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Resumo

Estamos perante uma era de desenvolvimento e proliferacdo de tecnologia a um ritmo ex-
traordindrio. A inteligéncia artificial é uma das 4dreas que capta mais atencdo e ja estd integrada
nas nossas vidas, incluindo na sadde. Existem modelos de machine learning que desafiam o
desempenho dos clinicos em tarefas como o diagndstico e o desenvolvimento de tratamentos
inovadores. A 4rea da satde é um sistema complexo, mas alguns algoritmos também o sio,
com capacidades surpreendentes de reconhecimento de padrdes. No entanto, os modelos podem
refletir a subjetividade de quem os criou ou o viés introduzido nos dados.

Os dados médicos sdo registados pelos clinicos ou adquiridos por dispositivos médicos. Ha
evidéncias na literatura de que dispositivos médicos amplamente utilizados, como oximetros de
pulso, termdémetros e eletrocardidgrafos, podem fazer diferentes medi¢des entre subgrupos de pa-
cientes. Foi mostrado que os oximetros ndo medem igualmente a saturacio de oxigénio no sangue
em subpopulacdes com diferentes pigmentacdes de pele. Termdémetros baseadas em tecnologia
de infravermelhos podem ser outro caso de m4 calibracdo. Medicdes temporais (baseadas em in-
fravermelhos) foram associadas a odds ratio significativamente menores de identificar febre em
pacientes negros em comparagao com medi¢des orais, mas tal ndo se verificou em pacientes bran-
cos. Especialmente nas Unidades de Cuidados Intensivos, onde os pacientes sdo mais instaveis,
os dados médicos sdo recolhidos continuamente e podem influenciar as decisdes dos clinicos.

Esta dissertacao teve como objetivo desenvolver uma framework para a avaliacdo e mitigacao
do viés de dispositivos médicos em tarefas de machine learning. A oximetria e os termdmetros de
infravermelhos foram os casos de uso escolhidos. Uma versdo ampliada do BOLD dataset, que
contém pares de medi¢des de oximetria de pulso (SpO;) e de saturaciao do oxigénio no sangue arte-
rial (Sa0,), foi usada no primeiro caso de uso. Um dataset com pares de medi¢des de temperatura
foi construido para o segundo. Uma primeira exploracdo deste dataset foi realizada calculando
a prevaléncia de febre, odds ratio de febre e odds ratio de febre ndo identificada em pacientes
com suspeita de infecdo, comparando medi¢des orais e temporais, em pacientes negros e brancos.
Cada dataset foi dividido em dois subconjuntos: um sem a medida de referéncia e o outro sem a
medida enviesada. Regressdo Logistica, Random Forest e XGBoost foram usados em trés tarefas
de previsdo: mortalidade no hospital, pontuacdo SOFA respiratdria nas 24h seguintes e aumento
da pontuacdo SOFA geral. Os resultados de cada subconjunto foram comparados para identificar
diferencas significativas entre eles. Por fim, trés abordagens foram propostas para mitigar o viés.

A exploracdo do dataset de termometria mostrou resultados em direcdes opostas para pa-
cientes negros e brancos, mas que nao foram estatisticamente significativos. A framework desen-
volvida permitiu uma melhor avaliacdo do viés nas medicdes. As abordagens para a mitigacdo do
viés ndo foram globalmente vantajosas, embora algumas disparidades tenham sido reduzidas.

Concluindo, a framework desenvolvida foi projetada como uma ferramenta util e facilmente
aplicavel a outros casos de uso. Esperamos trazer consciencializacdo sobre as desigualdades na
saude que afetam populacdes ja de si vulnerdveis e promover o desenvolvimento de solugdes mais
equitativas.



Abstract

We are witnessing times of technology development and proliferation at an extraordinary pace. Ar-
tificial intelligence is one of the fields that is capturing everyone’s attention. It is already integrated
into our lives, including healthcare. There are machine learning models that challenge clinicians’
performance in tasks such as diagnosis and development of innovative treatments. Healthcare is a
complex system but so are some algorithms, which have amazing capacities for pattern recogni-
tion. However, models can reflect the subjective thinking of their creators or the bias introduced
in data.

Medical data is registered by clinicians or acquired by medical devices. There is evidence in
the literature that widely used medical devices, such as pulse oximeters, thermometers, and elec-
trocardiography machines, can return distinct measures across patient subgroups. Studies showed
that oximeters measure blood oxygen saturation differently in subpopulations with different skin
pigmentation. Infrared-based thermometers might be another case of miscalibration, as temporal
(infrared-based) measurements were already linked to significantly lower odds of identifying fever
in Black patients compared to oral measurements, but not in White patients. Especially in the In-
tensive Care Unit, where patients are more unstable, medical data is continuously being collected
and might impact clinicians’ decisions.

This dissertation aimed to develop a framework for the assessment and mitigation of medical
device bias on downstream machine learning tasks. Oximetry and infrared-based thermometry
were the chosen use cases. An extended version of the BOLD dataset, which contains paired pulse
oximetry readings (SpO;) and arterial blood gas measurements (SaO,), was used in the first use
case. A dataset with paired temperature measurements was built for the second. A first exploration
of this derived dataset was performed by computing the fever prevalence, odds ratio of fever and
odds ratio of hidden fever in patients with suspected infection, comparing oral and temporal mea-
surements, in Black and White patients. Each dataset was divided into two subsets: one without
the ground truth and the other without the biased measurement. Logistic Regression, Random
Forest and XGBoost were used on three prediction tasks: in-hospital mortality, respiratory SOFA
score in the next 24h and overall SOFA score increase. Results from each subset were compared
to identify bias. Lastly, three approaches were proposed to mitigate the bias.

The exploration of the thermometry dataset showed results in opposite directions for Black and
White patients but were not statistically significant. The developed framework allowed us to assess
bias in the measurements in certain subgroups, especially in the blood-gas and oximetry study.
The approaches for bias mitigation were not globally advantageous, although some disparities
were reduced.

To conclude, the developed framework was designed to be a useful tool and easily applicable
to other use cases. We hope to bring awareness to inequities in the healthcare systems that impact
already vulnerable populations and to promote the development of more equitable solutions.
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Chapter 1

Introduction

1.1 Context

1.1.1 Artificial Intelligence and Healthcare

Technology has developed and spread rapidly in the last decades with one field particularly in
vogue: artificial intelligence (AI). Al is a field of computer science that tries to recreate human
thinking with computation, enabling machines to learn and solve problems or even synthesize
human language. Machine learning (ML) is a subfield characterized by models that can detect
patterns in structured data and make classifications or predictions. Deep learning (DL) is a subfield
of ML that takes one step further in complexity, allowing machines to learn more abstract patterns
using artificial neural networks. When these neural networks become capable of generating new
data, they are classified as Generative Al [16, 17].

Al is increasingly present in many fields of our lives and has already begun to be applied
to healthcare, such as in diagnosis and treatment guidance tasks [18]. Despite the several chal-
lenges of Al usage in clinical practice, the advantages of successful solutions are undeniable,
capturing everyone’s attention. There are already algorithms that challenge radiologists in tumour
identification; guidance of cohorts construction for costly clinical trials [18]; and prediction of
patient-reported pain based on knee X-rays more equitably than physicians [19]. Big tech compa-
nies are also investing in this field, like Google working on prediction models for life-threatening

conditions, such as sepsis and heart failure [20].

1.1.2 Through a Biased Lens

Even though we see technology as a mathematical and objective tool, it can reflect the subjective
thinking of its creators. That is why we see biased results in certain technologies even today. For
example, photographic films were calibrated for white skin so, until 1970, when some adjustments
were finally made, images of darker-skinned people looked distorted [21]. Some medical devices,
such as pulse oximeters, also rely on light sensors and seem to have similar calibration flaws [22].

They estimate arterial oxygen saturation by measuring light absorption at two light wavelengths
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(660nm - red and 940nm - infrared) of oxyhemoglobin and deoxyhemoglobin in capillary blood,
but this physical principle can be independently affected by skin tone [23]. There is evidence in
the literature that these devices measure the blood oxygen saturation differently across subpopula-
tions [21, 24]. Infrared-based thermometers might be another case of miscalibration. There is little
research on the topic but Bhavani et al. [25] linked temporal (infrared-based) measurements to sig-
nificantly lower odds of identifying fever in Black patients at multiple fever cutoffs. However, this
association was not observed in White patients.

Medical devices, such as oximeters, continuously collect relevant data for clinicians to take
action in the medical environment, especially in the Intensive Care Unit (ICU), where patients
are more unstable. By collecting and storing clinical data, ML models can learn that information
and provide effective and objective diagnoses or guidance. However, if measurements are already
biased, these technologies might learn them and lead to disparities in care. Equity must be ensured

to prevent discrimination and improve health outcomes across diverse populations.

1.1.3 Fairness and Equity

The concepts of equality and equity, specifically in the healthcare environment, are essential to

this study and can be defined as follows:

* Equality: means giving the same treatment to different people or groups of people, from a
one-size-fits-all perspective. Although this concept is not the same as equity, its evaluation

is crucial to achieving greater equity [26];

* Equity: the World Health Organization (WHO) defines health equity as “the absence of un-
fair, avoidable or remediable differences among groups of people, whether those groups are
defined socially, economically, demographically, or geographically or by other dimensions

of inequality (e.g. sex, gender, ethnicity, disability, or sexual orientation)” [27].

It must be noted that they are distinct concepts. To eliminate health disparities and guarantee
equity, the different circumstances among people have to be taken into account so resources can
be allocated properly [28]. For example, let us consider an Al model to predict potential derma-
tological conditions. An egalitarian model would perform similarly in all subpopulations, while
an equitable one would prioritize performance improvements in groups with pre-existing health
disparities so that each group can attain its full potential [1].

Although these concepts are extremely important to guarantee an effective action and correct
assessment of the progress toward health equity, different entities still define them differently. This

is one of the current barriers to improvement [29].

1.2 Motivation

Technology and Al have already shown significant potential for improvement in healthcare. While

there is ample room for growth and development, other priorities cannot be forgotten. Medical



1.3 Institutional Partnerships 3

Rule: DO NOT Equity vs. Equality Goal of Health Equity
Exacerbate disparities in One-size-fits-all interventions lead to little or Reduce disparities in
health outcomes no change in health outcome disparities health outcomes
Status Quo K X -
o Pre-existing disparities in W | — [ e raen) - [] m
£ health outcomes B B 00 sspesessasnoanoo - - o - I | e
8 )
3 o jo -}
= B -
B | EEEESSREStEe a )
S oo o) N e
I =5 -
o
lrsen)
Subpopulations Subpopulations Subpopulations Subpopulations

Figure 1.1: A visual representation of different approaches and their consequences on health out-
comes. The light and dark blue bars represent the pre-existing health outcomes and the contribu-
tion of each approach to those outcomes, respectively (from [1]).

devices provide clinicians with essential information to evaluate the patient’s status, but they are
often designed and validated in populations lacking diversity, which can lead to measurement
disparities. This bias might impact the clinician’s immediate decision and downstream machine
learning models based on the acquired data and corresponding conclusions. This issue must be
highlighted to address proper solutions. However, to showcase measurement bias and evaluate
health outcomes, researchers and developers require access to clinical data.

Closing our eyes to disparities will only amplify current discrimination. A device or algo-
rithm that performs differently across subpopulations and exacerbates social disparities is not an

improvement. We need solutions that promote more equitable healthcare.

1.3 Institutional Partnerships

This dissertation was a partnership between the Faculty of Engineering of the University of Porto
and the Laboratory for Computational Physiology (LCP) at the Massachusetts Institute of Tech-
nology (MIT). The straight connections with developers of the PhysioNet databases and experts
on the topic were truly advantageous.

A clinically diverse and certified board gave advice and validated several steps of this dis-
sertation, such as the building process of the thermometry-linked dataset (Section 4.1.2) and the
medical feature selection, which would be used in the designed framework for the assessment and
mitigation of medical device bias on downstream machine learning tasks (Section 4.3.1.2).

The partnership opened doors to a short-period stay at MIT, which allowed me to better under-
stand the motivations of this work. This travel enabled participation in the MIT-MGB AI Cures
Conference 2024, in Boston, and in the Duke Critical Care Datathon 2024, at Duke University.

1.4 Objectives

The objectives of this dissertation are threefold:
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* First, curate a dataset with paired thermometry measurements and additional medical infor-

mation;

¢ Second, create a framework for the assessment of medical device bias on downstream ma-

chine learning tasks, using oximeters and infrared-based thermometers as two use cases;

 Third, propose solutions to mitigate the problem and re-evaluate the machine learning out-

comes.

Furthermore, this dissertation aims to bring awareness to inequities in the healthcare systems that

are (made) invisible but have a huge impact on already vulnerable populations.

1.5 Main contributions

The main contributions of this dissertation are:

* The curation of a temperature-paired dataset, facilitating research on similar topics. This
dataset will be extended with other databases to improve robustness and population diversity,

with the objective of making it freely available.

» The statistical assessment of temperature bias in septic patients from MIMIC-IV. The pre-

liminary results were presented at three conferences:

— Science Under 5, a pitch competition organized within the XV Symposium on Bio-

engineering, in Porto;
— Poster session at the MIT-MGB AI Cures Conference 2024, in Boston;

— Poster session at [JUP’24 — 17th Young Researchers Meeting of the University of

Porto.

* A contribution to the paper submitted to JAMA, titled “Racial Differences in Temporal Ther-
mometry Associated with Delayed Sepsis Bundle Care”. It is related to the methodology

described in Section 4.2.

* The development of a framework for the assessment and mitigation of clinical measurement
disparities in three downstream ML tasks, using oximetry and thermometry as initial use
cases. This framework was designed to be a useful tool and easily applicable to other use
cases. It led to the submission of a paper for the Third Workshop on Applications of Medical
Al (AMAI 2024), titled “Evaluating the Impact of Pulse Oximetry Bias in Machine Learning
under Counterfactual Thinking”.

1.6 Sustainable Development Goals

The Sustainable Development Goals (SDG) [2] are a set of 17 objectives adopted by the United
Nations in 2015, each with specific targets to be achieved by 2030. The project tackles global


https://symposium.nebfeupicbas.pt/index.php
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challenges, such as poverty, hunger, healthcare, and climate change, among many others. All the
17 Goals are presented in Figure 1.2. This dissertation is integrated into two of them: Goal 3 -
Ensure healthy lives and promote well-being for all at all ages, and Goal 10 - Reduce inequality

within and among countries'.
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Figure 1.2: The 17 Sustainable Development Goals (from [2]).

1.6.1 Goal 3: Ensure healthy lives and promote well-being for all at all ages

The third SDG was developed to promote global health coverage. Progress was made in several
aspects, such as the decrease of under-5 mortality and the effectiveness of HIV treatment. How-
ever, the COVID-19 pandemic and other worrying circumstances caused setbacks, as in childhood
vaccination. Continuous investment in healthcare is crucial to maintaining the conditions that al-
low countries to develop and apply their strategies, even in and after adverse situations. Access
to adequate healthcare, medicines and vaccines for all is one of the specific targets but it can only
be achieved if firstly inequities are highlighted. Hence, individuals and entities are aware of the

problem and capable of acting accordingly.

1.6.2 Goal 10: Reduce inequality within and among countries

There were already clear differences within and among countries at social and economic levels and
the pandemic was a major contributor to its increase. The opposite way should be followed with
more equitable resource distribution, discrimination sources identification and support of vulnera-

ble populations. It is brutal to think that one in six people worldwide was somehow discriminated.

IThe content of this publication has not been approved by the United Nations and does not reflect the views of the
United Nations or its officials or Member States.
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A successful long-term development is based on diversity respect and inclusion in its many forms
(e.g., sex, age, sexual orientation, ethnicity, religion) and every sector (e.g., social, economic and

political).

1.7 Dissertation Structure

This dissertation is organized into six chapters. The present Chapter 1 contains a brief contextual-
isation on the topic, the motivation, the objectives, the relevance to the Sustainable Development
Goals, and the main contributions of this work. Chapter 2 illustrates current applications and rele-
vant research on machine learning in healthcare, and contains background knowledge about some
of the steps of a machine learning pipeline and particular models. Chapter 3 better explains the
two medical devices considered in this study: oximeters and thermometers. The methodology is
described in Chapter 4 and the results and discussion are presented in Chapter 5. Chapter 6 is a
conclusion on the results and a reflection on the initial goals and future work. This document ends
with a set of appendices (Appendices A and B), containing more detailed information about the

steps for the dataset curation and the complete results of the ML framework for both use cases.



Chapter 2
Machine Learning for Healthcare

This chapter outlines the methodologies applied to Electronic Health Record (EHR) data to support
clinical decisions, providing background knowledge on the key steps of a ML pipeline and relevant

models.

2.1 Is machine learning transforming patient care?

The power of Al is becoming undeniable. In healthcare, algorithms can be trained to predict
patients’ outcomes, such as the probability of developing a certain disease during their hospital-
ization or the duration of that stay, and guide clinical decisions. To become a valuable tool, they
are expected to surpass the clinician’s performance and bring new insights. For example, Pierson
et al. [19] showed that a knee X-ray algorithm could predict patient-reported pain without pre-
existing demographic and socioeconomic bias, introduced by physicians. These predictions could
decrease inequalities in treatment access, like arthroplasty. In addition, the model’s complexity
has to be balanced and developed in parallel with explainability, to gain the trust of the clinicians
and the remaining entities related to the healthcare system.

Logically, one of the outcomes of utmost concern is mortality. What would be the impact of
an accurate prediction of in-hospital mortality from patients’ health records? Several authors have
been using EHR data to build models with this prediction goal. Bao et al. [13] predicted sepsis
patients’ in-hospital mortality based on age, sex, weight, vital signs, laboratory values, advanced
cardiac life support, and accompanying diseases. 21,680 patients were included in the study. Seven
models were used, firstly without parameter optimization: Support vector machine (SVM), Deci-
sion Tree (DT) Classifier, Random Forest (RF), Gradient Boosting (GBM), Multilayer Perceptron
(MLP), eXtreme Gradient Boosting (XGBoost) and Light Gradients Boosting (LightGBM). Light-
GBM had the best performing metrics in the train and test sets: mean F1 scores of 0.909 and 0.906,
respectively, and Area Under the Receiver Operating Characteristic Curve (AUROC) up to 0.85.
The remaining results are presented in Table 2.1. After parameter tuning, LightGBM achieved
AUROC values of 0.99 and 0.96 in the train and test sets, respectively.
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Table 2.1: Train and test F1-scores and AUROC obtained in [13] with SVM, DT, RF, GBM, MLP,
XGBoost, and LightGBM.

Metric SVM DT RF GBM MLP XGBoost LightGBM
Train Fl-scores | 0.649 0.786 0.886 0.899 0.644 0.896 0.909
AUROC | 070 075 082 085 0.82 0.84 0.86
Test Fl-scores | 0.649 0.803 0.891 0.901 0.625 0.892 0.906
AUROC | 075 075 081 0.85 0.82 0.84 0.85

Another study [3] focused on patients with cardiac arrest, which is an event with a high mortal-
ity rate. The demographics, comorbidity, vital signs, laboratory test results, scoring systems, and
treatment information on the first day of ICU admission of 1,722 subjects were considered. Fea-
ture selection was performed using the least absolute shrinkage and selection operator (LASSO)
regression model and the XGBoost, in the training set, followed by a multivariate logistic re-
gression (LR) analysis, culminating in different prediction models. The features selected both by
LASSO and XGBoost were the following: age, heart rate, respiratory rate, bicarbonate, SpO,, tem-
perature, simplified acute physiology score III (SAPS III) score and Glasgow coma scale (GCS)
score. LASSO, XGBoost and multivariate LR models outperformed the National Early Warning
Score 2 (NEWS 2) model, which is a scoring system for potential disease deterioration detection
that provides preventive measures. The best AUROC in the validation set was obtained using the
LASSO model, reaching a value of 0.80 (Figure 2.1), with the remaining models having similar

but slightly lower results.
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Figure 2.1: ROC Curves of the LASSO model in the training set (blue) and validation set (red)
(from [3]).

An accurate diagnosis is a primary factor to avoid complications. However, when it does
not occur in septic patients, they can develop sepsis-associated delirium (SAD). Zhang et al. [4]
built a ML model for early prediction of this event. 14,620 and 1,723 patients were selected
from MIMIC-1IV [30] and eICU-CRD databases [31], respectively. LASSO regression was used

to select features, which were included in the following groups: demographics; type of initial



2.1 Is machine learning transforming patient care? 9

ICU admission; vital signs; laboratory test results; Sequential Organ Failure Assessment (SOFA)
and GCS scores; comorbidities; mechanical ventilation, continuous renal replacement therapy,
vasopressors, sedatives; ICU length of stay; 28-days ICU mortality; diagnosis time for delirium
and sepsis. The considered prediction models were LR, SVM, DT, RF, XGBoost, K-Nearest
Neighbours, and Naive Bayes. XGBoost had the best results and showed higher robustness and
stability across different prevalence rates. The internal and external validation AUROCs were
approximately 0.79 and 0.70, respectively (Figure 2.2). All remaining models had values above
0.69 and 0.61, for the internal and external validation AUROCS, respectively.
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Figure 2.2: ROC Curves of the machine learning models on the internal (A) and external (B)
validation sets (from [4]).

