tion and evaluation steps, a separate set of weights, &, can be used to
provide an unbiased estimate of value.

The DDQN algorithm is implemented using the following target
function:

Yi= 1+ (L= term)pQ (Sey1, arg Max Qsiar 4 0:6)  (9)

As previously mentioned, a dependency between a state and
action needs to be established for the agent to learn a relationship.
Thus, within this function, the value of ‘term’ is set to 1 once the agent
reachesits terminal state, and O otherwise. A terminal stateis reached
after the agent hasiterated through all samplesin the training data (ora
setnumber of samples, specified at the beginning of training), or when
the agent misclassifies a sample from the minority class (preventing
any further reward).

Reinforcement learning training procedure
Asatypical supervised learning model relies on standard cross-entropy
loss, anetwork s provided with a learning signal regardless of what is
presented to it. However, by framing the learning problem as an RL
set-up, learning can be regulated through the design of the reward
function. This allows for one to control how and when alearning signal
is backpropagated (recall the ‘term’ variable defined), which aggrega-
tion (through standard supervised learning) typically doesn’t allow for.
The environment reward procedure is described in Algorithm 1.
The overall Q-network is trained according to the DDQN process
described in Algorithm 2. Thefinal, optimized Q-network s considered
to be the trained classifier. In each episode, the agent employs
an e-greedy behaviour policy to select an action, which randomly
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selectsanaction with probability €, or an action following the optimal
Qfunction, arg max, Q*(s;, a,) with probability 1 - e.

Algorithm 1Environment reward procedure.

State Dy is the minority class set in the training data.
Function Reward (ay, ;):
Initialize term; = False
if a; = [; then
L Set T = )\m
else
Set Tt = 7)\1«
L if [;eD, then
L Set term = True

return r;, term

Algorithm 2 DDQN training procedure.

Initialize memory, M
Function Main(ay, [;):
Initialize term; = False
for episode € {1,2,..., K} do
Shuffle training data, D
Initialize state s; = x4
for t € {1,2,...,T} do
Choose action using e-greedy policy:
ar = o (st)
ry, term; = Reward(ay, l;)
Set sp41 = T4
Store (s, at, e, St41,termy) to M
Randomly sample (s;,a;,7;,s;j41,term;) from M
if term; = True then
| Set y; =r7;
else
L Set y; =7; +7Q(sj41, arg max, Q(sj41, aj41;6); 6)
Perform gradient descent on L(0) w.r.t. 0
Set ¢/ =0
if term; = True then
L Break

Model comparators and evaluation metrics

To assess the effectiveness of our method, we compare it against two
baseline model architectures—a fully connected NN and XGBoost.
Additionally, we compare our method to an adversarial debiasing
framework, which currently represents the state-of-the-artapproach
for addressing algorithmic biases. XGBoost is awidely used ensemble
model known for achieving state-of-the-art performance in vari-
ous ML challenges. The fully connected NN serves as the founda-
tion for both our RL-based framework and an adversarial debiasing
framework. Furthermore, we evaluate our method against an RL
classification model without any debiasing component (specifi-
cally, animplementation introduced previously*). This comparison
ensures that our model is initially trained as a strong classifier and
that the inclusion of a debiasing component is indeed beneficial.To
account for theimbalanced distribution of sensitive attribute labels,
we employ cost-adjusted weighting within the RL framework. To
have a fair comparison, we also trainimplementations of the NN and
XGBoost models using the same weighting strategy.All comparator
methods have previously been shown to be able to effectively screen
for COVID-19, using the same datasets, allowing for direct comparison
of our method***?”*°, Details on network architectures of compara-
tor models can be found in Supplementary Section B.To evaluate the
performance of COVID-19 prediction, we report sensitivity, specific-
ity, positive and negative predictive values (PPV and NPV), and the
AUROC, alongside 95% Cls based on standard error. Cls for AUROC are
calculated using Hanley and McNeil’s method. The Wilcoxin signed
rank test is used to calculate P-values, comparing the difference in
accuracy between different models.As the purpose of our framework