Appropriate healthcare is strongly influenced by hospital management and resource planning.
Thus, the prediction of the patient’s ICU length of stay (LoS) has also been a topic of research.
Hempel et al. [15] included demographic, administrative, vital signs, and laboratory information
from the first 24h of 41,473 ICU stays in their study. The chosen ML models were logistic regres-
sion, SVM, random forest and XGBoost. Both RF and XGBoost are widely used and show good
performance in this prediction task [32, 33, 34]. In the first approach, LoS classification was bi-
narized as “short” or “long”. Although models’ performances were not significantly different, RF
achieved better results in almost every metric (accuracy = 0.81, F1-score = 0.44, AUROC = 0.80).
Considering the regression prediction, SVM showed better results in terms of mean absolute error
(MAE = 1.68) and mean absolute percentage error (MAPE = 48.37) and RF had the best root
mean square error (RMSE = 2.81) and coefficient of determination (R? = 0.24). Kakadiaris [35]
also studied LoS prediction, using the MIMIC-IV dataset and XGBoost as the prediction model.
The task was binarized into short and extended stays. Demographics, vital signs, medication,
and laboratory information were included. There were three approaches to dealing with missing
data: using data with the missing values, inputting the feature’s mean or inputting its median. The
accuracy results were between 83% and 82% and AUROC between 0.85 and 0.86. Race and in-

surance were considered sensitive attributes, but no statistical analysis was published to compare
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the different subgroups’ results properly.

Going further in complexity, Beaulieu-Jones et al. [5] trained deep learning models with the
purpose of understanding if they could improve patient risk stratification. There was the hypothesis
that these models are merely learning the decisions already made by the clinicians, in the training
part, which may not translate into better clinical decisions to new problems and health status. The
prediction tasks were in-hospital mortality, 30-day readmission rate and prolonged LoS. Three
subsets of patient features were considered: 1) demographic data only, 2) demographic data and
information at admission, and 3) demographic data, information at admission and charges during
the first day of admission. Models using subsets 1 and 2 were built with a LR due to the reduced
amount of features and the last one utilised a stacked recurrent neural network. The third fea-
ture subset was the one with closer but still worse AUROC results than studies that included all
EMR available data: 0.89 to in-hospital mortality, 0.71 to 30-day readmission rate and 0.82 to
prolonged LoS (Figure 2.3). However, it may lead us to conclude that this deep neural network is
not powerful enough to make predictions based only on the given information. Is it possible to im-
prove performance at a point where we trust deep learning models to guide clinicians in individual

decisions?
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Figure 2.3: Comparison of mortality, readmission and LoS performance AUROC on the validation
data across feature subsets (from [5]).

Rajkomar et al. [6] showed promising results. The complete patients’ raw EHR data (in-
cluding free-text notes) from two US academic medical centers (216,221 hospitalizations from
114,003 patients) were represented in the Fast Healthcare Interoperability Resources (FHIR) for-
mat. For predicting in-hospital mortality, 30-day unplanned readmission, prolonged LoS, and all
of a patient’s final discharge diagnoses based on this feature format, the AUROC:S across sites were
0.93-0.94, 0.75-0.76, 0.85-0.86 and 0.90 (frequency-weighted AUROC), respectively. These re-
sults surpassed traditional models used in clinical settings, in a wide range of tasks, showing bet-
ter deployment probabilities. Figure 2.4 shows the AUROC results of deep learning and baseline
models regarding the in-hospital mortality task.
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Figure 2.4: Comparison of mortality performance AUROC between deep learning and baseline
models at different times before and after hospital admission. Hospital A (left) corresponds to
the University of California, San Francisco (UCSF) and Hospital B to the University of Chicago
Medicine (UCM). The error bars represent the 95% confidence interval (CI) (from [6]).

2.2 Unbiased Machine Learning: are we there yet?

The impact of ML solutions in healthcare is still limited, due to the complexity of the health
environment and how algorithms are built and validated. All pipeline steps must be carefully
examined to prevent the introduction and propagation of bias [36, 37]. Starting from the basis,
the developer must guarantee that data is diverse and representative of the real world. When this
requirement is missing, weights should be applied to samples of the minority groups to overcome
the problem. Feature selection is another step that requires caution. A study made by Obermeyer et
al. [38] concluded that an algorithm widely used in United States hospitals was less likely to refer
Black people than White people to more personalized treatment programs, in situations of similar
severity of illness. These inconsistencies were produced because the model was based on health
care cost, instead of actual illness, and the preceding unequal access to treatments was propagating
bias in forward predictions. More relevant variables should be selected. However, in Obermeyer’s
words: “the hard part is: what is that other variable? How do you work around the bias and
injustice that is inherent in that society?” [39]. Continuous algorithm validation is needed [37].
By reorienting ML pipelines, achieving greater results and going forward into deployment will
be possible. The advantages of an effective Al implementation in the healthcare environment are
clear: diminishment of possible biased decisions, improvement of healthcare professionals’ work
conditions by offloading cognitive tasks, health system efficiency and overall population health

results [40]. We must develop ML solutions for and not on healthcare.
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2.3 Machine Learning models

Machine Learning has four subcategories: supervised, unsupervised, semi-supervised and rein-
forcement learning. A model is supervised when labeled training data is used to make outcome
predictions of classification or regression problems. Unsupervised learning uses unlabeled data to
find patterns that make clustering or aggregation possible. As the name suggests, semisupervised
learning is a middle ground between the previous two: the input data is partially labeled. In rein-
forcement learning, an agent tries to find the optimal way to achieve a certain goal, maximizing
the cumulative rewards through trial and error.

In this thesis, we focus on supervised models. Therefore, some relevant models are explained

in more detail.

2.3.1 Logistic regression

LR is a supervised ML algorithm and is used for binary classification. Nevertheless, adjustments
can be made in order to perform multiclass classification. It is widely applied in situations where
data is prone to biased predictions when different groups are being analysed [41]. The LR algo-
rithm first computes the natural logarithm of the odds (ratio between the probability of a sample
belonging to one class and the probability of belonging to the other), commonly known as the log
odds (Equation 2.1). It is written as a regression function of the predictors X;, with w; being the

coefficients and wy the bias term/intercept.

P(Y =0|X)

17
"Pr=1[X)

=wo+ ) wiX; 2.1
i

Considering Equation 2.1 and some mathematical rearrangement, the final LR equation can be

written as:

1
1 4exp (wo+ X1 wiX;)

PY=1|X)= 2.2)

The general idea is to calculate and map these probabilities with the sigmoid (or logistic)

function (Figure 2.5).

Figure 2.5: Sigmoid function (from [7]).

The three types of LR models are:
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* Binary logistic regression: when the possible outcomes are dichotomous;

* Multinomial logistic regression: when there are more than two possible unordered out-

comes;

* Ordinal logistic regression: when there are more than two possible outcomes but with a

defined order.

To ensure a correct application of this model, we must be aware of its assumptions: the ob-
servations are independent, the output is dichotomous, variables and log odds have a linear rela-
tionship and the dataset must be free of outliers. When applying an LR model to a multinomial
situation, the SoftMax instead of the sigmoid function is used to predict each probability. Although
a high number of features may result in overfitting, regularisation can help prevent this issue.

Some examples of LR successful applications are the evaluation of the female gender as an
independent predictor of increased operative mortality after coronary artery bypass graft [42];
or the assessment of the association between cholesteryl ester transfer protein 7aqlB variant and

coronary artery disease [43].

2.3.2 Binary Decision Tree

A DT is a non-parametric method which can be used for regression and classification problems.
The algorithm consists of successive partitionings each containing a simple binary prediction
model. These individual models are called “decision nodes”, the two possible results are called
“branches” and the outcomes are the “leaves”, in analogy to the branching structure of a tree
(Figure 2.6) [44]. This algorithm’s main advantages are its simplicity, explainability and easy vi-
sualisation. Although it is very sensitive to changes in the dataset, ensemble methods can mitigate

that problem, as explained next.

Decisionnode

Branch Branch

Decisionnode Decisionnode

&0 G0 ) )

Figure 2.6: Decision tree structure (from [8]).

2.3.3 Random Forest

Before describing the following models, a few more concepts must be understood. An ensemble
model consists of training several ML models independently and then giving an overall predic-

tion by averaging, voting or weighting the previous individual predictions. Bagging - bootstrap
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Figure 2.7: Ensemble models: bagging (left) and boosting (right) (from [9]).

followed by aggregation - is an example of an ensemble method. Data is randomly divided into
subsets (bootstrap), each is used to train parallel models and, finally, overall output is calculated
by averaging or voting (aggregation). Boosting is another ensemble model. In this case, models
are trained sequentially and the information from the previous model is used to guide the learning
in the next one. The contribution of the individual results to the overall output is weighed based on
each performance. The structures of these two ensemble models are shown in Figure 2.7. Bagging
helps reduce overfitting (variance) while boosting reduces bias.

Random Forest is based on the bagging method. The rows and features of the dataset are ran-
domly sampled in subsets to train multiple decision trees, and the final result is calculated by voting

or averaging all the outputs, in the case of a classification or a regression task, respectively [45].

2.3.4 XGBoost

Extreme Gradient Boosting, commonly known as XGBoost, is an optimised distributed gradient
boosting library [46]. A Gradient Boosting model, which uses a boosting approach, inputs previ-
ous residual errors in the following predictors as labels to promote consecutive error-fitting [47].
There is a wide variety of loss functions to choose from, making the model adjustable to the re-
searcher’s needs. Specifically, the XGBoost algorithm is based on sequential Classification And
Regression Trees (CART). A CART’s leaf contains a score instead of only a decision value as a
standard decision tree. Every independent variable is associated with a weight that is increased
in the following predictions if the results are not correct. The XGBoost’s complexity is con-
trolled with both Lasso and Ridge Regression regularisations. Moreover, it has an embedded
cross-validation method. XGBoost efficiency and flexibility make its methods capable of adapt-
ing to a wide range of supervised learning problems (regression, classification, ranking, and even
user-customized) and achieving high performance. Additional advantages are the ability to han-
dle missing values, getting closer to the real-world data; the suitability for large datasets, with a
reasonable amount of processing time; and the possibility of returning feature importance, which
improves interpretability. However, small datasets or using a high number of trees can result in

overfitting. On the one hand, careful hyperparameter tuning will lead to great performances and
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reduce overfitting. On the other hand, it is a time-consuming task and demands a deep knowledge
of each parameter effect.
In Section 2.1, there are several examples where XGBoost outperforms other well-known

machine learning models and achieves great performance.

2.4 Evaluation metrics

The model’s performance can be evaluated with a wide range of metrics. Deciding the most rele-
vant ones depends on the context and problem being tackled. However, they are complementary
so conclusions should be based on several metrics [40, 48]. In a classification task, the common
choices of fairness metrics are accuracy, precision, recall/sensitivity/true positive rate and speci-
ficity/false positive rate. F1 score is a derived metric from precision and recall, computed with
Zxprecisionxrecall e Areq Under the Receiver Operating Characteristics (AUROC) is the integral
precision+recall
of the sensitivity vs. specificity plot and represents the model’s capability to separate two classes.

Additional metrics to be taken into account that reflect the equity in the results are:

* Demographic parity difference - difference between the largest and the smallest predicted
positive rate, across all values of the sensitive feature(s). Lower values mean more similar
selection rates. In Figure 2.8a, the predicted positive rate is 50% for both groups so the

demographic parity difference is 0.

» Equalized odds ratio — corresponds to the smaller value between the true positive rate (TPR)
ratio and the false positive rate (FPR) ratio. These ratios are calculated between the corre-
spondent smallest and largest rates across all values of the sensitive feature(s). This metric
being 1 means that the components of the confusion matrix are equal for all groups. In
Figure 2.8b, the true positive rate ratio is 1 and the false positive rate ratio is 5/14 so the

equalized odds ratio is 5/14.

Demographic Parity TPR 'S FPR

Group A Group B \ \ \ ]

Lude i ke Group A Group B Group A Group B

3/6 = 50% 2/4=50% 1/4=25% 710 =70%

Income
Aggression

® Paidloan Defaulted ® Wenttojail Didn't go to jail

(a) Demographic parity of groups A and B. (b) TPR and FPR of groups A and B.

Figure 2.8: Illustrative examples of demographic parity (a), TPR and FPR (b) calculations, applied
in the Demographic parity difference and Equalized odds ratio computation (from [10]).

Regression problems can be calibrated using, for example [49]:
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* Root mean square error (RMSE) - shows how far predictions are from true values using
Euclidean distance:
Y (i — 1)
N

RMSE = 2.3)
« Coefficient of determination (R%) - shows how well the regression approximates the predic-

tions to the input:
R2_1_ X —9)?

N 5)2

2.4)
i=1 (vi—y)

where N is the number of samples, y; is the true value, J; is the predicted value and y is the mean

of the true values.

2.5 Whatif?

Every action has an effect. But what would have happened if another decision was taken? This is
counterfactual thinking.

Counterfactual models try to quantify the impact of specific changes in an environment, as
an attempt to show a causal effect. In its simplest way, to build this type of model, it is only
needed to change one feature’s values and observe the possible changes in the outcome [50]. They
can be applied to personalized medicine, by predicting the best individual outcomes in a range of
possibilities. For example, more adequate and innovative treatments for immunotherapy can be
developed by applying counterfactual models in the T-cell receptor sequence design [51].

Counterfactual Al is an interesting tool to link AI models’ results with clinicians’ knowledge
and reasoning, increasing transparency and explainability. Additionally, they might improve pa-
tients, clinicians, regulators, and data scientists’ trust in clinical Al classifiers and push model
deployment.

There are two types of explanation methods: model-agnostic and model-specific, depending
on whether they work with the input and output of the prediction or if the model structure is

considered, respectively [50].

2.6 Summary

ML can be an amazing tool to support clinical decisions and should be incorporated into healthcare
systems. The advantages are in front of our eyes: increased objectiveness in decisions, improve-
ment of healthcare professionals’ work conditions, advancements in system efficiency and overall
population health results [40]. EHR data is one of the pillars for success. Several authors have
been working on the prediction of certain outcomes, such as mortality, LoS and final discharge
diagnoses. LR, RF, LightGBM and XGBoost models seem to be interesting approaches.
Nevertheless, all steps that lead to algorithm deployment must be carefully analyzed, from data

acquisition to final validations, so bias is not introduced and continuously propagated [37, 38]. The
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application of counterfactual thinking might increase transparency, explainability and trust. This is
a continuous and difficult work because it often goes across several years and all entities involved
in the process must be aligned with the same values [40].

Despite all challenges, we must develop ML solutions for and not on healthcare.



Chapter 3

Invisible Lines: Uncovering Issues in

Medical Devices

This Chapter outlines the problems associated with miscalibrated medical devices, focusing on

oximeters and non-contact thermometers and the corresponding consequences to patients’ health.

3.1 Introduction

In Chapter 2, attention was brought to possible mistakes in machine learning pipelines. What if
bias is introduced even before that? In healthcare applications, algorithms are trained with data at
least partially collected by medical devices. Previous research has shown that widely used med-
ical devices, such as pulse oximeters, thermometers, electrocardiography machines, and sphyg-
momanometers, can return different measures across patient subgroups [22]. Introducing biased
values in a machine learning model will make it learn and propagate this issue. Concerns about

oximetry and thermometry are presented in more detail and will be the focus of this dissertation.

v 74 [ e
5
N % |

Figure 3.1: Medical devices: oximeter (left) and temporal thermometer (right) (from [11] and [12],
respectively).
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3.2 Up and down: oxygen saturation measurements

Blood oxygen saturation is one of the most relevant parameters to assess health status, given
that abnormally low levels compromise organ function. It can be measured by arterial blood
gas (ABG), the “gold standard” but an invasive technique [52]. Pulse oximeters are also used
to monitor blood oxygenation and were developed in 1972 as an alternative to invasive arterial
oxygen saturation (Sa0O;) measurements. It measures the peripheral oxygen saturation (SpO,)
by comparing oxygenated and deoxygenated hemoglobin’s absorption of red and near-infrared
light [22]. Its noninvasiveness, easiness of data collection, affordability, and nearly continuous
and real-time acquisition rapidly made it a popular device. However, it is known that its original
validation was not performed on a diverse population [21]. Accurate measurements are needed to
guarantee a correct diagnosis and adequate treatment. An example that exacerbates its importance
is silent hypoxia, which happened to be the only symptom in some COVID-19 patients. It is
characterized by hypoxia (low oxygen levels in the tissues [53]) without dyspnoea (shortness of
breath or difficulty breathing) [54].

Oximeters are class II medical devices and are under the Food and Drug Administration (FDA)
510(k) recommendations. Their performance evaluation studies should be conducted as described
in ISO 80601-2-61:2017 Medical Electrical Equipment — Part 2-61: Particular requirements for
basic safety and essential performance of pulse oximeter equipment [55] or equivalent method.
One of the requirements is the validation in a real-world representative population, including a
variety of age, sex and skin pigmentation (at least 15% of the subjects should have dark skin
pigmentation).

K. Poorzargar et al. [56] published a systematic review on the measuring accuracy of pulse
oximeters and noticed that only one of the considered studies took into account skin pigmentation.
Most have a higher percentage of male subjects, with one reaching the extreme of an all-male
population. Multiple studies were conducted to quantify this potential bias in pulse oximeters and
the results are worrying. Sjoding et al. [24] found that Black patients experienced nearly triple
hidden hypoxemia cases compared to White patients when using pulse oximetry measurements
instead of arterial oxygen saturation in arterial blood gas. These discrepancies were associated
with inequities in oxygen therapies, subsequently higher organ dysfunction scores and increased
mortality rates among subpopulations [57]. Other authors showed overestimated SpO; values
during hypoxia in dark-skinned subjects [58, 59]. One study tested six devices used at home
and hospital settings by taking temperature measurements through neutral density and varying
synthetic melanin filters. This strategy has the advantage of not relying on self-reported race
and/or ethnicity. Performance varied significantly across different pulse oximeters. It was not
possible to conclude that melanin does not affect SpO, values, so the authors’ recommendations

are to go further in calibration, theory and instrument design [60].



Invisible Lines: Uncovering Issues in Medical Devices 20

3.3 Hot and cold: temperature measurements

Monitoring and management of body temperature are usual procedures in medical environments
because temperature values may help to understand patients’ health status, such as the presence
of an infection. In fact, more than two-thirds of patients admitted to the ICU have a fever at the
moment of admission [61]. Not only hyperthermia (fever) but also hypothermia are associated
with higher mortality rates in the ICU [62, 63]. The temperature thresholds for fever and hy-
pothermia identification may vary according to the disease being studied. Regarding sepsis, they
are established as 38.0°C and 36.0°C, respectively [64].

Sepsis is defined as a life-threatening organ dysfunction caused by a dysregulated host re-
sponse to infection [65] and is the most common cause of death in critically ill patients in the
United States [64]. If correctly identified, it can be treated with antibiotics, hemodynamic support
and control of the source of infection, although this is a complex management [66]. Around $20.3
billion are spent annually on sepsis-related care, in the United States [64]. EHR might be key if
measurement quality is ensured. Around 60% of these critical patients have fever at the time of
admission [67] and 10-30% are hypothermic [68, 69, 70]. A meta-analysis of clinical trials shows
that the mortality rates of patients with sepsis are around 22.2%, 31.2% and 47.3% to the ones with
fever, normal temperature and hypothermia, respectively [71]. However, some studies show in-
creased mortality rates associated with hypothermia but not with fever, in septic patients [72, 73].
Furthermore, it remains uncertain if the existing ICU severity scoring systems that take tempera-
ture into account consider adequate ranges for all subpopulations. Their calibration and predictive
precision may differ significantly based on several patient demographics and diseases [74].

Core body temperature is defined as the organs’ temperature, which can be measured by in-
vasive methods. On the other hand, the temperature of the body surfaces, measured with non-
invasive devices, is called “peripheral” [75]. Body temperature can be measured using contact
(which can be invasive or not) or non-contact (infrared {IR}-based) thermometers. However, it
must be noticed that not all devices reflect core body temperature with the same accuracy.

There are several types of temperature reading devices, which use different technologies and

have variable accuracy.

Contact thermometers:

* Pulmonary artery temperatures are one of the gold standards for core temperature moni-
toring. However, this type of measurement is not recommended for routine temperature
monitoring in the ICU because it is not practical, it is invasive and has the risk of infec-
tion [76].

* Rectal thermometers are very invasive and uncomfortable for the patient. It has been used
as a core reference. However, a significant lag of rectal temperature behind other core sites

was found in some studies, increased by fast temperature changes [76, 77, 78].
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* Esophageal thermometers have a probe that measures the temperature in the distal third of
the esophagus. The probe’s location must be checked by a chest X-ray. Moreover, values

may be inaccurate due to fluids or nasal breathing [76].

* Oral temperatures are measured by introducing a probe in the oral cavity. In general, they
reflect core temperature very well. Nevertheless, a study showed that higher respiration

rates can reduce oral temperatures by about 1°C per 25 resp/minute [77, 78].

Non-contact thermometers:

» Temporal artery thermometer uses an infrared sensor and measures the values in the super-
ficial temporal artery. This region does not have mucous membranes and thermoregulatory
stimuli almost do not influence the blood flow [77]. In addition, these devices allow a fast

mass screening, reducing contact with potentially ill patients.

* Tympanic measurements also rely on infrared technology. However, the result highly de-
pends on the probe’s direction when inserted [77]. The waste caused by the use of disposable

hygiene covers is an additional disadvantage [79].

Body temperature is a key factor in early identification and management of sepsis. Elevated
temperature (> 37.8°C) also turned out as one of the most prevalent indicators of COVID-19 —
fever was detected in around 78% of the cases [79]. During that time, IR-based thermometers
gained popularity in both hospital and non-hospital settings due to their ease of use, cleanliness,
user-friendliness, and ability to quickly provide massive contactless temperature readings. Addi-
tionally, there was a growing dislike of pediatricians and children’s parents about invasive devices,
such as rectal thermometers [77].

Infrared sensors used in both oximeters and some thermometers register the emissivity of the
skin. We see different skin colors due to the effect of skin pigmentation in visible light absorption.
Could skin pigmentation also affect infrared thermometer readings? A study with 65 healthy
participants showed no significant differences in emissivity between participants when grouped by
skin pigmentation (Fitzpatrick scale, p = 0.859, or reflectance spectrophotometry, p = 0.346) [80].
Nevertheless, it is still needed to test medical devices in various environments (such as homes,
hospitals, and ICUs) and across more diverse patient populations.

A recent study by Bhavani et al. [25] showed that IR-based thermometers may be prone to
calibration discrepancies among darker-pigmented patients. The performance of temporal (IR-
based) and oral (contact) thermometers in detecting fever was compared to Black (n = 2031) and
White (n = 2344) patients with suspected infection. As opposed to oral measurements, temporal
measurements were associated with significantly lower odds of identifying fever among Black
patients at multiple fever cutoffs, but not in White patients [25].

These measurement disparities raise questions about whether some thermometry measure-

ments may inadvertently overlook hypothermia, fever or sepsis cases. Disparities of 0.2°C can
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drastically change clinical decisions, such as exposing the patient to antimicrobial therapy, draw-
ing blood cultures and isolation [81], which might potentially lead to delayed diagnoses and ulti-

mately exacerbate mortality rates within vulnerable subpopulations.

Considering the disparities verified in some medical devices’ measurements and the associated
consequences in the patient’s healthcare, the solution could be the replacement of the devices
with new ones, better calibrated and more reliable. However, for example, it was estimated that
the replacement of pulse oximetry hardware in United States hospitals would cost an average
of $15,704.12 (€14,644.09) per bed [82]. Approaches focused on software instead of hardware
look more viable. One study used a dataset with paired SaO; and SpO, measurements, patient
demographics, physiological data, and treatment information to predict SaO, from SpO,. With
XGBoost regression, a R*> = 67.6% among Black patients was achieved, mitigating some of the
hidden hypoxemia cases [83]. Although it was a single-center study, this seems a more adequate

path than medical device replacement.

3.4 Summary

Medical devices are key tools in the healthcare environment. Thus, their design and validation
must follow the official recommendations, like the FDA 510(k), and be transparent. Medical de-
vices’ regulation must be improved and a continuous evaluation of their accuracy and performance
cannot be neglected. Moreover, sharing clinical data could accelerate measurement disparities
identification and help mitigate machine learning bias. Pulse oximeters and IR-based thermome-
ters are two examples of devices that might potentially lead to inequities in healthcare diagnoses
and treatments, exacerbating mortality rates among vulnerable subpopulations.

By merging this information with Chapter 2, it becomes clear that all steps related to a machine

learning framework should be carefully analyzed.



Chapter 4

Methodology

This Chapter outlines the methodology designed to assess and mitigate clinical measurement dis-
parities, focusing on two medical devices: the oximeter and the temporal thermometer. It includes
a description of the derived datasets’ building process and the statistical and machine learning-

based strategies to test this dissertation’s hypothesis.

4.1 Datasets

PhysioNet [84] is a platform containing freely available medical data maintained by the Mas-
sachusetts Institute of Technology Laboratory for Computational Physiology (MIT-LCP). The
project was created to increase data accessibility and promote biomedical research.

BOLD, a blood-gas and oximetry linked dataset [85], was recently published in PhysioNet
to facilitate and promote health equity research, targeting bias in pulse oximetry measurements.
Similarly, a standardised dataset with paired temperatures and time-aligned patient information
was built.

Both datasets used in this study were derived from three PhysioNet databases:

¢ Medical Information Mart for Intensive Care (MIMIC)-III: contains de-identified health-
related data of over 40,000 patients admitted to the ICU of the Beth Israel Deaconess Med-
ical Center (BIDMC); data was collected between 2001 and 2012 [86];

e MIMIC-IV: contains de-identified health-related data of over 70,000 patients admitted to
the ICU of the BIDMC between 2008 and 2019 [30];

¢ eICU Collaborative Research Database (CRD): contains de-identified health-related data
of almost 140,000 patients, corresponding to over 200,000 admissions to ICUs of multiple
hospitals across the United States between 2014 and 2015 [31].

To access them, the user must have a credentialed account, sign a Data Use Agreement and com-
plete the Collaborative Institutional Training Initiative (CITI) Data or Specimens Only Research

course.

23
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4.1.1 Blood-gas and Oximetry Linked Dataset

BOLD [85] is a dataset with paired pulse oximetry readings (SpO,) and preceding arterial blood
gas measurements (Sa0;), acquired within a 5-minute interval. Only values between 70% and
100% are included. Patient characteristics, vital signs, laboratory values, and SOFA scores are
time-aligned with the SaO; sample. The race and ethnicity information is grouped in the following
categories: “American Indian/Alaska Native”, “Asian”, “Black”, “Hispanic OR Latino”, “More
Than One Race”, “Native Hawaiian/Pacific Islander”, “Unknown”, and “White”.

This dataset is restricted to the first pair per patient hospital admission. However, the one used
in this study is an extended version, containing all the existing pairs on each hospitalization, under

the remaining inclusion criteria.

4.1.2 Thermometry-Linked Dataset

A standardized dataset with paired temperatures and time-aligned patient contextualization in-
formation was built. As mentioned previously, disparities in body temperature measurements
were verified when using IR-based thermometers instead of contact thermometers [25]. Thus, this
dataset might facilitate temperature-related retrospective studies and promote research on racial

and ethnic healthcare disparities.

4.1.2.1 Data selection

Reading of reference (contact thermometers: oral, esophageal, and rectal) and IR (temporal and
tympanic) temperature values were paired when both measurements occurred within a 4-hour time
window, without requiring one to occur before the other. Only values ranging from 30°C to 45°C
were considered and missing temperatures or their timestamps and measurement sites were not
allowed.

Individual characteristics and time-varying data were aligned with the temperature pairs by the
reference temperature measurement timestamp to provide complete information about the patient’s
situation. Patient admission characteristics, temperature measurement information, vital signs,
laboratory values, and SOFA scores were stored.

Uniformity was ensured across all databases by standardizing each variable and only includ-
ing the ones present in all databases to reduce missing data. As in BOLD, the race and ethnicity
original information was mapped to one of the following categories: “American Indian/Alaska Na-
tive”, “Asian”, “Black”, “Hispanic OR Latino”, “More Than One Race”, “Native Hawaiian/Pacific
Islander”, “Unknown”, and “White”.

Finally, the standardized databases were vertically concatenated. Each entry has three new

unique identifiers:
* unique_subject_id, which identifies the patient;

* unique_hospital_admission_id, corresponding to a single hospital stay;
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* unique_icustay_id, which identifies a unique stay in the intensive care unit.

However, the original identifiers (subject_id, hospital_admission_id and icustay_id) were not re-
moved to allow the correspondence to the original databases, which is an advantage in case the

user needs more patient’s information.

4.1.2.2 Variables description

Variables can be included in one of the following categories: patient admission characteristics,
temperature measurement information, vital signs, laboratory values, and SOFA scores. They were
all time-aligned with the reference temperature measurement timestamp and the nearest sample
was kept. Columns with a delta prefix contain information about the time difference between the
temperature and variable measurements.

Unlike MIMIC databases, elCU-CRD contains information about several hospitals. Each one
has a unique identifier and other hospital-related information. To ensure consistency, MIMIC
data was given the hospital index 9999 (does not correspond to any elCU hospital identifier), the
number of beds as “> 5007, the US region as “Northeast”, and the teaching status as “True”.

Patient and admission characteristics contain information about age, sex, weight, height,
body mass index (BMI), race and ethnicity, comorbidities, in-hospital mortality, and length of stay
of each hospital and ICU admission. Age information was standardized by considering 90 all
ages equal or higher than 90. Patients under 18 years old were excluded. BMI at admission time
was calculated with the respective weight and height. MIMIC-III uses the van Walraven Elix-
hauser score [87] to quantify comorbidities, while MIMIC-IV and eICU-CRD use the Charlson
Comorbidity Index [88].

The temperature information includes the timestamp, value, and site of a temperature mea-
surement. The columns identified with “1” correspond to the reference temperature and those with
“2” to the IR ones. The differences between the reference and the IR-based thermometry values
and timestamps are also available.

Vital signs include heart and respiratory rates; systolic, diastolic and mean blood pressure
(both invasive and non-invasive); and blood oxygen saturation levels (SpO,). These variables can
be easily identified by the prefix vifals. They were pulled from the chartevents and nursecharting
tables of the original MIMIC and eICU databases, respectively.

Laboratory test values are important to characterize each patient’s health status. The pulled
variables were: Alanine Aminotransferase (alt), Albumin, Alkaline Phosphatase (alp), Anion Gap,
Aspartate Aminotransferase (ast), Bicarbonate, Blood Urea Nitrogen (bun), Calcium, Chloride,
Creatine Kinase MB (ck_mb), Creatine Phosphokinase (ck_cpk), Creatinine, Fibrinogen, Glu-
cose, Hematocrit, Hemoglobin, International Normalized Ratio (inr), Lactate, Lactate Dehydroge-
nase (1d_ldh), Mean Corpuscular Hemoglobin (mch), Mean Corpuscular Hemoglobin Concentra-
tion (mchc), Mean Corpuscular Volume (mcv), Partial Thromboplastin Time (ptt), Platelet Count,
Potassium, Prothrombin Time (pt), Red Blood Cell Count (rbc), Red Cell DistributionWidth (rdw),
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Sodium, Total and Direct Bilirubin and White Blood Cell Count (wbc). Data was collected from
the labevents and labs tables of the original MIMIC and eICU databases, respectively.

SOFA (Sequential Organ Failure Assessment) score describes organ dysfunction and allows
us to quantify patient morbidity. Coagulation, liver, cardiovascular, central nervous system, renal,
and a global score were extracted from the pivoted_sofa, sofa, and derived tables of MIMIC-III,
MIMIC-1V, and eICU databases, respectively. These selected values correspond to the scores one
hour before the reference temperature timestamp (identified by the prefix sofa_past) or one hour
after that time (identified by the prefix sofa_future).

4.2 Fever prevalence assessment

As mentioned in Section 3.3, Bhavani et al. [25] found racial differences in fever detection when
using temporal instead of oral temperature readings. The study’s methodology was reproduced
using MIMIC-IV. In order to be able to make a better comparison, more strict than in 4.3.1.2
inclusion criteria were applied to the thermometry dataset: only patients with suspected infection
were included; measurements had to occur within a 1-hour window; and only the first temperature
pair per ICU admission was kept. Patients had suspected infection if there was a microbiology
culture less than or equal to 72h before the administration of the antibiotics or if the antibiotics time
was less than or equal to 24h before the culture. Only Black and White patients with oral (contact)
and temporal (IR-based) measurements were considered. Paired t-Test was used to compare the
temperature readings in each group. Unadjusted and adjusted odds of fever were calculated for the
different groups, using oral and temporal thermometry. Unadjusted odds are the odds calculated
with the original temperature values. The adjusted odds are calculated with the original oral values
and the temporal temperatures obtained with a LR adjusted for age, sex and comorbidities.

Additionally, the unadjusted and adjusted odds of hidden fever for the two subgroups were
evaluated. Hidden fever is present when the oral temperature is above the fever threshold but not
the temporal temperature. Several fever cutoffs were considered: 37.8°C, 38.0°C, 38.3°C, and
38.5°C. A 95% CI was utilized.

The odds ratio (OR) compares the odds of an event occurring with a specific exposure with
the odds of occurring in the absence of that exposure [89]. The following OR were computed:

0dds of having fever using the temporal thermometer

OR of having fever = 4.1)

Odds of having fever using the oral thermometer

i ) 0dds of having hidden fever in Black patients
OR of h hidd = 4.2
of having hidden fever 0dds of having hidden fever in White patients 4.2)

4.3 Machine Learning pipeline

The developed machine learning pipeline was applied to both datasets and is now described step

by step. The Thermometry-Linked Dataset was restricted to pairs with temperature measurements
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occurring within a 1-hour time window. Tympanic temperatures were excluded because they show
more variability caused by factors other than the device’s technology, as the probe’s direction when
inserted [77].

In this part of the methodology, hidden hypoxemia was considered as having SaO; below 88%
and SpO, above that threshold (Figure 4.1). Hidden hypothermia and hidden fever were defined as
having a temporal (non-contact) measurement in the normal range (36.0-38.0°C) and the reference
(contact) temperature below 36.0°C or above 38.0°C, respectively (Figure 4.2).
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Figure 4.1: Blood oxygen saturation
outcomes.

Figure 4.2: Temperature outcomes.

4.3.1 Preprocessing and Feature selection
4.3.1.1 Derived information

It was considered that some relevant information was not explicitly present in the dataset so it was

computed as follows:

* Respiratory SOFA score from/in the previous/next 24h: calculated by the difference be-
tween the overall SOFA score from/in the previous/next 24h and the sum of the remaining

individual scores (coagulation, liver, cardiovascular, central nervous system and renal);
* Binarised respiratory SOFA score in the next 24h: scores above 0 were considered as “17;

» Overall SOFA score increase: class “True” was assigned to cases where the overall SOFA
score increased two or more points from the previous to the next 24h after the timestamp,

and “False” otherwise.

Due to the low number of samples of patients from race and ethnicity groups “American In-
dian/Alaska Native”, “More Than One Race” and “Native Hawaiian/Pacific Islander”, they were

grouped with the “Unknown” cases in the class “Other”.
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4.3.1.2 Manual feature selection

Features with more clinical relevance for the study were manually chosen, based on clinicians’
knowledge and the relevance shown in several studies with similar goals (study 1: [4], study 2:
[3], study 3: [15]). The selected features are presented in Table 4.1, as well as the indication if

they match with the ones considered in the literature.

4.3.1.3 Missing data

When the patient’s symptoms do not indicate possible changes in certain laboratory and/or vital
values, that information is usually not acquired. Thus, it was replaced with the midpoint of the
normal range to a healthy adult [14], which is presented in Table 4.1. The “Temperature” and

“Sp0O,” were only replaced in the oximetry and thermometry studies, respectively.

Table 4.1: List of the manually selected features for this study and the respective midpoint of the
normal range to a healthy adult [14]. It is also shown, with a check mark, which features match
the top 15 of Study 1 [4], the top 17 of Study 2 [3] and the top 10 of Study 3 [15].

Variable Midpoint Units Study 1 Study 2 Study 3
Age - years v v
Albumin 44 o/dL
Anion Gap 10.0 mEq/L v v
Bicarbonate 25.0 mEg/L v v
Blood Urea Nitrogen 13.5 mg/dL v v
Comorbidity score - -
Creatinine 0.9 mg/dL
Glucose 84.5 mg/dL v
Heart Rate 80 bpm v v
Hemoglobin (Men) 15.5 g/dL v
Hemoglobin (Women) 13.75 g/dL v
Lactate 01.05 mmol/L v
Mean Blood Pressure 87.5 mmHg v
Platelet Count 300.0 x103/uL v v v
Potassium 4.25 mEq/L v
Red Blood Cell Count 5.0 x10%/uL
Red Cell Distribution Width 13.0 % v
Respiratory Rate 16 breaths/min v v v
Sex - - v
Sodium 140 mEq/L v v

SOFA score (past 24h) - Cardiovascular - -

SOFA score (past 24h) - Overall - -

SOFA score (past 24h) - Respiratory - -

SpO, 95 % v v
Temperature 36.65 °C v v v
White Blood Cell Count 7.25 x103/uL v v v
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4.3.2 Machine Learning models

The following binary classification tasks were chosen: in-hospital mortality, respiratory SOFA
score in the next 24h and overall SOFA score increase. Patients without information about in-
hospital mortality or at least one SOFA score component were excluded. The dataset was divided
into train and test sets with the Stratified K-Fold cross-validator, using 10 folds. Considering the
dataset and the classification problems, three models were tested: Logistic Regression, Random
Forest and XGBoost. Class weights were applied to the different classes because of data imbal-
ance. The following performance metrics were computed: AUROC, recall, F1-score and accuracy.
Demographic parity difference and Equalized odds ratio were additionally calculated, considering

the race and ethnicity group as the sensitive feature.

4.3.3 Bias mitigation

As an attempt to correct the possibly biased feature, three strategies were designed:

1. The difference between the reference value and the biased feature of the first pair in each
hospital admission was calculated. Then, that value was added to the biased feature of the

following pairs from the same hospital admission.

2. XGBoost Regressor was used to predict the reference feature based on the remaining patient
information (including the biased feature). This way, the model could learn how to correct
the biased feature and then be applied in the test set. This strategy only used the first pair
per hospital admission.

3. The third approach was the same as the second, but the model was trained with all pairs.

To evaluate these models’ performance, RSME and R? were calculated, considering the SaO, and
reference temperature as true values and the SpO; and temporal temperature (corrected or not) as
predictions, in the respective studies.

This part of the methodology was built under counterfactual thinking, although no counterfac-
tual models were used. The objective of the pipeline was to compare the models’ performance
by changing a single feature and observing the differences in the outcomes. Thus, there were five
scenarios, each considering one of the following features: reference feature, biased feature and
biased feature corrected with strategies 1, 2 or 3. Paired t-Test was used to compare the model
with the reference feature with the remaining ones.

Figure 4.3 summarises the machine learning framework designed in this dissertation. As pre-
viously explained, regarding blood oxygen saturation, SaO; is the reference value and SpO; is the
biased one. In thermometry, oral/core and temporal are the reference and biased features, respec-
tively. The “Biased feature correction” step is in a dashed box because it is not applied when the

original SpO; or temporal values are compared with the reference values.
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Chapter 5

Results and discussion

The present Chapter outlines the selected cohort of the two derived datasets, the results of the fever

prevalence assessment in the thermometry dataset and the performance of the ML pipeline.

5.1 Datasets

5.1.1 Blood-gas and Oximetry

The extended version of the BOLD dataset includes a total of 203,087 pairs, representing 44,902
patients. Out of these pairs, 8,964 pairs (4,774 patients) were sourced from MIMIC-1V; 1,273
pairs (727 patients) from MIMIC-III; and 192,850 pairs (39,401 patients) from elCU-CRD. Table
5.1 briefly describes the patients’ personal and clinical information in the selected cohort. Figure

5.1a shows the percentage of patients per sex and race and ethnicity group.

5.1.2 Thermometry

The thermometry-linked dataset includes a total of 83,633 pairs, representing 20,787 patients.
21,277 pairs (4,099 patients) were sourced from MIMIC-1V; 114 pairs (44 patients) from MIMIC-
III; and 62,242 pairs (16,644 patients) from eICU-CRD. Table 5.2 presents patients’ personal and
clinical information that is relevant to characterise the selected cohort. Figure 5.1b discriminates
the percentage of patients per sex and race and ethnicity group. Additionally, Figures A.1, A.2
and A.3 from Appendix A show the flow diagrams of the process applied to each original database

that allowed to achieve the final dataset.

Both datasets have more pairs than patients as a single patient can have multiple hospital stays.
The percentage of patients per race and ethnicity groups is unbalanced and there is a slightly higher

percentage of male subjects in each group.
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Table 5.1: Patient information from the cohort for the blood-gas and oximetry study.

eICU-CRD MIMIC-III MIMIC-1IV
n 39401 727 4774
Age, median [IQR] 66.0 [55.0,76.0] 68.0 [58.0,77.0] 68.0 [59.0,77.0]
Sex Female, n (%) 17448 (44.3) 278 (38.2) 1683 (35.3)
In-Hospital Mortality, n (%) 7257 (18.4) 129 (17.7) 742 (15.5)
Race/Ethnicity, n (%)
- Asian 644 (1.6) 16 (2.2) 112 (2.3)
- Black 3915 (9.9) 41 (5.6) 325 (6.8)
- Hispanic or Latino 1740 (4.4) 20 (2.8) 156 (3.3)
- Other 2770 (7.0) 72 (9.9) 859 (18.0)
- White 30332 (77.0) 578 (79.5) 3322 (69.6)

Weight, median [IQR]
Height, median [IQR]

BMI, median [IQR]

Hidden Hypoxemia, n (%)
Hospital LoS (dead), median
[IQR]

Hospital LoS (alive), median
[IQR]

ICU LoS (dead),
[IQR]

ICU LoS (alive),
[IQR]
Comorbidity Score, median
[IQR]

N pairs (per hosp. adm.), me-
dian [IQR]

SOFA Past Overall 24hr, me-
dian [IQR]

SOFA Future Overall 24hr,
median [IQR]

median

median

81.4 [67.1,99.0]
170.1 [162.5,177.8]
28.0 [23.7,33.5]
1294 (3.3)

5.5[2.3,11.6]
8.3 [5.2,14.0]
3.2[1.4,6.8]
29[1.7,5.7]
4.0 [2.0,6.0]
2.0[1.0,5.0]
5.0 [3.0,8.0]

5.0 [3.0,7.0]

82.4 [70.0,97.5]
170.2 [162.6,177.8]
28.3[24.7,33.4]
15 (2.1)

11.0 [5.0,23.0]
10.0 [7.0,18.0]
9.0[3.0,17.0]
4.0[2.0,10.0]
9.0 [3.0,16.0]
1.0 [1.0,2.0]
8.0 [4.0,10.0]

7.0 [5.0,10.8]

82.0[70.0,97.0]
170.0 [163.0,178.0]
28.3 [24.7,32.7]
23 (0.5)

12.0 [6.0,21.0]

10.0 [6.0,18.0]
8.9 [4.1,15.0]
3.812.0,8.6]
5.0[3.0,7.0]
1.0 [1.0,2.0]
6.0 [4.0,8.0]

6.0 [4.0,8.0]

A B HL o w
| | 1 | |
U = L
™ & ; _ o
I 101 | 503 | 235 | 493 | 43.46 =
A
[H] : ES [iH]
o I o
KRNI 0.71 | 451 | 1.92 | 3.31 [Er £
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(a) Blood-gas and Oximetry Dataset.

(45.6%) (54.4%)

(b) Thermometry Dataset.