istotrainmodels that are unbiased towards sensitive features, z, we
evaluate model fairness using the statistical definition of equalized
odds. Here, a classifier is considered fair if true positive rates are
equal and false positive rates are equal, across all possible classes
of the sensitive attribute’. To assess multiple labels (that is, >2), we
used the s.d. of true positive and false positive scores®. Standard
deviation scores closer to zero suggest greater outcome fairness.
The equations used to calculate true positive and false positive s.d.
scores are as follows:

sdap =sd.((PV=1Y=1Z=2),P¥Y=1]Y=1,Z = z;,y),

s PV =1Y=1,Z=2z\)}) 10)
_ TP; TPy TPy
= sd. ({ TP+FN;” TP +FNiyy "™ TPy+FNy })’
sdep = s.d.((PY=1Y=0,Z=2),PY=1Y=0,Z = z;,),
PP =1Y = 0,Z=2zy)}) 1

= sd ({ FP; FPiy FPy })
NUTPAFN;” TP +FNyy T TPy+FNy

Hyperparameter optimization and threshold adjustment

In each task, appropriate hyperparameter values were determined
through grid search and standard fivefold cross-validation, using
respective training sets. Grid search was used to determine: (1) the
number of nodes to be used in each layer of the NN and RL models,
(2) thelearningrate and (3) the dropout rate. Fivefold cross-validation
was used to ensure that hyperparameter values were evaluated on as
muchdataaspossible, asto provide the best estimate of potential model
performance onnew, unseen data. Details onthe hyperparameter values
used in the final models can be found in Supplementary SectionE.

The raw output of many ML classification algorithms is a prob-
ability of class membership, which is then mapped to a particular
class. For binary classification, the default threshold is typically 0.5,
where values equal to or greater than 0.5 are mapped to one class and
all other values are mapped to the other. However, this default thresh-
old canlead to poor sensitivity, especially when there is a large class
imbalance (asseenwith our training datasets, where there are far more
COVID-19 negative cases than positive ones). Thus, we used a grid
searchtoadjust the decisionboundary used for identifying COVID-19
positive or negative cases, to improve detection rates at the time of
testing. For our purposes, the threshold was optimized to sensitivi-
ties of 0.9 to ensure clinically acceptable performance in detecting
positive COVID-19 cases. This sensitivity was chosen to exceed the
sensitivity of lateral flow device tests, which achieved a sensitivity of
56.9% (95% Cl: 51.7-62.0%) for OUH admissions between 23 December
2021and 6 March 20217, Additionally, the gold standard for diagnos-
ing viral genome targets is by real-time PCR, which has estimated
sensitivities of approximately 80-90%**. Therefore, optimizing to
a threshold of 0.9 will ensure that models can effectively detect
COVID-19 positive cases and exceed the sensitivities of current diag-
nostic testing methods.

We chose to represent this task as abinary classification (COVID-19
positive or negative) rather thana probability score, to correspond to
the green-amber-blue categorization systemadopted by trust policy,
with green representing a patient whose illness has no features of
COVID-19,amber representing anillness with features potentially char-
acteristic with COVID-19 and blue representing laboratory-confirmed
COVID-19 infection. Thus, having a classification result is consistent
with rapid triage into a green or amber pathway.

Reporting summary
Furtherinformation onresearchdesignisavailablein the Nature Port-
folio Reporting Summary linked to this article.
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Data availability

Datafrom OUH studied here are available from the Infections in Oxford-
shireResearch Database (https://oxfordbrc.nihr.ac.uk/research-themes/
modernising-medical-microbiology-and-big-infection-diagnostics/
infections-in-oxfordshire-research-database-iord/), subject to an
application meeting the ethical and governance requirements of
the database. Data from UHB, PUH and BH are available on reason-
ablerequest fromtherespective trusts, subject to HRA requirements.
The elCU Collaborative Research Database is available online at
https://www.physionet.org/content/eicu-crd/2.0/.