Figure 5.1: Patients distribution per sex and race/ethnicity group (A: Asian; B: Black; HL: His-
panic or Latino; O: Other; W: White).
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Table 5.2: Patient information from the cohort for the thermometry study.

eICU-CRD MIMIC-III MIMIC-1IV
n 16644 44 4099
Age, median [IQR] 65.0 [53.0,76.0] 63.5 [54.0,76.2] 70.0 [59.0,80.0]
Sex (Female), n (%) 7658 (46.0) 21 (47.7) 1790 (43.7)
In-Hospital Mortality, n (%) 911 (5.5) 6 (13.6) 1000 (24.4)
Race/Ethnicity, n (%)
- Asian 135 (0.8) 2 (4.5) 121 (3.0)
- Black 1117 (6.7) 2 (4.5) 437 (10.7)
- Hispanic or Latino 558 (3.4) 12.3) 135 (3.3)
- Other 776 (4.7) 5(11.4) 771 (18.8)
- White 14058 (84.5) 34 (77.3) 2635 (64.3)

Weight, median [IQR]
Height, median [IQR]
BMI, median [IQR]

81.0[67.3,97.5]
170.2 [162.6,177.8]
27.8 [23.8,33.0]

68.7 [62.6,88.5]
170.2 [162.6,177.8]
24.9 [22.5,28.5]

76.0 [64.0,91.0]
170.0 [163.0,178.0]
27.1[23.3,31.9]

Hidden Fever, n (%) 441 (2.6) 3(6.8) 118 (2.9)
Hidden Hypothermia, n (%) 350 (2.1) 6 (13.6) 62 (1.5)
Egsgtal LoS (dead), median | o 5 ¢ 159 14.0 [5.8,16.2] 12.0 [6.0,21.0]
Egsé’]“al LoS (alive); medianf S b 2i0h o) 7.0 [5.0,18.8] 11.0 [7.0,22.0]
ICU LoS (dead), median 3.0[1.2,6.4] 6.0 [3.5,12.2] 6.4 [3.0,11.9]
[IQR]

G0 ey (i), musein 1.8 [1.0.3.2] 3.0[1.0,10.5] 3.5[1.9.7.8]
[IQR]

Comorbidity Score, median 3.0 [2.0,5.0] 7.0 [0.0,13.0] 6.0 [4.0.8.0]
[IQR]

N pairs (per hosp. adm.), me-

P 2.0 [1.0.4.0] 2.0[1.0.3.0] 2.0[1.0,5.0]
Delta temperature (°C), me-

dian [1OR] 0.1 [-0.2.0.5] 202 [-0.6,0.1] 0.1 [-0.2.0.5]
DI (IS (BOUS), MISaie 2.9[1.83.6] 4.0 [3.8.4.0] 4.0 [3.0.4.0]
[IQR]

SOFA Past Overall 24hr, me-

dian [1OR] 3.0 [1.0,5.0] 4.0 [2.0.8.0] 5.0[3.0,7.0]
SIGIER IEtvinies Qverell 2513 4.0 [2.0,6.0] 7.0 [3.0,10.0] 5.0 [3.0,7.0]

median [IQR]
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5.2 Fever prevalence

Table 5.3 presents information about the selected cohort. A total of 530 temperature pairs, from
508 patients (13% Black), were included. Fever prevalence in Black patients was lower when using
temporal instead of oral thermometers, for thresholds 38.0°C, 38.3°C, and 38.5°C. For example,
for the threshold 38.3°C, the temporal thermometer did not detect almost 6% of the fevers. On
the other side, in White patients, fever prevalence was higher when using temporal instead of
oral thermometers, for all thresholds (Figure 5.2). This means that there were several false fever
identifications.

Temporal measurements were associated with significantly higher OR of fever in White sub-
jects for the threshold 37.8°C, compared to oral measurements. None of the thresholds result in
significant OR of fever in Black patients. Regarding OR of hidden fever, none of the thresh-
olds showed significant results. However, Figure 5.3 allows us to see that OR are consistently in

opposite directions, comparing Black and White groups.

Table 5.3: Patient information from the cohort for the fever prevalence study.

Black White
n 67 463
Age, median [IQR] 66.0 [55.0,77.0] 67.0[56.0,76.0]
Sex (Female), n (%) 35(52.2) 196 (42.3)
In-Hospital Mortality, n (%) 20 (29.9) 142 (30.7)
Oral temperature, mean (SD) 36.9 (1.1) 37.0 (0.8)
Temporal temperature, mean (SD) 36.8 (0.9) 37.0 (1.0)
Comorbidity Score, median [IQR] 6.5@3.2) 5.9 (3.0)
B Black White
S 7.50%
5
T}a 5.00%
s 2.50%
;
§ 0.00%
E 0, l
9 -2.50%
o -5.00%
L
35 -7.50%

37.8eC 38.0¢C 38.3¢C 38.59C
Fever threshold (2C)

Figure 5.2: Difference in fever prevalence percentage between temporal and oral measurements.
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Figure 5.3: OR of having fever (left), comparing temporal with oral measurements, and hidden
fever (right), comparing Black with White patients.

5.3 Disparities assessment

The blood-gas and oximetry dataset was reduced to 163,396 pairs from 34,252 patients, after re-
moving subjects without information about in-hospital mortality or at least one SOFA score com-
ponent (Table 5.4). The thermometry-linked dataset was also under additional exclusion criteria,
decreasing the number of pairs and subjects in the cohort to 2,662 and 1,328, respectively (Table
5.5).

The distribution of the observations by the positive and negative classes of each classification

task is represented in Figure 5.4.

Negative [l Positive Negative [l Positive
In-hospital In-hospital
mortality mortality
Respiratory Respiratory
SOFAscore SOFAscore
Overall SOFA Overall SOFA
increase increase
0% 25% 50% 75% 0% 25% 50% 75%
(a) Blood-gas and Oximetry Dataset. (b) Thermometry Dataset.

Figure 5.4: Distribution of the observations by the positive and negative classes of each classifica-
tion task.

Several authors have verified disparities in medical device measurements across subpopula-
tions. In this study, three approaches were considered to evaluate the models’ results using the

reference or the biased values:
* Across race and ethnicity subgroups (Asian, Black, Hispanic or Latino, Other and White);

* By level and direction of disparity between the two measurements;
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Table 5.4: Patient information from the cohort for the disparities assessment on the blood-gas and
oximetry study.

Asian Black Hispanic Other White
or Latino
n 605 3397 1,448 2.823 25.979
Age, median [IQR] 66.0 61.0 67.5 65.0 67.0
[54.0,78.0] [51.0,71.0] [53.0,78.0] [52.0.75.0] [57.0,77.0]
Sex Female, n (%) 253 1613 661 1142 11251
(41.8) (47.5) (45.6) (40.5) (43.3)
In-Hospital Mortality, n (%) 115 589 280 501 4528
(19.0) (17.3) (19.3) (17.7) (17.4)
Hidden Hypoxemia, n (%) 152.5) | 129(3.8) | 40(2.8) | 71(2.5) | 722(2.8)
[Pllgsé’;tal L (@), et | 10.0 9.1 8.7 738
[5.0.17.3] | [5.0.17.6] | [4.5.17.2] | [4.3.17.0] | [4.0,14.1]
[}Ilgsé’]”al LoS (alive), median | | 10.8 112 10.1 97
[6.0,17.9] | [6.7.18.1] | [7.1.18.5] | [6.5.17.0] | [6.1,16.0]
{IC(;JR]LOS (ctoardl), - neas a2 6.5 5.0 6.0 5.0
[3.5.12.3] | [3.4.11.1] | [2.892] | [3.4.107] | [2.9.9.2]
{gR]LOS (alive),  median 4.0 42 37 4.1 39
2.3.7.8] | [2.67.8] | [227.0] | [24.79] | [23.7.1]
ﬁ(())rg(])rbldlty Score, median 40 40 40 40 40
[2.0,6.0] | [2.0,60] | [206.0] | [2.0.6.0] | [2.0.6.0]
g:;l[rlséﬁ? hosp. adm.), me- |, 2.0 2.0 2.0 2.0
[1.0.5.0] | [1.050] | [1.0.6.0] | [1.0.5.0] | [1.0.5.0]
38: ’[*Igal‘:]t Ol 22k e |- o g 5.0 5.0 6.0 5.0
[2.0.8.0] | [3.0.80] | [3.0.8.0] | [3.0.8.0] | [3.0.8.0]
iggiAanF[?éij Overall 24hr, | o 5.0 5.0 5.0 5.0
[2.0.7.0] | [3.0.8.0] | [3.07.0] | [3.0.8.0] | [3.0.7.0]

* By distinguishing patients with consistent measurement values within the normal range from

the ones with hidden hypoxemia, hypothermia or fever.

5.3.1 Sa0; vs. SpO,

Logistic regression results were generally similar in the training and test set, leaving room for
performance improvement. In contrast, the Random Forest model overfitted the training data,
compromising the test results. The XGBoost metrics dropped slightly on the test set.

Looking at the results across racial and ethnic groups, several situations were identified as
significantly different by the LR model (Figure 5.5), mostly in the White patients subgroup and in
the overall performance. With XGBoost, significant differences were more distributed across the

various subgroups (Figure 5.6). Performance metrics were consistently higher in the SaO, model.
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Table 5.5: Patient information from the cohort for the disparities assessment on the thermometry
study.

Asian Black Hispanic Other White
or Latino
n 37 116 42 178 955
Age, median [IQR] 67.0 63.0 59.5 62.0 67.0
[57.0,76.0] [52.0,74.0] [46.2,68.8] [47.2,73.8] [56.0,76.0]
Sex Female, n (%) 19 (51.4) | 62(53.4) | 18(42.9) | 70 (39.3) 409
(42.8)
In-Hospital Mortality, n (%) | 9 (24.3) | 22(19.0) | 13 (31.0) | 62 (34.8) 171
(17.9)
Hidden Fever, n (%) 0 (0.0) 8 (6.9) 49.5) | 158.4) | 37(3.9)
Hidden Hypothermia, n (%) 4 (10.8) 9 (7.8) 2 (4.8) 5(2.8) 23 (2.4)
ggsls]“al LoS (dead), median | ¢ o 16.0 12.0 15.0 14.4
[12.0,39.0] [10.2.40.2] [9.0.18.0] | [4.2.23.0] | [7.3.25.0]
ggsgtal LoS (alive), median | -, 13.1 16.0 16.9 11.0
[11.8,41.5] [6.5,33.1] | [8.0,34.0] | [8.5.34.0] | [6.3.21.0]
%%JR] LoS  (dead),  median 75 9.7 9.6 77 9.2
[3.7.12.6] | [6.7.14.4] | [7.4.13.8] | [3.8.16.0] | [4.7,16.0]
{%JR] L (i), A 6.3 52 4.0 73 45
[3.4,18.7] | [2.8,12.9] | [2.6.20.8] | [3.6.16.7] | [2.7.9.4]
ﬁanéc])rbldlty Score, median 40 50 50 40 40
[3.0,7.0] | [3.0.8.0] | [2.0.7.0] | [2.0.6.8] | [2.0.6.0]
g:;‘[rISQ(ﬁ? g, L) - 2.0 1.0 1.0 1.0 1.0
[1.04.0] | [1.02.0] | [1.02.8] | [1.02.0] | [1.0.2.0]
?izgilgﬁferature CC) me- | o4 0.0 0.0 0.0 0.0
[-0.8,0.2] | [0.3.0.5] | [-0.4,0.6] | [-0.4,04] | [-0.3,0.4]
Eg;a] i (o), e |- g 1.0 1.0 1.0 1.0
[1.0,1.0] | [0.8,1.0] | [1.0.1.0] | [1.0.1.0] | [0.6.1.0]
jgfl?lg;s]t Overall 24hr, me- | ¢ ) 4.0 6.0 5.0 4.0
[3.0,9.0] | [2.0,8.0] | [3.2.8.0] | [3.0,10.0] | [2.0,7.0]
il(zgi‘:n?é‘ﬁ Ol 22k, | 2 5.0 5.0 6.0 4.0
[3.09.0] | [3.0,8.0] | [3.0.8.0] | [3.0,10.0] | [2.0,7.0]

Random Forest showed great AUROC and accuracy but recall and F1-score were very low for two
out of three prediction tasks (Figure 5.7), which can be explained by the model’s overfitting (Table
B.1 from Appendix B). It correctly identifies the samples in the negative class, which are the
majority, and the ones in the positive class are neglected. Due to this issue, the remaining results
obtained with RF will not be explored in the discussion, but they are presented in Appendix B.

In the second approach, disparities were divided into four groups, according to the difference
between SpO, and SaO, values: < -3%, between -3% and 0%, between 0% and 3%, and > 3%.
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Figure 5.5: Mean values of the LR performance metrics across race and ethnicity subgroups, in
the Blood-gas and Oximetry study. Significant differences between SaO, and SpO, models are
identified with: “x”, for p-values < 0.05; “xx”, for p-values < 0.01; or “x * x”, for p-values <
0.001. A: Asian; B: Black; HL: Hispanic or Latino; O: Other; W: White.

Figures 5.8a and 5.8b represent the bias effect on LR and XGBoost prediction performance, re-
spectively. Figure 5.9 shows the differences in the LR performance metrics between the SpO, and
Sa0; models. Accuracy is significantly higher in the SaO, model when SpO; is underestimated
and vice-versa. On the other side, recall is significantly higher in the SaO, model when SpO, is
overestimated and vice-versa. Differences in performance are exacerbated by higher disparities.

The positive class of the three prediction tasks corresponds to an outcome with negative con-
sequences for the patient’s health, which means that the negative class might correspond to a less
sick population. Thus, the SpO, overestimation will possibly increase the correct prediction of
the negative cases. In this situation, where the negative class is in the majority, that is the biggest
contribution to the accuracy increase. However, the positive class might not be correctly predicted,
decreasing the true positive rate (recall).

The last comparison was related to hidden hypoxemia cases. Results are similar to the ones
in the previous scenario: accuracy is significantly lower and recall is significantly higher to the
Sa0; model when SpO; is overestimated and above or equal to 88% in situations of hypoxemia,
meaning that there is a hidden hypoxemia.

Demographic parity difference and Equalized odds ratio were computed considering the race
and ethnicity groups as the sensitive features. Low values from the former and high from the latter
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Respiratory Overall SOFA
Mortality SOFA score score increase

22078 077 077

9

AUROC

Recall

Performance metrics (mean)

Fl-score

Accuracy

A B HL o
Race and ethnicity subgroups

mmm Model with Sa0, %= Model with SpO;

Figure 5.6: Mean values of the XGBoost performance metrics across race and ethnicity subgroups,
in the Blood-gas and Oximetry study. Significant differences between SaO, and SpO;, models are
identified with: “x”, for p-values < 0.05; “xx”, for p-values < 0.01; or “x * x”, for p-values <
0.001. A: Asian; B: Black; HL: Hispanic or Latino; O: Other; W: White.

correspond to more fair models. The presented results are referents to a global analysis of LR and
XGBoost models and the three prediction tasks. There were no significant differences between
the SaO, and SpO, models. The maximum value of Demographic parity difference was 0.13,
meaning that the Predicted Positive Rate was similar to all groups. The minimum Equalized odds

ratio was 0.63.
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Figure 5.7: Mean values of the RF performance metrics across race and ethnicity subgroups, in
the Blood-gas and Oximetry study. Significant differences between SaO, and SpO; models are
identified with: “x”, for p-values < 0.05; “xx”, for p-values < 0.01; or “x %", for p-values <
0.001. A: Asian; B: Black; HL: Hispanic or Latino; O: Other; W: White.
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Figure 5.8: Mean value of the performance metrics across disparity groups, in the Blood-gas and
Oximetry study. Significant differences between SaO, and SpO; models are identified with: “x”,
for p-values < 0.05; “xx”, for p-values < 0.01; or “x* x”, for p-values < 0.001.
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Figure 5.9: Difference in LR performance metrics between the SpO, and SaO; models, across
disparity groups, in the Blood-gas and Oximetry study.
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Figure 5.10: Mean value of the performance metrics between patients with consistent SaO;, and
SpO, values (above or equal to 88%) and the ones with hidden hypoxemia. Significant differences
between SaO, and SpO, models are identified with: “x”, for p-values < 0.05; “xx”, for p-values
< 0.01; or “xx* ", for p-values < 0.001.
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5.3.2 Contact vs. Temporal

From a global perspective, Logistic Regression’s AUROC and accuracy values have stabilized,
but recall and F1-score dropped in some cases, from the training to the test set. A similar but
more expressive effect was verified in XGBoost, derived from some overfitting (Table B.18 from
Appendix B). As previously, RF was overfitted (Table B.18 from Appendix B).

The thermometry dataset was evaluated with the three approaches described in 5.3. Nearly all
results across race and ethnicity subgroups were not significantly different between reference and

temporal models, using LR, RF or XGBoost (Figures 5.11a, 5.11b and 5.11c, respectively).
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Figure 5.11: Mean value of the performance metrics across race and ethnicity subgroups, in the
Thermometry study. Significant differences between reference and temporal models are identified
with: “x”, for p-values < 0.05; “xx”, for p-values < 0.01; or “x* %", for p-values < 0.001. A:
Asian; B: Black; HL: Hispanic or Latino; O: Other; W: White.

In the second approach, according to the difference between temporal and the reference values,
the considered disparity groups were: < -1%, between -1% and 0%, between 0% and 1%, and >
1%. The reference and temporal models performed similarly (Figures 5.12a and 5.12b).

In the last approach, significant differences in hidden hypothermia, normothermia and hidden
fever groups were nonexistent (Figures 5.13a and 5.13b).

The maximum Demographic parity difference and the minimum Equalized odds ratio were
0.56 and 0, respectively. These values represent considerable differences in the Predicted Positive

Rate across groups and distinct confusion matrices among groups.



Results and discussion 44

Respiratory Overall SOFA
Mortality SOFA score score increase

AUROC

Recall

0.1

014 P
011 0.10 011 010 011 010
2 oo 907
1 o1 005 %

Performance metrics (mean)

Fl-score

Accuracy

Al A B HL
Race and ethnicity subgroups

mmm Model with Reference == Model with Temporal

Respiratory Overall SOFA
Mortality SOFA score score increase

089 0.89

AUROC

Recall

033 036 034 035

Performance metrics (mean)

Fl-score

Accuracy

All A B HL
Race and ethnicity subgroups

mm Model with Reference mmm Model with Temporal

(c) XGBoost

Figure 5.11: Mean value of the performance metrics across race and ethnicity subgroups, in the
Thermometry study. Significant differences between reference and temporal models are identified
with: “x”, for p-values < 0.05; “xx”, for p-values < 0.01; or “x* %", for p-values < 0.001. A:
Asian; B: Black; HL: Hispanic or Latino; O: Other; W: White.
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Figure 5.12: Mean value of the XGBoost performance metrics across disparity groups, in the
Thermometry study. Significant differences between reference and temporal models are identified
with: “x”, for p-values < 0.05; “xx”, for p-values < 0.01; or “xx x”, for p-values < 0.001.
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Figure 5.13: Mean value of the performance in hidden hypothermia, normothermia and hidden
fever groups. Significant differences between Temporal and Reference models are identified with:

“x”, for p-values < 0.05; “xx”, for p-values < 0.01; or “xx*x”, for p-values < 0.001.
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5.4 Disparities Mitigation

Due to the observed disparities between SaO, and SpO, measurements and their consequent effect
on the prediction model performance, three attempts of correcting the biased feature were tested.
Although the temporal temperatures did not show major disparities, the rest of the methodology
was still applied to the thermometry dataset, as a parallel study. Effectiveness was evaluated with
RMSE and R?. Figure 5.14 shows the metrics in the original scenario (SpO, and Temporal) and
the changes derived from applying the correction strategies 1, 2 and 3.

The first correction model did not demonstrate an advantage in correcting SpO,, as the RMSE
increased and R? decreased. Model 3 exhibited better performance, and Model 2 was in between.

When it comes to managing the temporal temperatures, all three strategies appeared to perform

well.
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Correction 1 A e Correction 14 | ® |
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(a) Blood-gas and Oximetry (b) Thermometry.

Figure 5.14: Mean and 95% CI of the RMSE and R? results, obtained by considering the SaO, and
reference temperature as true values and the SpO; and temporal temperature (corrected or not) as
predictions, in the respective studies.

5.4.1 Sa0; vs. SpO;

In the race and ethnicity subgroups, several situations were previously identified as significantly
different. Feature correction was not advantageous because more non-consistent cases were gen-
erated with LR and XGBoost, even with Correction 3.

The disparity groups results obtained with LR were similar to the three correction approaches:
most of the significant differences related to the mortality task were removed, disparities mitigation
was not successful in the respiratory SOFA score and was insufficient in the last task (Figure 5.15).
All models introduced new disparities. Neither of the correction models had clear advantages

when used together with XGBoost.
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Figure 5.15: Mean values of the LR performance metrics across disparity groups, in the Blood-gas
and Oximetry study with Correction 2. Significant differences between SaO, and SpO, models
are identified with: “x”, for p-values < 0.05; “xx”, for p-values < 0.01; or “x x x”, for p-values <
0.001.

Unexpectedly, correction models did not spot the significant differences in the Hidden Hypox-
emia cases and introduced more disparities in performance to the patients with SaO, and SpO,

within the normal range.

5.4.2 Contact vs. Temporal

Results in the Thermometry dataset showed few significant differences between the Temporal and
Reference datasets. However, the feature correction effect in the prediction models will be briefly
presented.

Looking at the race and ethnicity subgroups, the only significant difference identified with
LR was mitigated with the three strategies (Figure 5.16) but Corrections 2 and 3 introduced new
differences. XGBoost results were similar, with Correction 1 also generating new differences.

In XGBoost results across disparity groups, Corrections 1 and 2 eliminated the significant
differences (Figure 5.17) but Corrections 3 introduced new ones. None of the corrections was so
successful when used together with LR.

In hidden hypothermia, normothermia and hidden fever groups, which had no significant dis-
parities, LR and XGBoost performances went in the same direction: new differences were pro-

duced (Figures 5.18a and 5.18b). This unexpected situation might be caused by cases where
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models failed to correct and potentially exacerbated temperature disparities. Solely Correction 3
together with XGBoost kept the original results.

Regarding the fairness metrics, there were almost no differences in Demographic parity dif-

ference and Equalized odds ratio after feature correction, for both datasets.
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Figure 5.16: Mean values of the LR performance metrics across race and ethnicity subgroups, in
the Thermometry study with Correction 1. Significant differences between Reference and Tempo-
ral models are identified with: “x”, for p-values < 0.05; “xx”, for p-values < 0.01; or “xx x”, for
p-values < 0.001. A: Asian; B: Black; HL: Hispanic or Latino; O: Other; W: White.
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Figure 5.17: Mean values of the XGBoost performance metrics across disparity groups, in the
Thermometry study with Correction 1. Significant differences between Reference and Temporal
models are identified with: “x”, for p-values < 0.05; “xx”, for p-values < 0.01; or “x* x”, for
p-values < 0.001.
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Figure 5.18: Mean value of the LR performance in hidden hypothermia, normothermia and hidden
fever groups. Significant differences between Temporal and Reference models are identified with:
“x”, for p-values < 0.05; “xx”, for p-values < 0.01; or “xx*x”, for p-values < 0.001.
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5.5 Summary

Both datasets had an unbalanced distribution across race and ethnicity groups, with slightly higher
percentages of male subjects. The amount of available data dropped drastically when limiting the
Thermometry dataset to pairs measured within a 1-hour window.

The fever prevalence results on the temperature subset showed distinct performances of tem-
poral and oral thermometers in detecting fever, in opposite directions for Black and White pa-
tients. Among the computed OR of fever and hidden fever, solely the temporal compared to oral
measurements were associated with significantly higher OR of fever in White subjects for the
37.8°C threshold.

Regarding the remaining framework, it was verified that several metrics were significantly
different in multiple race and ethnicity subgroups, disparity groups and in the subgroup of patients
with hidden hypoxemia, comparing the SaO, with the SpO; model. Disparities between Reference
and Temporal models’ performance were scarce.

The correction models seemed capable of mitigating some of the measurement bias, as RMSE
and R? improved from the original scenario.

In the Blood-gas and Oximetry study, each of the three correction models, used together with
LR, resulted in a major decrease in significant differences in the mortality task, in the disparity
groups, but not completely successful. Feature correction had no advantages in the remaining
approaches.

The original comparison of Temporal and Reference models has shown few significant dif-
ferences. Nevertheless, three situations successfully mitigated them, without introducing new
differences: Correction 1 with LR, in the race and ethnicity groups; Corrections 1 and 2 with
XGBoost, in the disparity groups; and Correction 3 with XGBoost, in the hidden hypothermia,
normothermia and hidden fever groups.



Chapter 6

Conclusions

Literature has shown that widely used medical devices, such as pulse oximeters, thermometers,
electrocardiography machines, and sphygmomanometers, can return biased measures. This issue
derives from the device’s validation in populations with a lack of diversity. Input this information
into machine learning models will make them learn and propagate bias. A passive mindset is
an easy path but disparities will last. We must make efforts to assess and mitigate inequities in
healthcare. That was the driving force of this dissertation.

The objective of curating a dataset with paired thermometry measurements was fulfilled.
While the available data was demographically imbalanced with a majority of White patients,
efforts are underway to expand the dataset. This might help ensure a more comprehensive in-
terpretation of the results in different skin pigmentations. After improvements in robustness and
population diversity, it is intended to make the dataset freely available. The second objective was
also achieved. The designed pipeline for the assessment of disparities is easily reproduced in other
datasets and for different objectives. The inherent counterfactual thinking is a useful tool to im-
prove transparency and explainability. Although the proposed bias mitigation solutions were not

as effective as anticipated, the results highlight the complexity and relevance of the topic.

6.1 Future work

Trying to find an explanation between medical device bias and skin pigmentation based on self-
reported race and ethnicity is a barrier to good conclusions. Approaches with more objective and
quantitative features for skin pigmentation are key.

Including more data would allow us to better validate the framework and to get more reliable
conclusions. From there, the approaches for bias correction could be re-evaluated. Temperature
pairs will always be scarcer due to the lower frequency of this signal acquisition, compared, for
example, to oximetry. It would be interesting to build a database with bias introduced in a con-
trolled environment to overcome this problem. This approach would allow us to better understand

the effects of specific bias on the outcomes.

53
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Afterward, it would be beneficial to use already validated models, instead of developing them
from scratch, which might not be so effective. Additional studies based on a causal approach
could be interesting. For example, estimating the Average Treatment Effect would help evaluate

the impact of bias on outcomes.

6.2 Final remarks

We cannot be in a rush to develop technology if it can produce or augment disparities in society.
Both medical devices and machine learning algorithms must pass through adequate validation to
ensure equity in the results. Additionally, the audition of already deployed algorithms is crucial.
However, it can only be done with transparency from entities. Obstacles in accessing data might
also be a bottleneck. Literature highlights these problems but they are overlooked by most peo-
ple. It is essential to bring the subject up and increase awareness, beginning within the academic
environment. At the end of this journey, some steps were taken towards health equity. Besides the
exploration of the topic and the development of a framework for the assessment and mitigation
of medical device bias on downstream ML tasks, I had the opportunity to present the subject and
methodologies at national and international conferences. Thus, another objective was fulfilled:
to bring awareness to inequities in the healthcare systems and the huge impact they can have on

already vulnerable populations.
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Appendix A

Datasets information

A.1 Flow Diagrams
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Figure A.1: MIMIC-III flow diagram. The first box displays the number of subjects (N) in the
original database and the subsequent ones show the available pairs considering exclusion criteria.
The race/ethnicity groups are indicated by their initials (A: Asian; B: Black; HL: Hispanic or
Latino; O: Other; W: White).
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Figure A.2: MIMIC-IV flow diagram. The first box displays the number of subjects (N) in the
original database and the subsequent ones show the available pairs considering exclusion criteria.
The race/ethnicity groups are indicated by their initials (A: Asian; B: Black; HL: Hispanic or

Latino; O: Other; W: White).
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Figure A.3: eICU-CRD flow diagram. The first box displays the number of subjects (N) in the
original database and the subsequent ones show the available pairs considering exclusion criteria.
The race/ethnicity groups are indicated by their initials (A: Asian; B: Black; HL: Hispanic or

Latino; O: Other; W: White).



Appendix B

Complete results

In the following tables, race and ethnicity groups are represented as: A - Asian; B - Black; HL -
Hispanic or Latino; O - Other; W - White. The five scenarios are represented as: R - Reference; T

- Temporal; C1 - Correction 1; C2 - Correction 2; C3 - Correction 3.

B.1 Blood-gas and Oximetry

B.1.1 Training set
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Table B.2: Performance metrics in the training set per disparity groups, in the Blood-gas and
Oximetry study.

Logistic Regression

Task Feature AUROC Recall Fl-score Accuracy
(-0,-3) [-3,0) [0,3) [3,4c0) | (-2,-3) [-3,0) [0,3) [3,4c0) | (-2,-3) [-3,0) [0,3) [3,4c0) | (-0,-3) [-3,0) [0,3) [3,+e)
Reference 0.725  0.703 0.703  0.720 0.694 0.615 0594 0.672 0576 0469 0451 0.505 0.654 0.661 0.680 0.657
In-hospital SpQZ 0.726  0.703 0.703  0.718 0.760  0.641 0.597 0.643 0.579 0470 0450 0.502 0.626  0.648 0.678 0.667
mortality Correction 1 | 0.709  0.701 0.710 0.703 0.706  0.624 0.598 0.646 0553 0472 0444 0525 0.634  0.657 0.684 0.653
Correction2 | 0.708  0.709 0.705 0.707 0.714  0.606 0.600 0.664 0.548 0453 0456 0.540 0.628 0.677 0.677 0.652
Correction3 | 0.706  0.706 0.716 0.712 0.680 0.604 0.624 0.673 0526 0458 0475 0544 0.639 0.674 0.677 0.656
Reference 0.758  0.756 0.753  0.755 0.694 0.704 0.654 0.749 0.692 0.670 0.625 0.702 0.702  0.704 0.707 0.690
Respiratory SpQZ 0752 0.756 0.752  0.757 0.781  0.726 0.657  0.699 0.700  0.672 0.624  0.694 0.677  0.697 0.705 0.698
SOFA score Correction 1 | 0.743  0.753 0.749 0.764 0.774  0.709 0.656  0.695 0.714  0.668 0.620 0.714 0.682 0.697 0.704 0.703
Correction2 | 0.743  0.753 0.751  0.765 0.774  0.676 0.666 0.721 0.714  0.631 0.640 0.740 0.682  0.703 0.702  0.708
Correction3 | 0.727  0.756  0.751  0.750 0.750  0.681 0.677 0.719 0.680 0.628 0.669 0.734 0.668 0.707 0.701  0.698
Reference 0.723  0.733 0.733  0.731 0.644  0.668 0.677 0.698 0.530 0487 0484 0.502 0.666 0.674 0.669 0.651
Overall SpO2 0.725 0.732 0.733  0.729 0.736  0.698 0.681 0.649 0.534 0484 0484 0.500 0.625 0.656 0.667 0.672
SOFA score | Correction 1 | 0.731  0.730 0.736  0.727 0.676  0.659 0.710 0.589 0509 0480 0486 0513 0.661 0.676 0.651 0.696
increase Correction2 | 0.730  0.735 0.732  0.726 0.677  0.700 0.679 0.593 0507 0.487 0482 0521 0.659  0.660 0.664 0.692
Correction3 | 0.734  0.737 0.727 0.721 0.667 0.689 0.679 0.628 0510 0478 0490 0.544 0.671  0.666 0.658 0.671
Random Forest
Task Feature AUROC Recall Fl1-score Accuracy
(-00,-3) [-3,0) [0,3) [3,400) | (-0,-3) [3,0) [0,3) [3,+400) | (-2,-3) [-3,0) [0,3) [3,+e0) | (-00,-3) [-3,0) [0,3) [3,+eo)
Reference 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000  1.000
In-hospital SpO? 1.000 1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
mortality Correction 1 | 1.000  1.000 1.000  1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
Correction2 | 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
Correction3 | 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
Reference 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
Respiratory SpQZ 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000
SOFA score Correction 1 | 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000
Correction2 | 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000  1.000
Correction3 | 1.000 1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
Reference 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
Overall SpO2 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
SOFA score | Correction 1 | 1.000  1.000 1.000  1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
increase Correction2 | 1.000 1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
Correction3 | 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
XGBoost
Task Feature AUROC Recall Fl1-score Accuracy
(-00,-3) [-3,0) [0,3) [3,400) | (-0,-3) [3,0) [0,3) [3,+40) | (-2,-3) [-3,0) [0,3) [3,+e0) | (-00,-3) [-3,0) [0,3) [3,+eo)
Reference 0907 0.882 0.879 0.899 0.853 0.779 0.755 0.823 0.747  0.657 0.637 0.688 0.805 0.801 0.810 0.806
In-hospital SpO2 0909 0.882 0.879 0.899 0.898 0.788 0.758  0.808 0732 0.653 0.638  0.696 0.777 0796 0.810 0.816
mortality Correction 1 | 0.905 0.883 0.881 0.907 0.875 0.781 0.751 0.837 0.726  0.662 0.632 0.727 0.788  0.804 0.815 0.813
Correction2 | 0.904 0.883 0.884 0.906 0.868 0.763 0.771 0.832 0.723  0.642 0.649 0.732 0790 0.812 0.812 0.812
Correction3 | 0.886  0.883 0.891 0.893 0.836  0.769 0.784  0.825 0.693 0.648 0.663 0.715 0782  0.810 0.814 0.800
Reference 0.861  0.841 0.846 0.847 0.735 0.711 0.692  0.820 0.760  0.721 0.698  0.767 0.777  0.765 0.776  0.756
Respiratory SpO2 0.867 0.840 0.845 0.845 0864 0.779 0.698 0.739 0.775  0.728 0.698 0.754 0.758  0.751 0.774 0.764
SOFA score Correction 1 | 0.845 0.842 0.843  0.857 0.848 0.751 0.696 0.759 0.774  0.727 0.694 0.781 0.746  0.758 0.775 0.772
Correction2 | 0.844  0.845 0.845 0.852 0.842 0.725 0.706  0.763 0.772  0.704 0.710 0.790 0.745 0.771 0.771  0.768
Correction3 | 0.825 0.850 0.841 0.839 0.823  0.719 0.730 0.780 0.735 0.700 0.733  0.792 0720 0.777 0.762  0.762
Reference 0.867 0.853 0.857 0.859 0.778  0.730 0.757  0.809 0.674 0.608 0.612 0.624 0.780 0.782 0.780 0.754
Overall SpO2 0.869 0.852 0.857 0.858 0.879 0.778 0.757 0.755 0.642 0599 0.611 0.634 0.713  0.760 0.779  0.780
SOFA score | Correction 1 | 0.870  0.857 0.853 0.872 0.836  0.742 0.770  0.757 0.637 0.612 0.605 0.670 0.752  0.787 0.767 0.797
increase Correction2 | 0.868  0.856 0.854  0.872 0.830 0.768 0.756  0.748 0.637 0.612 0.607 0.677 0.755  0.775 0.774  0.798
Correction3 | 0.862  0.861 0.851 0.859 0813 0.764 0.761 0.778 0.628  0.608 0.613 0.679 0.753  0.782 0.767 0.771
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Table B.3: Performance metrics in the training set per No/Hidden Hypoxemia groups, in the
Blood-gas and Oximetry study.

Logistic Regression

Task Feature AUROC Recall F1-score Accuracy
No Hidden No Hidden No Hidden No Hidden
Hypoxemia Hypoxemia | Hypoxemia Hypoxemia | Hypoxemia Hypoxemia | Hypoxemia Hypoxemia
Reference 0.707 0.728 0.611 0.781 0.464 0.584 0.672 0.628
In-hospital SpQZ 0.706 0.733 0.614 0.730 0.464 0.586 0.669 0.655
mortality Correct}on 1 0.705 0.714 0.609 0.711 0.460 0.581 0.672 0.647
Correction 2 0.705 0.712 0.606 0.714 0.460 0.580 0.673 0.644
Correction 3 0.709 0.711 0.613 0.702 0.468 0.569 0.673 0.647
Reference 0.754 0.730 0.680 0.853 0.649 0.754 0.703 0.661
Respiratory SpQZ 0.751 0.767 0.679 0.728 0.648 0.753 0.701 0.709
SOFA score Correction 1 0.750 0.756 0.677 0.718 0.645 0.758 0.701 0.704
Correction 2 0.750 0.757 0.676 0.714 0.645 0.755 0.702 0.703
Correction 3 0.751 0.743 0.679 0.735 0.648 0.753 0.702 0.701
Reference 0.732 0.709 0.673 0.749 0.484 0.577 0.668 0.613
Overall SpO2 0.731 0.716 0.677 0.653 0.483 0.571 0.666 0.654
SOFA score | Correction 1 0.731 0.720 0.676 0.617 0.482 0.572 0.665 0.669
increase Correction 2 0.732 0.720 0.676 0.622 0.482 0.575 0.666 0.670
Correction 3 0.732 0.711 0.678 0.636 0.484 0.565 0.665 0.656
Random Forest
Task Feature AUROC Recall F1-score Accuracy
No Hidden No Hidden No Hidden No Hidden
Hypoxemia Hypoxemia | Hypoxemia Hypoxemia | Hypoxemia Hypoxemia | Hypoxemia Hypoxemia
Reference 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
In-hospital SpQZ 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
mortality Cor‘rect?on 1 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Correction 2 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Correction 3 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Reference 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Respiratory SpQZ 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
SOFA score Correction 1 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Correction 2 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Correction 3 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Reference 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Overall SpO2 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
SOFA score | Correction 1 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
increase Correction 2 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Correction 3 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
XGBoost
Task Feature AUROC Recall F1-score Accuracy
No Hidden No Hidden No Hidden No Hidden
Hypoxemia Hypoxemia | Hypoxemia Hypoxemia | Hypoxemia Hypoxemia | Hypoxemia Hypoxemia
Reference 0.884 0.921 0.772 0.903 0.652 0.742 0.808 0.790
In-hospital SpQZ 0.884 0.911 0.775 0.868 0.653 0.745 0.808 0.801
mortality Correction 1 0.885 0.906 0.772 0.859 0.653 0.750 0.811 0.802
Correction 2 0.885 0.905 0.773 0.853 0.653 0.746 0.811 0.800
Correction 3 0.885 0.897 0.777 0.856 0.656 0.724 0.809 0.784
Reference 0.843 0.878 0.720 0.919 0.715 0.839 0.768 0.786
. SpO2 0.841 0.863 0.722 0.828 0.713 0.823 0.766 0.784
Respiratory .
SOFA score Correction 1 0.843 0.856 0.720 0.817 0.712 0.828 0.767 0.781
Correction 2 0.843 0.855 0.719 0.810 0.712 0.824 0.767 0.779
Correction 3 0.843 0.844 0.726 0.841 0.715 0.818 0.766 0.768
Reference 0.854 0.880 0.754 0.931 0.609 0.700 0.776 0.719
Overall SpO2 0.854 0.872 0.756 0.843 0.607 0.713 0.774 0.761
SOFA score | Correction 1 0.854 0.882 0.756 0.814 0.609 0.728 0.776 0.783
increase Correction 2 0.855 0.882 0.756 0.817 0.609 0.732 0.776 0.785
Correction 3 0.855 0.862 0.758 0.840 0.610 0.705 0.775 0.753
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Table B.4: Fairness metrics in the training set, in the Blood-gas and Oximetry study.

LR RF XGBoost
Task Feature Demographic ~ Equalized Demographic  Equalized Demographic ~ Equalized
parity odds ratio parity odds ratio parity odds ratio
difference difference difference
Reference 0.042 0.857 0.068 1.000 0.080 0.754
In-hospital SpQZ 0.046 0.840 0.068 1.000 0.080 0.756
mortality Correct}on 1 0.041 0.852 0.068 1.000 0.076 0.764
Correction 2 0.036 0.849 0.068 1.000 0.077 0.764
Correction 3 0.042 0.853 0.068 1.000 0.080 0.755
Reference 0.044 0.830 0.060 0.000 0.032 0.833
Respiratory SpQZ 0.045 0.839 0.060 0.000 0.045 0.786
SOFA score Correction 1 0.043 0.849 0.060 0.000 0.031 0.833
Correction 2 0.043 0.853 0.060 0.000 0.030 0.828
Correction 3 0.041 0.845 0.060 0.000 0.029 0.834
Reference 0.059 0.816 0.022 0.000 0.039 0.849
Overall Sp0O2 0.056 0.822 0.022 0.000 0.036 0.868
SOFA score | Correction 1 0.060 0.814 0.022 0.000 0.042 0.857
increase Correction 2 0.058 0.823 0.022 0.000 0.042 0.846
Correction 3 0.061 0.809 0.022 0.000 0.039 0.856

B.1.2 Test set
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B.1 Blood-gas and Oximetry

he test set with LR, in the Blood-gas and Oximetry study.