Code availability

Code for this publication can be found at https://codeocean.com/
capsule/6724009 (ref. 40) and https://github.com/yangjenny/
BiasMitigationRL (ref. 41).
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
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X

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

X

A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
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A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)
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For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.
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For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  No software was used here.

Data analysis Models were implemented using Python (v3.6.9). Scikit Learn (v0.24.1) was used for standardization, median imputation, and calculating
performance metrics. Performance metrics were calculated using Scikit Learn and manually programmed. XGBoost baseline models were
implemented using the XGBoost library (v1.3.3). Neural network baseline models were implemented using Keras (v2.6.0). Reinforcement
learning was set up using Tensorflow (v2.6.2). All models were run using an Intel Xeon E-2146G Processor (CPU: 6 cores, 4.50 GHz max
frequency). Code can be found in: https://github.com/yangjenny/reinforcement_learning_bias_mitigation and https://codeocean.com/
capsule/6724009

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.
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- Accession codes, unique identifiers, or web links for publicly available datasets
- Alist of figures that have associated raw data
- A description of any restrictions on data availability

Data from OUH studied here are available from the Infections in Oxfordshire Research Database (https://oxfordbrc.nihr.ac.uk/research-themes/modernising-
medical-microbiology-and-big-infection-diagnostics/infections-in-oxfordshire-research-database-iord/), subject to an application meeting the ethical and




governance requirements of the Database. Data from UHB, PUH and BH are available on reasonable request to the respective trusts, subject to HRA requirements.
The elCU Collaborative Research Database is available online at https://www.physionet.org/content/eicu-crd/2.0/
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size We obtained all presentations/admissions to emergency rooms across four United Kingdom National Health Service Trusts. Sample sizes used
are the real/complete set of patient presentations during the period of data extraction.

Data exclusions | We excluded patients who opted out of electronic health record (EHR) research and those who did not receive laboratory blood tests or were
younger than 18 years of age. This criteria was pre-established, and also used in previous studies which used this data.

Replication We demonstrated and discussed experimental and conceptual reproducibility through performing external validation across three
independent hospital trusts. We also show model generalization on an additional independent domain. All attempts at replication were
successful.

Randomization | Groups were based on NHS Trust. Machine learning training, validation and testing groups were randomly assigned.

Blinding Blinding is not applicable, as this is now a randomized or clinical trial. The data uses PCR testing as the gold standard for classification of
COVID-19; thus, there is no risk of any participant bias.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
n/a | Involved in the study n/a | Involved in the study
XI|[] Antibodies XI|[] chip-seq

|Z |:| Eukaryotic cell lines |:| Flow cytometry

|Z |:| Palaeontology and archaeology |:| MRI-based neuroimaging
|Z |:| Animals and other organisms

|:| Human research participants

|Z |:| Clinical data

X |:| Dual use research of concern

Human research participants

Policy information about studies involving human research participants

Population characteristics The training cohort had a 11.9% COVID-19 prevalence. 49366 patients were included across 3 validation cohorts, of whom
2588 had a positive confirmatory test for SARS-CoV-2. Patients admitted to PUH and BH trusts had similar ages (69 years, IQR
34, for PUH and 68 years, 34, for BH), whereas patients admitted to UHB were younger (63 years, 37). A higher proportion of
patients admitted to UHB were women (5462 [53-1%] of 10293) than those admitted to PUH (17054 [45-0%] of 37896) and
BH (549 [46-7%] of 1177) and reported being of South Asian ethnicity (1357 [13:2%] UHB). vs 170 [0-5%] PUH and 71 (6:0%)
BH;). COVID-19 prevalence was highest in the BH cohort owing to the evaluation timeline spanning the second UK pandemic
wave (11-1% vs 5-:3% in PUH and 4-3% in UHB).

Recruitment This data was already available in a pre-established database. All patient presentations were included unless they did not
meet the inclusion criteria.

Ethics oversight United Kingdom National Health Service (NHS) approval via the national oversight/regulatory body, the Health Research
Authority (HRA), has been granted for development and validation of artificial intelligence models to detect Covid-19
(CURIAL; NHS HRA IRAS ID: 281832).

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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