int

AUROC and recall

Table B.5

(#00°0 -200°07)  (S00°0 - €00°0)  (810°0 - 110°07)  (900°0 - £000-)  (9€0°0 - 800°07)  (S00°0-T00°0-) | (€00°0-0°0) (2000 -100°0-) (8000 - 100°0)  (£00°0 - 100°0-)  (800°0 - €00°0-)  (£00°0 - 100°0) | ID %S6
[3840] 1870 709°0 768°0 881°0 010 7100 €20 §20°0 SEV0 S6T0 10> anfeA-g %]
6L9°0 9L9°0 659°0 £89°0 L9°0 LLYO TELO YELO 12L°0 €2L0 90L°0 €L0 Q
(5000 -200°0) (100~ £00°0-) (8000 - 600°0-) (80070 - £00°0-)  (920°0-20'07)  (¥00°0-T00°07) | (200'0-00-)  (€00°0-1000)  (£L00'0-0°0") (000 -1000) (S00°0-+000-)  (T000-00) | ID %S6 g
8670 96L°0 9160 1+8°0 L6LO #$5°0 180°0 1€5°0 LS00 $T9°0 £88°0 L100 an[eA-g (40} »
6L9°0 9L9°0 £99°0 7890 1890 8L9°0 £€L°0 YELO Lo YTL0 80L°0 1€L°0 S
(900°0-200°07)  (£10°0-£00°07) (80070 - 10°07)  (600°0-900°0) (STO'0-€10°07) (S00°0-100°0) | (2000-007)  (£00°0-200°07) (L00°0-1000-) (£00°0-200°07) (L000-20007)  (2000-00) | ID%S6 >
65T°0 €610 8780 1SL°0 ¥81°0 $81°0 £60°0 9650 £80°0 S0L0 9LT0 10> anfeA-g 1D 8
8L9°0 ¥L9°0 £99°0 189°0 8L9°0 LLYO €€L0 YELO L0 ¥TL0 90L°0 €L0 e
(€00°0-€00°0)  (100-500°0-) (6000 - ¥00'0-)  (¥10°0-200°0)  (€20°0-€10°07)  (+00°0 - T00'0) | (200°0 - 100°0-)  (200°0 - T00°0-)  (S00°0 - 100°0)  (€00°0 - 100°0-)  (S00°0 - S00°0-) (2000 -00-) | ID %S6 2
78870 6150 69€°0 L10°0 S50 LOY0 €10 879°0 10> 1LT0 $96°0 7500 anea-d | zOds g
890 SLY0 99°0 SL90 6L9°0 8L9°0 €€L°0 YEL'O Lo €2L0 80L°0 1€L°0 ©
89°0 LLYO 7990 789°0 #89°0 6L9°0 YELO SELO STL0 ¥TL0 80L°0 TELO A
(8000 - €00°0)  (Z10°0-200°07) (200 -+00°0-) (9000 - 110°0-) (€00 -810°0-)  (800°0 - 100°0) | (9000 - €00°0)  (600°0 - +00°0)  (800°0 - 100°0)  (800°0 - T00'0-)  (F10°0-500°0)  (S00°0 - ¥00'0) | ID %S6
10> ¥1°0 €S1°0 9610 L6S0 L100 100> 100> 620°0 92T0 10> 100> an[eA-g %)
789°0 889°0 2690 769°0 8690 8890 87L0 9L°0 85L°0 69L°0 6LL0 €5L°0 "
(900°0-1000)  (€10°0-9000°)  (10°0- 110707  ($00°0-9000°) (+20°0-T10°07)  (S00°0-00) | (S00°0-1000)  (£00'0-1000) (+00°0 - 100°07) (60070 - €00°0-)  (110°0-200°0-)  (S00°0 - 100°0) | ID %S6 2
TI00 01 40] 996°0 €750 6870 €700 L10°0 L10°0 $61°0 6£T°0 €10 200 anfeA-g 0 £y
$89°0 690 10L°0 2690 8690 690 67L°0 ¥9L°0 19L°0 89L°0 ¥8L°0 SSLO g
(L00'0-200°0)  (910°0- €00°0-)  (#10°0-800°0-) (£00°0 - 600°0-) (610°0-910°0-)  (900°0 - 100°0) | (900°0-200°0)  (600°0-200°0) (80070~ €00°0) (L00°0-1000-) (8000 -200°0)  (900°0-200°0) | ID %S6 o
10> 8L1°0 €50 SST0 LY80 S10°0 10> 10> 100> 691°0 10> 10> on[eA-g fe) ]
789°0 L89°0 L69°0 769°0 €0L°0 689°0 87L°0 €9L°0 LSL'O 69L°0 ¥8L°0 ¥SL°0 >
(800°0-1000)  (6000-00)  (810°0-£00°07) ($10°0-+000-) (+10°0-90070-) (L000-200°0) | (S00°0-200°0) (L000-1000-) (+00°0-2000-) (110°0-€000) (£10°0-1000)  (S00°0-T00°0) | ID %S6 g
10> S0°0 €5€°0 €170 96£°0 10> 100> 901°0 2010 10> 1€0°0 100> anea-d | zods ¢
789°0 689°0 $69°0 9890 L0 889°0 67,0 S9L0 19L°0 S9L°0 T8L°0 ¥SL0
689°0 £69°0 L0 169°0 #0L°0 2690 TSL0 89L°0 €9L°0 TLLO 88L°0 85L°0 h
(#00°0 - €00°0") (60070 - T10°0)  (€20°0 - 600°07) (TTO'0-200°0) (€10°0 - €20°07) (90070 - 200°0-) | (0°0-200°07)  (2000-800°07) (10°0-€0007) (2000-€0007) (1000-20°0)  (0°0-20007) | ID %S6
999°0 £08°0 L9E0 7800 8650 €0€°0 890°0 81°0 S0€°0 S09°0 180°0 890°0 anfeA-g (%]
819°0 199°0 8790 7650 7790 6190 S0L0 TELO L0 60L°0 €L0 60L°0
(900°0-$00°0-)  (I10°0-S10°0) (210°0-81007) (100-9100)  (+€0°0 - 600°0-)  (900°0 - 900°0-) | (100°0 - 100°0-) (+00°0 - +00°0-)  (L00'0 - 100°0-)  (S00°0 - €00°0-)  (00°0 - L10°0-)  (100°0 - 100°0-) | ID %S6 5
€780 $8L°0 £69°0 €29°0 €170 1L6°0 I 7560 6£1°0 L0 €210 1 on[eA-g 0 =
819°0 2990 LS90 L09°0 #09°0 790 70L°0 62L°0 Lo 80L°0 8TL0 80L°0 3.
(€00°0 - ¥00°07)  (S10°0-£20°0)  (1¥0°0-220'07) (E£10°0-+00°0) (610°0 -¥20°07) (#0070 - €00°0-) | (Z00°0 - 100°07)  (S00°0-900°07) (S10°0-#00°0-) (9000 - 100°0-) (2000~ - S10°07) (2000 - 100°07) | ID %S6 =
98L°0 6£5°0 8150 150 €8°0 $06°0 LEY0 S8L°0 1020 rELO T100 SLYO anfeA-g 1D S
6190 999°0 S¥9°0 6650 6190 1290 €0L°0 €L0 6£L°0 90L°0 62L°0 80L°0 g
(#00°0 - 600°07)  (€10°0- L10°0)  (S10°0-CT10°07) (610°0-210°0)  (9€0°0 - 100°07)  (S00°0 - £00°0-) | (100°0 - 100°0-)  (S00°0 - 100°0-)  (L00'0 - €00°0-)  (+00°0 - S00°0-)  (+00°0 - £L00'0-) ~ (100°0 - 100°0-) | ID %S6 g
£PF0 8L0 98L°0 819°0 9500 ST8°0 I 981°0 8810 89L°0 £09°0 960 oneA-d | zOds
129°0 2990 £59°0 90 6650 790 #0L°0 LTLO £VL0 60L°0 Lo 80L°0
6190 99°0 $59°0 £09°0 L19°0 1290 ¥0L°0 6CL°0 SYL0 60L°0 12L°0 80L°0 A
M o TH q \4 nv M o TH q v nv omeoq | yseL

ey

204NV




70

Complete results

dy.

imetry stu

in the Blood-gas and Oxi

,int

in the test set with LR

F1-score and accuracy
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B.1 Blood-gas and Oximetry

imetry study.

he Blood-gas and Oxi

Lint

he test set with RF

int

AUROC and recall
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Complete results

imetry study.

in the test set with RF, in the Blood-gas and Oxi

F1-score and accuracy
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B.1 Blood-gas and Oximetry

dy.

imetry stu

he test set with XGBoost, in the Blood-gas and Ox

n t

AUROC and recall

Table B.9
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Complete results
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Table B.11: Performance metrics in the test set per disparity groups with LR, in the Blood-gas and
Oximetry study.

Task Feature AUROC Recall Fl1-score Accuracy
(-0, [-3,0) [0,3) [3, (-0, [-3,0) [0,3) [3, (-0, [-3,0) [0,3) I3, (o0, [-3,0) [0,3) I3,
-3) +00) -3) +00) -3) +00) -3) +00)
R 0.721 0.7 0.701 0.718 0.693 0.609 0.592 0.669 0573 0464 045 0502 0.652 0.658 0.68  0.655
0.722 0701  0.701 0.716 0.755 0.638 0592 0.638 0.572 0467 0448 0498 0.621 0.646 0.676 0.665
SpO2  P-value | 0.804 0.048 0859 0.064 <001 <.001 1 <001 0877 0.11 0.02  0.088 <001 <001 0.058 <.001
z 95% CI - - - (-0.0 - - - - (0.022 - - 0.0 - - (0.021  (0.008 (-0.0 - -
?’i‘ 0.003  0.002 0.001 0.004) 0.074 0.035 0.007 - 0.008  0.007 0.005) 0.001 - - 0.007) 0.013
g - --0.0) - -- -- - 0.04) - - - 0.042) 0.016) --
= 0.002) 0.001) 0.048) 0.022) 0.007) 0.009) 0.001) 0.01) 0.006)
a 0.703 0.699 0.708 0.699 0.697 0.619 0.597 0.642 0.548 0.469 0443 0522 0.63 0.655 0.684 0.652
;% Cl1 P-value | 0.26  0.871 0.011 0.081 0.843 0418 0.521 0.199 0.113 0563 0.094 012 0.097 057 0.031 0.563
= os%Cr| - - ¢ ¢ ¢ e ¢
0.016  0.011 0.012 0.003 0.047 0.039 0.018 0.017 0.007 0.022 0.001 0.045 0.005 0.007 0.008 -
- - -- - - - - - - - - - - - --0.0) 0.017)

0.054) 0.013) 0.002) 0.04) 0.039) 0.018) 0.01) 0.071) 0.058) 0.013) 0.015) 0.006) 0.049) 0.013)

0.705 0.707 0.703 0.703 0.711 0.605 0596 0.658 0.548 045 0454 0535 0.627 0.676 0.675 0.65

c2 P-value | 0.281 0.068  0.55 0.18 0.278 0.597 0.635 0484 0.077 0.062 0391 <01 0.05 <01 0.143 0422
95%CL | (- (- (- (- (- (- (- (- (- (- - (- 0.0- (- (- (-

0.016 0.014 0.008 0.008 0.054 0.013 0019 0.023 0.003 0.001 0.014 0.054 0.05) 0.028 0.002 0.009

0.048) 0.001) 0.004) 0.036) 0.017) 0.022) 0.012) 0.046) 0.054) 0.03) 0.006) 0.012) 0.007) 0.012) 0.021)

0.712  0.701  0.708 0.714  0.71 0.591 0.606 0.685 0.55 0.446 0459 0.559 0.632 0.674 0.679 0.651
C3 P-value | 0491 0935 0.072 0.625 0418 0.046 0.093 0.147 0.116 0.044 0.096 <001 0.101 0.01 0.628 0.402
95% CI | (-0.02 (- (- (- (-0.06  (0.0- - (- - (0.001 - (- (- (- (- (-

- 0.011  0.015 0.014 - 0.036) 0.031 0.039 0.007 - 0.021 0.072 0.005 0.027 0.005 0.007
0.039) 0.027) 0.036)

0.01) 0.001) 0.021) 0.003) 0.007) 0.053) 0.002) 0.041) 0.046) 0.005) 0.007) 0.017)

R 0.757 0.756 0.752  0.754 0.693 0.704 0.654 0.749  0.69 0.67 0.624 0.703 0.702 0.703 0.706  0.69

075 0.755 0.751 0755 0.783 0.726  0.657  0.698 0.7 0.672  0.625 0.693 0.678 0.698 0.705  0.698
SpO2  P-value | 0.074  0.44 0.07 0287 <001 <001 0.13 <001 <01 0.052 037 <001 <001 <001 0.025 <.001

o
g 95%CI | (- - (00- (- - - (0046 (- - (- (0007 (0013 (0.003 (0.0- (-
= 0.001 0001 0003 0003 0105 0028 0006 - 0017 0006 0002 - - - 0001 0011
5 - - - - - - 0055)  --  -00) - 0012) 0.034) 0.007) -
= 0.014)  0.002) 0.001) 0.076) 0.017) 0.001) 0.004) 0.001) 0.004)
s 0743 0752 0.748 0764 0776 0.708 0.656 0.695 0.714 0.666 0619 0715 0681 0696 0.704 0.704
g Cl  P-value | <001 0291 <01 0014 <001 0376 0.631 <001 0012 0519 0048 0092 <01 0033 0058 <0l
E 95%CI | (0.008 (-  (0.001 (- (- - - (0039 (004 (- (00- (- (001 (0.001 (0.0- (-
- 0004 - 0017 0095 0015 0009 - -- 0007 001) 0026 - - 0.004) 0022
0.02) 0.007)  -- -- 0.069) 0.006) 0.032) 0.014) --

0.011) 0.003) 0.071) 0.006) 0.006) 0.014) 0.002) 0.006)

0.744 0751 0.751 0.765 0.776  0.675 0.666 0.722 0.712 0.629 0.64 0.742 0.681 0.701 0.702  0.71
C2 P-value | <01 0319 0447 0.024 <001 <001 0.017 <01 0012 <001 <00l <00l <01 0564 0024 <01

95%CI | (0.006 (- (002 (0018 (- (0012 (- (0029 (- - 01 (- (0001 (-0.03
- 0005 0003 -- 0095 - 0021 - 0038 - 002 0052 - 0006 - --
0.02) - - 0002) -- 0039 -- 0042 --  0051) - - 0032 - 0.007) 0011

0.014)  0.006) 0.071) 0.003) 0.006) 20.01)  0.026) 0.011)

0.734 0752 0.746  0.757 0.778 0.676 0.666 0.724 0.696  0.62 066 0.747 0.67 0.707 0.697 0.707
C3 P-value | <001 0496 0.05 0574 <001 <00l 0.032 <0l 035 <001 <001 <00l <001 0302 <0l <001

95%ClL | (0.015 (-  (-00- (- - (0017 (- (0012 (- (0038 (- 0021 (- (0003 (-
- 0007 0013) 0016 0095 - 0023 - 0021 - 0043 0056 - 0011 - 0025

0.03) N . . 0038)  --  003) - 0.06)  -- 0044 - 0014  --

0.013) 0.009) 0.075) 0.001) 0.008) 0.029) 0.034) 0.004) 0.009)

R 0722 0732 0732 0731 0646 0668 0676 0697 053 0487 0484 0501 0.666 0674 0669 0.65

0.724  0.732  0.733  0.728 0.736  0.698 0.679 0.648 0.533 0484 0483 0499 0623 0.656 0.666 0.672
SpO2  P-value | 0.104 084 0.193 0013 <001 <001 0.064 <001 0536 0076 0322 0.093 <00l <001 <0l <001

95%ClL | (- - - (0001 (- - - (0044 (-  (00- (- (00- (0035 (0.014 (0.001 (-
0.004 0.001  0.001 - 0112 0035 0006 - 0013 0005 0001 0004) - - - 0025

200 - 20.0) 0005  -- . -00) 0055 - - 0.051) 0.022) 0.004) -

0.001) 0.069) 0.026) 0.007) 0.002) -0.02)

0732 073 0736 0.727 0.678 0.659 0.708  0.59 0.51 0.479 0484 0513 0.663 0.675 0.651 0.696
Cl1 P-value | 0.195 0.629 0297 0.518 0.074 0436 <.001 <001 0.107 0.106 0.811 0.141 0.548 0802 <.001 <.001

Overall SOFA score increase

95% CI (- - (-0.01 (- (- (- (- (0.084 (- (- (- (- (- (- (0.012 (-
0.024  0.008 - 0.008 0.068 0.016 0.043 - 0.005 0.002 0.009 0.028 0.009 0.009 - 0.056

- - 0.003) - - - - 0.131) - - - - - - 0.024) --
0.006) 0.013) 0.016) 0.004) 0.034) -0.02) 0.045) 0.017) 0.007) 0.005) 0.015) 0.007) 0.036)

073 0735 0.733  0.726 0.672 0.699 0.681 0.592 0.505 0485 0484 0.521 0.66 0.659 0.665 0.692
C2 P-value | 0.289 0.639 0946 0381 0.125 0.014 0336 <001 0052 082 0879 0.026 0278 <01 0.19  <.001
95%CL| (- (- (- (- (- (- - 0079 00- (- (- (- (- 0005 (- (-
0.023 0.012 0.007 0.007 0.062 0.055 0.015 - 0.051) 0.009 0.011 0.037 0.005 - 0.002  0.053
0.132) 0.025)

0.008) 0.008) 0.006) 0.016) 0.009) 0.008) 0.006) 0.012) 0.009) 0.003) 0.016) 0.01) 0.031)

0735 0736 0727 0723 067 060 068 0623 0511 0474 049 0546 067 0663 0658 0.677
C3  Povalue | 0033 0393 0237 0225 0.8 0032 0501 <001 0.108 0026 023 <00l 0452 <Ol 0.013 <00l

95%CL | (- - - - - - - (005 (- (0002 (- - ¢ (0.004 (0003 (-
0.024 0012 0004 0006 0062 0043 0017 - 0005 - 0017 0057 0016 - - 0039
-- - - - - -- - 0098 - 0024) - -- - 0018 0019) --
0.001) 0.005) 0.014) 0.021) 0.014) 0.003) 0.009) 0.044) 0.005) 0.033) 0.008) 0.015)
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Table B.12: Performance metrics in the test set per disparity groups with RF, in the Blood-gas and
Oximetry study.

Task Feature AUROC Recall Fl1-score Accuracy
(o, [-3,0) [0,3) [3, (o, [-3,0) [0,3) 13, (oo, [-3,0) [0,3) [3, (o, [-3,0) [0,3) 3,
-3) +00) -3) +00) -3) +00) -3) +00)
R 0.741 0728 0.727 0.746 0.144 0.108 0.098 0.141 0239 0.184 0.168 0.228 0.69 0.769 0.786 0.754
0.741 0.726  0.728 0.748 0.188 0.126 0.1 0.128  0.292  0.209 0.172  0.213  0.694 0.77 0.787  0.755
SpO2  P-value | 0.891 0404 0456 0465 <001 <01 0.101 <01 <0l 0.013 0.099 <01 0356 0405 0381 0.177
2 95% CI - - - - - (-0.03 - (0.006 - - (-0.01  (0.006 - - (- -
?’i‘ 0.006  0.003 0.004 0.007 0.065 -- 0.006 - 0.081  0.044 - - 0.012  0.004 0.002 0.004
2 - - - - -- 0.006) - 0.019) -- -- 0.001) 0.024) - - - -
= 0.007) 0.007) 0.002) 0.003) 0.023) 0.001) 0.025) 0.007) 0.005) 0.002) 0.001) 0.001)
a 0.724 0.718 0.741 0.718 0.18 0.I111 0.097 0.12 0283 0.187 0.167 0201 0.707 0.764 0.797 0.717
in Cl1 P-value | 0.114 0.052 <001 0.016 <0l 071 0.772 0.019 0.01 0819 0926 0.051 0.181 0481 <001 <01
= 95% CI (- (-0.0 - (- (0.007 (- (- (- (0.004 (- (-0.03 (- (-0.0 - (- (-0.01 (- (0.018
0.005 0.021) 0.018 - 0.058 0.021  0.004 - 0.075 - 0.007  0.055) 0.042 - 0.015 -
- - 0.049) -- - - 0.036) -- 0.024) - - 0.02) -- 0.055)
0.04) -0.01) 0.014) 0.015) 0.005) 0.013) 0.007) 0.009) 0.007)
0.722  0.735 0.732 0.721  0.18 0.106 0.102 0.118 0283 0.18 0.175 0.196 0.711 079 0.782 0.704
Cc2 P-value | 0.078 0.118 0.083 0.029 <0l 0775 0219 0.016 0.016 0.739 0.185 0.032 0.117 <01 0239 <.001
95% CI - (- - (0.003 - (- - (0.005 - (-0.02 - (0.003 - - - (0.031
0.003 0.016 0.011 - 0.059 0.013 0.012 - 0.077 - 0.018 - 0.048  0.033  0.003 -
- - - 0.046) -- - - 0.04) - 0.027) - 0.06) - -- - 0.068)
0.041) 0.002) 0.001) 0.011) 0.017) 0.003) -0.01) 0.004) 0.006) 0.009) 0.01)
0.725 0.728 0.739 0.735 0.198 0.104 0.101 0.156 0303 0.177 0.173 025 0712 0.787 0.782 0.7
C3 P-value | 0.177 1 0.013 0.126 <01 0463 0252 0.143 <01 0443 0269 0.142 0071 <01 0.183 <.001
95% CI - - (-0.02 - - - (-0.01 (- (-0.1- - - - (- - (- (0.034
0.009  0.013 -- 0.004 0.082  0.007 - 0.036 - 0.012  0.015 0.055 0.046 0.027 0.002 -
- - 0.003) - -- - 0.003) - 0.028) - - - - -- - 0.074)
0.04) 0.013) 0.025) 0.025) 0.015) 0.006) 0.025)  0.005) 0.009) 0.002) 0.008) 0.01)
R 0.771  0.771  0.771 0.77 0.543 0.53 0.505  0.657 0.64 0.614  0.587 0.69 0.706 0.716 0.734 0.711
0.757 0.766  0.768  0.77  0.687 0.627 0.513 0.541 0.689 0.654 0.588 0.634 0.702 0.716 0.732  0.695
) SpO2  P-value | <.01 <001 <.001 1 <00l <001 <001 <001 <001 <001 0.257 <001 0493 0766 0.016 <.001
§ 95% CI | (0.007 (0.003 (0.003 - - - - (0.109 - - - (0.048 (-0.01 - (0.001  (0.011
< - - - 0.002 0.165 0.107 0.011 - 0.067 0.048  0.004 - - 0.005 - -
é 0.02)  0.007) 0.005) - -- -- -- 0.124) -- -- - 0.063)  0.02) - 0.004) 0.021)
(g 0.002) 0.123) 0.087) 0.004) 0.031) 0.031) 0.001) 0.004)
g 0.747 0765 0.767 0.772 0.696 0.582 0499 0.543 0.699 0.633 0.578 0.647 0.694 0.711 0.733  0.683
2 Cl1 P-value | <001  0.099 0.031 0.608 <001 <001 0.035 <001 <001 <01 0.011 <001 0.03 0061 0411 <001
&"3 95% CI | (0.017 (- (0.001 (- (- (- 0.0- (0.106 - (- (0.003 (0.036 (0.002 (-0.0- - 0.02
- 0.001 - 0.008 0.171 0.066 0.011) - 0.081  0.031 - - - 0.01)  0.003 -
0.031) - 0.009) - -- -- 0.122) -- -- 0.015) 0.051) 0.024) - 0.036)
0.012) 0.005) 0.135) 0.037) 0.039) 0.008) 0.007)
0.748 0.768 0.766 0.771 0.687 0.543 0.508 0.555 0.695 0.602 0.591 0.661 0.692 0.73 0.721 0.672
C2 P-value | <001 0398 0.055 0.882 <.001 0.032 0.653 <001 <001 0017 0379 <001 0.034 <01 <001 <.001
95% CI | (0.014 - (-0.0 - - - - - (0.086 - (0.003 - (0.016  (0.001 - (0.009 (0.023
- 0.004 0.011) 0.009 0.162 0.024 0.014 - 0.076 - 0.014 - - 0.021 - -
0.033) - - -- -- - 0.117) -- 0.022) - 0.041) 0.027) -- 0.019)  0.054)
0.009) 0.008) 0.126) 0.001) 0.009) 0.034) 0.006) 0.007)
0.739 0769 0.76  0.765 0.696 0.524 0.527 0.598 0.683 0.587 0.612 0.692 0.685 0.74 0.705 0.683
C3 P-value | <001 0.663 <.01 031 <001 0367 <00l <00l <001 <0l <001 0697 <01 <00l <001 <.001
95% CI | (0.023 - (0.005 - - - - (0.043 - 0.011 (- - (0.009 - (0.023  (0.017
- 0.007 - 0.006  0.167 0.009 0.031 - 0.062 - 0.034  0.018 - 0.033 - -
0.04) - 0.017) - -- - -- 0.076) -- 0.043) -- - 0.033) -- 0.036) 0.038)
0.011) 0.016) 0.138) 0.023) 0.012) 0.024) 0.015) 0.012) 0.015)
R 0.738 0747 0756 0.751 017 0.151 0.18 0.184 0.275 0.247 0285 0.29 074  0.787 0.793 0.773
° 0.729 0.747 0.754 075 0213 0.157 0.177 0.165 0327 0254 0281 0.268 0.744 0.787 0.792 0.773
g SpO2  P-value | 0.083 095 0212 0.708 <.001 0.131 0241 <00l <001 0.152 0.197 <001 0.026 1 0.171  0.825
‘g 95% CI - - - - - - - (0.013 - - - (0.013 (- - (-0.0 - -
o 0.001  0.003 0.001 0.002 0.058 0.014 0.002 - 0.071  0.017  0.002 - 0.007  0.002 0.002) 0.002
8 - . - . - N - 0027)  -- N - 0032 -- N .
2 0.019) 0.004) 0.005) 0.003) 0.028) 0.002) 0.007) 0.032) 0.003) 0.01) 0.001)  0.002) 0.002)
% 0.744 0.749 0.757 0.746 0.159 0.141 0.202 0.129 0.26 0.234 0311 0.222  0.765 0.791 0.792 0.754
2 Cl P-value | 0488 0.612 0733 026 0402 0.172 <001 <001 0375 023 <00l <001 <001 0229 0334 <01
g 95% CI - - - - - - (- (0.044 - (-0.01 - (0.053 - (-0.01 - (0.007
3 0.021  0.012 0.006 0.004 0.016 0.005 0.031 - 0.021 - 0.036 - 0.037 - 0.002 -
- - - - - - -- 0.066) - 0.036) -- 0.084) -- 0.003) - 0.031)
0.011) 0.007) 0.004) 0.014) 0.037) 0.026) 0.014) 0.051) 0.015) 0.014) 0.005)
0.74 0754 0752 0.746 0.162 0.185 0.176 0.128 0263 029 0279 0221 0767 0.791 079 0.743
C2 P-value | 0.823 0.108 0.093 0.255 0464 <001 0405 <001 0437 <0l 0368 <00l <001 0.182 0.163 <.001
95% CI (- (- (- (- - (- (- (0.046 (- (- (- (0.054 (- (- (- (0.017
0.022 0.016 0.001 0.004 0.016 0.048 0.006 - 0.021  0.063  0.008 - 0.038 0.011  0.002 -
- - - - - -- - 0.067) - -- - 0.086) -- - - 0.042)
0.018) 0.002) 0.009) 0.013) 0.032) 0.019) 0.014) 0.045) 0.022) 0.02) 0.016) 0.002) 0.008)
0.742 0756 0.746  0.74 0.173 0.179 0.172 0.148 0277 0283 0274 0.248 0.768 0.8 0.78  0.719
C3 P-value | 0.517 0.067 0.038 0.033 0.696 <01 0.102 <001 0.857 <0l 0105 <01 <001 <001 <001 <.001
95% CI - - (0.001  (0.001 - (- - 0.02  (-0.03 (- - 0.02  (-0.04 (- (0.007  (0.037
0.018  0.018 - - 0.023  0.044  0.002 - - 0.058  0.003 - -- 0.019 - -
- - 0.018) 0.021) - -- - 0.052) 0.026) -- - 0.066) 0.017) -- 0.019)  0.07)
0.01)  0.001) 0.016) 0.013) 0.018) 0.015) 0.025) 0.008)
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Table B.13: Performance metrics in the test set per disparity groups with XGBoost, in the Blood-

gas and Oximetry study.

Task Feature AUROC Recall Fl1-score Accuracy
(-0, [-3,0) [0,3) [3, (-0, [-3,0) [0,3) [3, (-0, [-3,0) [0,3) I3, (o0, [-3,0) [0,3) I3,
-3) +00) -3) +00) -3) +00) -3) +00)
R 0.731 0718 0.723 0.738 0.649 0.569 0553 0.627 0573 0479 0461 0516 0.674 0699 0715 0.694
0.731 0718 0.722  0.731 0.714 0584 0551 0.587 0.577 0478 0459 0505 0648 0.69 0.712 0.701
SpO2  P-value | 0.913 0.9 0.61  0.023 <001 0.027 0.8 <001 0517 0931 0329 0011 <001 0018 0.123 <01
z 95% CI - - - (0.001 - - - (0.024 - (-0.01 - (0.003  (0.017 (0.002 (- -
?’i‘ 0.008  0.007 0.003 - 0.085 0.028  0.008 - 0.017 - 0.003 - - - 0.001  0.011
g - - - 0.012) -- -- - 0.056) - 0.011) - 0.019) 0.037) 0.015) - --
= 0.008) 0.007) 0.005) 0.046) 0.002) 0.011) 0.009) 0.008) 0.006) 0.002)
a 0.723 0714 0.735 0.699 0.679 057 0553 0.593 0559 0475 0461 0513 0.656 0.692 0.728 0.668
;% Cl P-value | 0.359 0332 0.018 0.014 0.103 0.946 0985 0.09 039 0.672 0.889 0.796 0.052 0.084 <001 <01
= 95% CI - - (-0.02  (0.01 (- (- (- (- (- (- (- (- (-0.0- (- (- (0.01
0.011  0.004 -- - 0.067 0.017 0.012 0.007 0.021 0.014 0.007 0.022 0.038) 0.001 0.017 -
- - 0.002) 0.066) - - - - - - - - - -- 0.042)
0.027) 0.012) 0.007) 0.016) 0.012) 0.076) 0.049) 0.021) 0.008) 0.027) 0.015) 0.008)
0.723 073  0.728 0.706 0.669 0.563 0.563 0.607 0.554 0.467 047 0534 0.659 0718 0.713 0.675
Cc2 P-value | 0.287 <01 0.092 0.033 0.107 0446 0.04 0238 0.207 0.148 <01 0229 0.082 <.001 0.502 0.061
95% CI - (-0.02  (-0.01 (0.003 - - (-0.02 - - (- - (- (- - - -
0.008 -- - - 0.044  0.011 -- 0.016 0.012 0.005 0.015 0.048 0.002 0.028 0.005 0.001
- 0.004) 0.001) 0.06) - - 0.001) - - - -- - - -- - -
0.024) 0.005) 0.023) 0.056) 0.049) 0.029) 0.003) 0.013) 0.033) 0.011) 0.009) 0.04)
0.723  0.723 0.731 0.719 0.677 0.556 0.564 0.632 0.559 0463 0472 0554 0.661 0713 0716 0.672
C3 P-value | 0.406 0.124 0.089 0.014 0.109 0.158 0.149 0.702 0.358 0.102 0.063 <001 0.156 <.001 0.701 <.001
95%CL| (- (- (- 0005 (- (- (- (- (- (- (- (- - (- - (0012
0.013 0.012 0.018 - 0.063 0.006 0.029 0.029 0.019 0.004 0.023 0.051 0.006 0.021 0.005 -
- - - 0.032) - - - - - - - -- - -- - 0.032)
0.03) 0.002) 0.002) 0.008) 0.032) 0.005) 0.02) 0.047) 0.035) 0.001) 0.025) 0.033) 0.008) 0.004)
R 0.768 0.768 0.771 0.769 0.641 0.641 0.619 0759 0.676 0.657 0.628 0.71 0.706 0.714 0.727 0.697
0.764  0.767 0.769 0.768 0.796 0.722 0.625 0.66  0.699 0.674 0.628 0.686 0.671 0.702 0.723  0.705
) SpO2  P-value | 0451 0.566 0.011 0375 <001 <001 <00l <00l <01 <001 0534 <001 <00l <01 <001 <01
§ 95% CI - - (0.001 - - - - (0.089 - - - (0.018 (0.021 (0.006 (0.002 -
< 0.007  0.003 - 0.002 0.177 0.088  0.009 - 0.038  0.024  0.001 - - - - 0.013
é - - 0.004) - -- -- -- 0.107) -- - - 0.03) 0.048) 0.019) 0.005) --
(% 0.014)  0.005) 0.005) 0.134) 0.075) 0.004) 0.008) -0.01) 0.002) 0.003)
g 0.747 0765 0.767 0.765 0.788 0.686 0.621  0.67 0.712 0.666 0.623 0.704 0.673 0.705 0.724 0.7
2 Cl1 P-value | <001  0.31 <.01 031 <00l <001 038 <001 <001 0.059 <01 0335 <001 <001 001 0442
&"3 95% CI | (0.016 - (0.001 - - (- - 0.078 - (- (0.003 - (0.022  (0.006  (0.001 -
- 0.003 - 0.004 0.162 0.059 0.007 -0.1) 0.052 0.018 - 0.007 - - - 0.013
0.026) - 0.007) - -- -- - -- -0.0) 0.009) - 0.044) 0.014) 0.005) -
0.01) 0.012) 0.133) 0.031) 0.003) 0.019) 0.018) 0.006)
0.748 0.768 0.766 0.769 0.783  0.65 0.626 0.676 0.709 0.633 0.636 0.723 0.674 0.717 0.715 0.702
C2 P-value | <001 0902 0.054 0.941 <001 0.088 0.141 <001 <0l <001 0042 0019 <001 0313 <001 0328
95% CI | (0.014 (- (-0.0- (- (- (- (- (0.068 (- (0.017 (- - (0.02 - (0.009 -
- 0.006  0.01) 0.009 0.161 0.019 0.018 - 0.053 - 0.014  0.024 - 0.008 - 0.016
0.025) - - -- - - 0.097) -- 0.03) --0.0) -- 0.044) - 0.015) -
0.005) 0.009) 0.124) 0.002) 0.003) 0.014) 0.003) 0.003) 0.006)
0.739 077 0.758 0.762 0.79 0.638 0.643 0.709 0.693 0.622 0.657 0.738 0.659 0.725 0.704  0.698
C3 P-value | <001 0552 <001 0.189 <001 0407 <00l <001 0.045 <001 <00l <00l <001 <01 <001 0.737
95% CI | (0.022 (-0.01 (0.007 - - - - (0.036 - (0.026 - (-0.04 (0.036 - (0.017 -
- - - 0.004 0.165 0.004 0.033 - 0.034 - 0.036 -- - 0.017 - 0.011
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B.1 Blood-gas and Oximetry 81
Table B.17: Fairness metrics in the test set, in the Blood-gas and Oximetry study.
Task Feature LR RF XGBoost
Demographic Equalized odds Demographic Equalized odds Demographic Equalized odds
parity ratio parity ratio parity difference ratio
difference difference
Reference 0.103 0.642 0.047 0.212 0.127 0.653
0.108 0.629 0.044 0.19 0.129 0.633
SpO2 P-value 0.438 0.542 0.455 0.289 0.789 0.32
z 95% CI | (-0.019-0.009)  (-0.034-0.06) | (-0.007 -0.014) (-0.022 - 0.067) | (-0.021-0.017) (-0.022-0.061)
§ 0.103 0.658 0.042 0.171 0.12 0.67
g Correction 1 | P-value 0.81 0.43 0.367 0.436 0.61 0.425
& 95% CI | (-0.008 - 0.007)  (-0.06 - 0.028) | (-0.008 - 0.019) (-0.073 - 0.156) | (-0.021-0.034)  (-0.065 - 0.03)
8 0.111 0.602 0.044 0.181 0.119 0.656
;? Correction 2 | P-value 0.312 0.109 0.506 0.41 0.475 0.873
= 95% C1 | (-0.027-0.01)  (-0.011-0.089) | (-0.008 - 0.015)  (-0.05-0.112) | (-0.015-0.031)  (-0.05 - 0.043)
0.105 0.66 0.04 0.182 0.122 0.663
Correction 3 | P-value 0.555 0.264 0.204 0.533 0.607 0.647
95% CI | (-0.009 - 0.005)  (-0.052 - 0.016) | (-0.005-0.019) (-0.074 - 0.134) | (-0.016-0.026)  (-0.06 - 0.039)
Reference 0.117 0.752 0.127 0.604 0.116 0.704
0.112 0.74 0.129 0.596 0.128 0.689
o SpO2 P-value 0.221 0.324 0.821 0.656 0.05 0.413
IS 95% CI | (-0.003 -0.013) (-0.014-0.039) | (-0.015-0.012) (-0.031 - 0.047) (-0.024 - 0.0) (-0.024 - 0.053)
2 0.116 0.742 0.127 0.596 0.129 0.707
% Correction 1 | P-value 0.912 0.542 0.965 0.733 0.091 0.891
ﬁ 95% CI | (-0.013-0.015) (-0.028 - 0.049) | (-0.015-0.015) (-0.041-0.056) | (-0.03-0.003)  (-0.053 - 0.047)
,g 0.119 0.73 0.123 0.631 0.13 0.691
= Correction 2 | P-value 0.712 0.229 0.57 0.236 0.138 0.613
&"3 95% CI | (-0.014-0.01)  (-0.017-0.061) | (-0.012-0.02) (-0.075-0.021) | (-0.033-0.005) (-0.042 - 0.067)
0.117 0.74 0.132 0.584 0.13 0.702
Correction 3 | P-value 0.987 0.511 0.616 0.439 0.068 0.937
95% CI | (-0.013-0.013) (-0.028 - 0.052) | (-0.028 - 0.018) (-0.035-0.074) | (-0.03 - 0.001) (-0.04 - 0.043)
Reference 0.089 0.758 0.03 0.456 0.078 0.769
° 0.094 0.75 0.029 0.409 0.073 0.753
g Sp02 P-value 0.464 0.56 0.793 0.223 0.31 0.137
g 95% CI | (-0.019 - 0.009)  (-0.025 - 0.043) | (-0.004 - 0.006) (-0.034 - 0.127) | (-0.005-0.013)  (-0.006 - 0.04)
> 0.095 0.756 0.028 0.468 0.082 0.736
§ Correction 1 | P-value 0.207 0.716 0.353 0.769 0.602 0.136
; 95% CI | (-0.015-0.004)  (-0.014-0.02) | (-0.002 -0.006) (-0.099 - 0.076) | (-0.022-0.014) (-0.012 - 0.078)
LOL‘ 0.093 0.76 0.033 0.391 0.082 0.729
2 Correction 2 | P-value 0.463 0.879 0.285 0.019 0.677 0.095
g 95% CI | (-0.014 - 0.007)  (-0.025 - 0.021) | (-0.009 - 0.003)  (0.013-0.117) | (-0.028 -0.019)  (-0.009 - 0.09)
3 0.096 0.746 0.032 0.411 0.082 0.74
Correction 3 | P-value 0.222 0.269 0.331 0.327 0.489 0.095
95% CI | (-0.018 - 0.005)  (-0.012 - 0.037) | (-0.008 - 0.003) (-0.054 - 0.144) (-0.02 - 0.01) (-0.006 - 0.065)
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Table B.19: Performance metrics in the training set per disparity groups, in the Thermometry

study.
Logistic Regression
Task Feature AUROC Recall Fl-score Accuracy
(oo, -1) [-1,0) [0, 1) [1,4e0) | (-eo,-1) [-1,0) [0, 1) [1,4e0) | (-eo,-1) [-1,0) [0, 1) [1,4e0) | (-eo,-1) [-1,0) [0, 1) [I,+e0)
Reference 0.797  0.840 0.806 0.876 0.607 0.770 0.725 0.826 0582  0.612 0.527 0.644 0.788  0.764 0.716 0.722
In-hospital Temp(?ral 0.794  0.840 0.806 0.876 0.674 0.787 0.712  0.794 0594 0.613 0527 0.672 0.776  0.760 0.721  0.765
mortality Correction 1 | 0.831  0.832 0.828 0.729 0772 0.793 0.747  0.604 0.619 0577 0576  0.554 0.725 0.716 0.752  0.607
Correction2 | 0.801  0.833 0.827 0.713 0.739  0.756 0.756  0.596 0577 0572 0.584 0.540 0.685 0.748 0.747 0572
Correction 3 0.825 0.826 0.000 0.732 0.761 0.000 0.000 0.572 0.580 0.000 0.744  0.737
Reference 0.890 0.892 0.875 0.847 0.685 0.801 0.755 0.750 0.698 0.794 0.721 0.739 0.828 0.849 0.837 0.790
Respiratory Tempc')ral 0.890 0.894 0.874 0.843 0.730  0.809 0.738  0.689 0.687 0.794 0.717 0.716 0.806 0.847 0.837 0.784
SOFA score Correction 1 | 0.896  0.908 0.879 0.806 0.885 0.813 0.758 0.706 0811 0.817 0.737 0.676 0.832 0.864 0.829 0.836
Correction2 | 0.875  0.882 0.890  0.801 0.837  0.769 0.774  0.692 0.804 0.765 0.743  0.681 0.823  0.844 0.828 0.839
Correction 3 0.882  0.886 0.000 0.764 0.780 0.000 0.000 0.754 0.758 0.000 0.834 0.840
Reference 0.744 0720 0.748 0.718 0.767  0.621 0.680 0.615 0599 0485 0510 0.581 0.700  0.654 0.692 0.664
Overall Temporal 0.747  0.719 0.745 0.719 0.769  0.612 0.682 0.639 0.616 0480 0.505 0.582 0.720  0.652 0.685 0.652
SOFA score | Correction 1 | 0.713  0.760 0.724  0.753 0473  0.675 0.652 0.737 0421  0.537 0.508 0.568 0.773  0.700 0.663 0.679
increase Correction2 | 0.716  0.728 0.736  0.755 0519 0.640 0.664 0.751 0475 0498 0517 0572 0.759  0.666 0.667 0.675
Correction 3 0.732  0.732 0.000 0.662 0.640 0.000 0.000 0.516 0.506 0.000 0.672  0.675
Random Forest
Task Feature AUROC Recall Fl1-score Accuracy
(oo,-1) [-1,0) [0,1) [1,4e0) | (oo, -1) [-1,0) [0,1) [1,400) | (-eo,-1) [-1,0) [0, 1) [1,+e0) | (-eo,-1) [-1,0) [0,1) [1,+eo)
Reference 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000  1.000
In-hospital Temp?ral 1.000 1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
mortality Correction 1 | 1.000  1.000 1.000  1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
Correction2 | 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
Correction 3 1.000  1.000 0.000  1.000 1.000 0.000 0.000 1.000 1.000 0.000 1.000 1.000
Reference 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
Respiratory Tempcjral 1.000  1.000 1.000  1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000
SOFA score Correction 1 | 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000  1.000
Correction2 | 1.000  1.000 1.000  1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000  1.000
Correction 3 1.000  1.000 0.000  1.000 1.000 0.000 0.000  1.000 1.000 0.000 1.000  1.000
Reference 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
Overall Temporal 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
SOFA score | Correction 1 | 1.000  1.000 1.000  1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
increase Correction2 | 1.000 1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
Correction 3 1.000  1.000 0.000  1.000 1.000 0.000 0.000  1.000 1.000 0.000 1.000 1.000
XGBoost
Task Feature AUROC Recall Fl1-score Accuracy
(oo,-1) [-1,0) [0,1) [1,4e0) | (oo, -1) [-1,0) [0,1) [I,400) | (-eo,-1) [-1,0) [0, 1) [1,+e0) | (-eo,-1) [-1,0) [0,1) [1,+eo)
Reference 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
In-hospital Temp(_)ral 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
mortality Correction 1 | 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
Correction2 | 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
Correction 3 1.000  1.000 0.000  1.000 1.000 0.000 0.000  1.000 1.000 0.000 1.000 1.000
Reference 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000
Respiratory Temporal 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000  1.000
SOFA score Correction 1 | 1.000  1.000 1.000  1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000  1.000 1.000  1.000 1.000  1.000
Correction2 | 1.000  1.000 1.000  1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
Correction 3 1.000  1.000 0.000  1.000 1.000 0.000 0.000  1.000 1.000 0.000 1.000 1.000
Reference 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000
Overall Temporal 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 0.999 1.000  1.000 1.000 1.000
SOFA score | Correction 1 | 1.000  1.000 1.000 1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 0.998 1.000  1.000 1.000 0.999
increase Correction2 | 1.000  1.000 1.000  1.000 1.000  1.000 1.000 1.000 1.000  1.000 1.000 0.996 1.000  1.000 1.000 0.997
Correction 3 1.000  1.000 0.000  1.000 1.000 0.000 0.000  1.000 1.000  0.000 1.000  1.000
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Complete results

Table B.21: Fairness metrics in the training set, in the Thermometry study.

86

LR RF XGBoost
Task Feature Demographic  Equalized Demographic  Equalized Demographic  Equalized
parity odds ratio parity odds ratio parity odds ratio
difference difference difference
Reference 0.188 0.646 0.196 1.000 0.196 1.000
In-hospital Temp(.)ral 0.184 0.562 0.196 1.000 0.196 1.000
mortality Correction 1 0.178 0.627 0.196 1.000 0.196 1.000
Correction 2 0.188 0.620 0.196 1.000 0.196 1.000
Correction 3 0.187 0.596 0.196 1.000 0.196 1.000
Reference 0.248 0.291 0.305 1.000 0.305 1.000
Respiratory Tempc.)ral 0.244 0.291 0.305 1.000 0.305 1.000
SOFA score Correction 1 0.226 0.261 0.305 1.000 0.305 1.000
Correction 2 0.229 0.275 0.305 1.000 0.305 1.000
Correction 3 0.233 0.272 0.305 1.000 0.305 1.000
Reference 0.162 0.628 0.202 1.000 0.202 0.900
Overall Temporal 0.181 0.600 0.202 1.000 0.202 0.900
SOFA score | Correction 1 0.166 0.651 0.202 1.000 0.202 0.900
increase Correction 2 0.174 0.624 0.202 1.000 0.202 0.800
Correction 3 0.176 0.613 0.202 1.000 0.202 1.000

B.2.2 Test set
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B.2 Thermometry

he test set with LR, in the Thermometry study.

int

: AUROC and recall
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he Thermometry study.
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in the test set with LR

F1-score and accuracy

Table B.23
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Complete results

he Thermometry study.

int

in the test set with RF, i

F1-score and accuracy
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B.2 Thermometry

he Thermometry study.

,int

he test set with XGBoost

it

: AUROC and recall
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Complete results

in the Thermometry study.

,int

he test set with XGBoost

it

F1-score and accuracy

Table B.27
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Table B.28: Performance metrics across disparity groups in the test set with LR, in the Thermom-
etry study.

Task Feature AUROC Recall Fl-score Accuracy
) (-0, [-1,0) [0, 1) (1, (o0, [-1,0) [0, 1) [1, (o, [-1,0) [0, 1) (L, (-0, [-1,0) [0, 1) (1,
-1 +e0) 1) +0) 1) o) 1) +o0)
R 0.787 0811 0.775 0860 0.600 0.726 0.664 0.785 0.496 0582 0481 0615 0.751 0.749 0.693 0.721

0.798 0.815 0.778 0.865 0.633 0.736  0.681 0.742 0.512 0.581 0.499 0.629 0.745 0.745 0.706  0.760
T  P-value 0389 0312 0495 0419 0343 0.178 0343 0238 0343 0884 0.099 0521 0.685 0377 0.071 0.012

= 95% CI  (-0.04 (-0.01 (-0.01 - - - (- - - - (-0.04 (- - - - -
Té - - - 0.019 0.109 0.027 0.058 0.034 0.054 0.011 - 0.064 0.025 0.007 0.027 0.066
g 0.017)  0.004) 0.005) - - - - - - - 0.004) - - - - --
E 0.009) 0.042) 0.006) 0.022) 0.119) 0.021) 0.013) 0.035) 0.036) 0.016) 0.001) 0.011)
B 0819 0.775 0804 0.770 0.683 0.718 0.715 0508 0.559 0.527 0551 0354 0.672 0.707 0.737  0.605
.E Cl  P-value 0.784 0223 0.097 0208 0.533 0.889 0281 0.057 0.652 0.227 0.030 0.023 0371 0.159 0.020 0.026
= 95% C1 (- - (- (- (- (- (- - - - - (0.045 (- (-0.02  (-0.08 (0.017
0289 0.027 0.063 0.065 0374 0.114 0.154 0.011 0369 0.041 0.131 - 0.111 - -- -
- -0.1) - - - - - - - - -- 0.475) - 0.104) 0.009) 0.216)
0.225) 0.006) 0.248) 0.207) 0.129) 0.05) 0.565) 0.243) 0.151) 0.008) 0.27)
0.823 0.798 0.804 0.755 0.683 0.713 0.719 0474 0.561 0.537 0556 0339 0.699 0.738 0.726 0.629
C2  P-value 0.734 0543 0.115 0.198 0.547 0.727 0226 0.041 0612 0.176 0.020 0.014 0485 0.614 0.069 0.191
95% CI (- - (- (- (- (- (- (0.015 (- (- (- 0.07  (-0.11 - (- (-
0.269 0.034 0.066 0.074 0.385 0.065 0.151 - 0345 0.024 0.135 - - 0.039  0.068 0.055
- - - - - - - 0.606) - - -- 0.482) 0.214) - - -
0.197) 0.06) 0.009) 0.288) 0.218) 0.09) 0.041) 0.215) 0.114) 0.015) 0.062) 0.003) 0.239)
0.793 0811 0.805 0.678 0.645 0.755 0.708 0.771 0.526 0.541 0.554 0588 0.673 0.745 0.722  0.660
C3  P-value 0.850 0993 0.100 0.060 0.782 0.528 0310 0.898 0810 0.243 0.034 0.828 0.206 0.792 0.047 0.462
95% CI (- (-0.05 (- (-0.01 (- (- (-0.14 - (- (- (-0.14 (- - - (- (-0.12
0.268 - 0.067 - 0.404  0.131 - 0222 0312 0.033 -- 0.247  0.051 0.031 0.058 -
- 0.051) - 0.386) - - 0.05) - - - 0.007) - - - --0.0) 0.244)
0.226) 0.007) 0.313) 0.072) 0.25) 0.251) 0.116) 0.302) 0.207) 0.039)
R 0.804 0873 0.854 0779 0.605 0.789 0.729 0.684 0.587 0.779 0.685 0.668 0.815 0.839 0817 0.765
0.833 0.873 0.849 0.764 0.751 0.797 0.687 0571 0.663 0.776 0.663 0.600 0.797 0.834 0.811 0.742
o T  P-value 0425 0976 0288 0430 0.182 0.519 0.049 0.030 0.309 0510 0.179 0.177 0.546 0.298 0.435 0.498
3 95% CI (- (- - - - - 0.0- (0.014 (- (- (- (- (- - (-0.01  (-0.05
2 0.105 0.008 0.005 0.026 0.374 0.032 0.084) - 0235 0.008 0.012 0.037 0.048 0.005 - -
% - - - - - - 0.212) - - - - - - 0.022) 0.095)
V;‘ 0.048) 0.007) 0.014) 0.056) 0.082) 0.018) 0.083) 0.015) 0.056) 0.173) 0.085) 0.014)
g 0.905 0886 0.860 0.646 0.871 0.773 0.730 0.600 0.783 0.775 0.712 0570 0.810 0.829 0815 0.813
=l Cl  P-value 0274 0393 0.743 0200 0.121 0.572 0983 0.569 0237 0.882 0.354 0483 0921 0.726 0.881 0.457
&"3 95% ClL (- (- (- (- (- (- (- (- (- (- (-0.09 (- (- (- (- (-0.19
0.253  0.048 0.047 0.094 0.616 0.047 0.062 0238 0.546 0.061 - 0.206 0.118 0.052  0.026 -
- - - - - - - - - - 0.036) - - - - 0.093)
0.082) 0.021) 0.035) 0.374) 0.086) 0.08) 0.061) 0.406) 0.154) 0.07) 0.403) 0.129) 0.072) 0.03)

0.896 0853 0.867 0593 0.817 0.738 0.737 0483 0.748 0.740 0.711 0472 0818 0.827 0811 0.794
C2  P-value 0406 0.052 0485 0.085 0.286 0.056 0.747 0.163 0408 0.067 0351 0.179 0966 0362 0.672 0.683

95%Cl (- (00- ¢ ¢ ¢ ¢ ¢ e
0.278 0.041) 0.052 0.036 0.633 0.002 0.061 0.098 0.578 0.003 0.08 0.108 0.168 0.016 0.023 0.187

- - B - - - -0.5) - B - - - - N B
0.125) 0.027) 0.422) 0.21) 0.104) 0.045) 0.258) 0.082) 0.034) 0.499) 0.162) 0.04) 0.035) 0.128)

0843 0854 0873 0728 0745 0721 0.753 0742 0772 0680 0750 0620 0821 0.797 0.838 0.726
C3 Povalue 0682 0208 0270 0472 0444 0104 0446 0463 0297 0021 0056 0.48 0934 0093 0.145 0.525
95% CI - - - - - - - - - (0.019 - - - - - -

0248 0013 0056 0103 0534 0017 0091 0228 0.561 ~ 0132 0101 0151 0009 0052 0.094

. . . . . . . . - 018 - - - - - -

0.172) 0.05) 0018) 0205 0255 0.153) 0.043) 0.113) 0.193) 0.002) 0.196) 0.14) 0.092) 0.009) 0.171)

R 0.748 0.677 0.710 0.634 0.587 0.582 0.628 0.541 0321 0454 0477 0501 0563 0.634 0.672 0.633

0.744  0.677 0.714 0.628 0.637 0.559 0.673 0.565 0399 0439 0492 0510 0.637 0.628 0.669 0.627
T  P-value 0362 0851 0515 0222 0343 0.167 0.167 0.179 0.138 0201 0410 0.604 0.016 0271 0.746 0.679

9s%Cl - ¢ - ¢ ¢ ¢ 006 - 03 €
0.007  0.006 0.015 0.004 0.163 0.012 0.113 - 0.187  0.009 0.053 0.046 -- 0.006 0.018 0.022

- - - - - - - 0013) - B - - 0018) - N B
0.016) 0.005) 0.008) 0.016) 0.063) 0.058) 0.023) 0.031) 0.038) 0.024) 0.028) 0.019) 0.024) 0.033)

0658 0.685 068 0708 0250 0516 0.609 0447 0.183 0396 0474 0379 0690 0637 0641 0.668

Cl P-value 0867 0870 0422 0861 0051 0526 0697 0527 0201 0463 0947 0360 0015 0942 0203 0.730
L O O O O O O O O O CHN CHNE CHNY CRNY GRS
0237 0.122 0043 0239 0001 0.161 008 0229 008 0112 0089 0.164 0222 0078 -  0.26]

0.082)

Overall SOFA score increase

0.274) 0.105) 0.094) 0.276) 0.675) 0.293) 0.124) 0.417) 0.362) 0.227) 0.095) 0.407) 0.031) 0.073) 0.19)

0.686 0.669 0.710 0.618 0.350 0.546 0.651 0443 0250 0443 0473 0389 0.678 0.638 0.629 0.749
C2  P-value 0.652 0.771 1.000 0.587 0.108 0406 0.666 0.507 0.525 0.805 0.931 0.408 0.022 0.870 0.122 0.119

95%CI (- - - - ¢ ¢ - - - ¢ ¢ ¢ 021 - (027
0.125 0.048 0.061 0.267 0.063 0.058 0.139 0.223 0.171 0.082 0.095 0.179 -- 0.058 0.014 -
. . . N - - . . . N - o002 - S0.1)  0.037)
0.187) 0.062) 0.061) 0.411) 0.537) 0.132) 0.093) 0.419) 0.313) 0.103) 0.102) 0.403) 0.05)

0.628 0686 0708 0653 0275 0540 0632 0429 0257 0438 0490 0362 0679 0657 0635 0725
C3  Pvalue 0549 0707 0919 0682 0034 0230 0927 0444 0587 0632 0682 0256 0.187 0306 0080 0235
95% CI (- (- (- (- (0.029 (- (- (- (- (- (- (-0.12 (- (- (- (-
0.194 0061 0056 0156 - 0032 009 0206 0193 0058 0085 - 0298 0068 0005 0256

- - - - 059%) - - - - - - 039 - - - -

0331) 0.043) 0.061) 0.223) 0.116) 0.088) 0432) 0322) 0.09) 0.058) 0.067) 0.024) 0.078) 0.072)
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Table B.29: Performance metrics across disparity groups in the test set with RF, in the Thermom-

etry study.
Task Feature AUROC Recall Fl-score Accuracy
(o, [-1,0) [0, 1) (1, (oo,  [-1,O) [0, 1) [1, (o0, [-1,0) [0, 1) [1, (o0, [-1,0) [0, 1) [1,
-1) ) to0) A1) to0) -1 +00)
R 0773 0.814 0.785 0.832 0.140 0.221 0253 0.285 0.183 0.318 0333 0.371 0768 0.784 0.793 0.734
0.822 0.804 0.754 0.833 0348 0.277 0249 0.271 0321 0357 0323 0351 0757 0.785 0.786 0.741
T P-value 0.362 0445 0.011 0967 0.168 0.119 0.821 0.604 0278 0.293 0.717 0502 0.768 0.830 0.635 0.639
z 95% CI (- (- (0.009 (- (- (- (-0.03 (- (-0.41 (- (-0.05 (- - (- - -
_g 0.162  0.017 - 0.038 0523  0.129 - 0.043 - 0.116 - 0.045 0.071 0.017 0.027 0.043
g - - 0.053) - - - 0.037) - 0.133) - 0.07) - - - - -
e 0.065) 0.036) 0.036) 0.106) 0.017) 0.07) 0.039) 0.086) 0.094) 0.014) 0.042) 0.028)
& 0742 0.769 0807 0.816 0.125 0.284 0266 0.290 0.133 0.345 0363 0.302 0.663 0.783 0.793 0.767
;? Cl P-value 0.764 0.157 0.098 0.986 0905 0454 0.695 0.975 0.739 0.774 0462 0.689 0.131 0978 0.965 0.698
= 95% CI (- (- (- (- (- (- (- (- (- (- (- (- (- (- (- (-0.22
0.196 0.021 0.048 0.223 0262 0.243 0.086 0.379 0276 0.233 0.115 0.306 0.038 0.064 0.035 -
- - - - - - - - - - - - - - - 0.154)
0.258) 0.11) 0.005) 0.22) 0.292) 0.118) 0.06) 0.368) 0.375) 0.179) 0.057) 0.443) 0.249) 0.066) 0.036)
0.784 0.813 0.790 0.824 0.142 0299 0.202 0240 0.185 0387 0.283 0271 0.701 0810 0.762 0.797
Cc2 P-value 0905 0975 0.796 0.940 0990 0.155 0.131 0.751 0987 0255 0.174 0477 0.296 0.110 0.088 0.474
95% CI (- - (- (- (- - (- - (- - - - (-0.07  (-0.06 - (-
0208 0.048 0.048 0.214 0275 0.192 0018 0.264 0353 0.197 0.027 0.205 - - 0.006 0.256
- - - - - - - - - - - - 0.205)  0.007) - -
0.187) 0.05) 0.038) 0.228) 0.272) 0.036) 0.119) 0.354) 0.348) 0.059) 0.127) 0.405) 0.068) 0.129)
0.702 0.802 0.797 0.742 0.173 0310 0.231 0310 0.155 0375 0328 0.282 0.638 0.805 0.768 0.548
C3 P-value 0.630 0496 0.333 0337 0.808 0.031 0.695 0.873 0.794 0.214 0936 0542 0.042 0257 0233 0.075
95% ClI (- (- (- (- (- (- (- (- (- (- (- (- (0.006 (- (- (-
0212 0.026 0.036 0.111 0327 0.168 0.098 0.371 0206 0.152 0.145 0.229 - 0.063  0.019 0.023
- - - - - - - - - - - - 0.255) - - -
0.33) 0.049) 0.014) 0.287) 0.262) -0.01) 0.14) 032) 0261) 0.039) 0.156) 0.407) 0.019) 0.069) 0.393)
R 0.891 0911 0883 0.828 0.710 0.707 0.655 0.608 0.734 0.771 0.713 0.640 0.876 0.849 0859 0.778
0903 0.906 0.881 0.835 0.657 0.716 0.641 0.526 0.690 0.778 0.704 0.565 0.860 0.853 0.857 0.731
) T P-value 0.601 0.151 0.684 0.671 0.182 0370 0.305 0217 0.170 0368 0414 0204 0.179 0455 0.672 0.138
S 95% CI - (- (- (- (-0.03  (-0.03 (- (- (- (- (- - - - (-0.01 -
<m 0.058 0.002 0.008 0.046 - - 0.015 0.058 0.023 0.024 0.014 0.049 0.008 0.016 - 0.018
Lé - - - - 0.137) 0.012) - - - - - -0.2) - - 0.014) -
2 0.036) 0.012) 0.011) 0.031) 0.042) 0.221) 0.11) 0.01) 0.032) 0.038)  0.008) 0.113)
g 0954 0923 0891 0.748 0498 0.679 0.676 0.508 0519 0.773 0.728 0.516 0.764 0.855 0844 0.794
£ Cl P-value 0240 0457 0522 0.399 0331 0444 0397 0434 0303 0963 0461 0346 0.122 0749 0.095 0.693
ca:i 95% CL  (-0.14 (- (- (-0.16 (- (- (- (- (- (- (- (- (- (- (- (-
- 0.045  0.036 - 0255 0.05s1 0.076 0.175 0229 0.073 0.059 0.159 0.036 0.051 0.003 0.104
0.04) - - 0.356) - - - - - - - - - - - -
0.022) 0.019) 0.678) 0.107) 0.033) 0.374) 0.658) 0.07) 0.029) 0.408) 0.258) 0.038) 0.035) 0.072)
0948 0.888 0908 0.785 0.717 0.670 0.679 0.417 0.717 0.747 0.730 0.437 0.845 0850 0.846 0.806
Cc2 P-value 0.319 0.017 0.132 0381 0975 0.111 0438 0.130 0931 0294 0.509 0.169 0.628 0918 0.351 0.581
95% CI (- (0.005 (-0.06 (- (- (-0.01 (- (- (- (- (- (- (- (- (- (-
0.139 - - 0.087 0.459 - 0.093 0.068 0394 0.025 0.072 0.104 0.108 0.034 0.017 0.138
- 0.042)  0.009) - - 0.085) - - - - - - - - - -
0.051) 0.197)  0.446) 0.044) 0.451) 0.426) 0.073) 0.038) 0.511) 0.17) 0.031) 0.042) 0.082)
0942 0896 0907 0.792 0.741 0.685 0.723 0.617 0.800 0.748 0.776 0.589 0.833 0.861 0.867 0.740
C3 P-value 0.539 0221 0.083 0.605 0.825 0.528 0.081 0.889 0.570 0.492 0.039 0470 0416 0.582 0.621 0.462
95%CL (- (- (- (- (- (- (- (- (- (-0.05 (- (- (-0.07 (- (- (-
0.135  0.011 0.052 0.115 0331 0.054 0.147 0.151 0.321 - 0.121  0.102 - 0.063  0.042 0.075
- - - - - - - - - 0.096) -- - 0.154) - - -
0.077) 0.041) 0.004) 0.187) 0.27) 0.098) 0.01) 0.133) 0.188) 0.004) 0.204) 0.038) 0.027) 0.152)
R 0.764 0.673 0.696 0.649 0253 0.107 0.088 0.144 0250 0.174 0.151 0.211 0760 0.749 0.774 0.693
° 0.802 0.690 0.713 0.650 0.158 0.121 0.068 0.127 0.157 0.193 0.118 0.183 0.746 0.756 0.763  0.683
g T P-value 0449 0291 0.346 0982 0.394 0479 0.141 0557 0437 0499 0.139 0519 0329 0340 0.025 0.180
3 95% CI (- (- (- (- (- (- (- (- (- (-0.08 (- (- (- - (0.002 (-
© 0.143  0.051 0.055 0.121 0.145 0.056 0.008 0.045 0.166 - 0.013 0.068 0.017 0.023 - 0.006
g - - - - - - - - - 0042) - - - - 0.02) -
é 0.069) 0.017) 0.022) 0.119) 0.335) 0.028) 0.049) 0.078) 0.353) 0.078) 0.125) 0.047) 0.009) 0.026)
Lc“) 0.621 0.679 0.693 0.814 0.000 0.092 0.097 0.046 0.000 0.135 0.167 0.072 0.783 0.763 0.747 0.739
2 Cl P-value 0245 0.875 0921 0.173 0.082 0.816 0.723 0.066 0.057 0.660 0.678 0.081 0.730 0.542 0.051 0.614
g 95% CI (- (- (- (- (-0.04 (- (- (- (- (- (- (- (- (- (-0.0- (-
3 0.125 0.084 0.053 0.527 - 0.124  0.064 0.008 0.009 0.155 0.102 0.021 0.166 0.061 0.056) 0.245
- - - - 0.546) - - - - - - - - - -
0.405) 0.072) 0.058) 0.124) 0.153) 0.046) 0.204) 0.509) 0.233) 0.069) 0.299) 0.121) 0.034) 0.153)
0.791  0.677 0.688 0.773 0.000 0.106 0.100 0.000 0.000 0.176 0.172 0.000 0.753 0.744 0.759  0.680
Cc2 P-value 0998 0.907 0.771 0.293 0.082 0967 0.684 0.044 0.057 0957 0.632 0.032 0931 0780 0302 0916
95% CI (- (- (- (- (-0.04 (- (- (0.005 (- (- (- (0.023 (- (- (- (-
0203 0.063 0.054 0.755 - 0.047  0.073 - 0.009 0.075 0.117 -04) 0.179 0.034 0.016 0.262
- - - - 0.546) - - 0.283) - - - - - - -
0.202) 0.057) 0.07) 0.297) 0.049)  0.05) 0.509) 0.072) 0.075) 0.194) 0.044) 0.046) 0.289)
0.665 0.679 0.713 0.763 0.000 0.104 0.119 0.000 0.000 0.176 0.193 0.000 0.777 0.765 0.742 0.713
C3 P-value 0.086 0.884 0.408 0473 0.082 0880 0.373 0.044 0.057 0957 0406 0.032 0.848 0.290 0.097 0.827
95% CI (- (- (- (- (-0.04 (- (- (0.005 (- (- (- (0.023 - (- (- (-
0.022 0.093 0.062 0.525 - 0.042 0.104 - 0.009 0.075 0.152 -04) 0212 0.047 0.007 0219
- - - - 0.546) - - 0.283) - - - - - - -
0.246) 0.082) 0.028) 0.275) 0.048) 0.043) 0.509) 0.072) 0.068) 0.178) 0.016) 0.071) 0.18)
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Table B.30: Performance metrics across disparity groups in the test set with XGBoost, in the
Thermometry study.

Task Feature AUROC Recall Fl-score Accuracy
) (-0, [-1,O) [0, 1) [1, (-0, [-1,0) [0, 1) [1, (oo, [-1,0) [0, 1) [1, (oo,  [-1,O) [0, 1) [1,
-1 ) +e) D) +e) D) +e0)
R 0.780 0.769 0.774 0.792 0487 0422 0454 0.581 0413 0442 0464 0.547 0761 0.760 0.767 0.738

0712 0774 0.755 0.813 0490 0434 0406 0.608 0.446 0459 0437 0591 0764 0.766 0.773  0.763
T P-value 0.165 0592 0.204 0.019 0954 0.628 0.038 0.183 0.557 0423 0.096 0242 0910 0.561 0.616 0.310

z 95% CI (- - (- - (- - (0.003 - (- - (- - - (- - (-
E 0034 0028 0012 0038 0129 0067 - 0069 0159 0064 0006 0.121 0053 0029 0.029 0.078
g - - - -- - - 0092) - - - - - - - - -
s 0.171) 0.017) 0.049) 0.004) 0.122) 0.043) 0.015) 0.092) 0.029) 0.06) 0.035) 0.048) 0.017) 0.018) 0.028)
B 0734 0805 0785 0735 0292 0478 0458 0457 0213 0471 0487 0365 0603 0.763 0.784 0.094
2 Cl  Pvalue 0675 0080 0438 0769 0196 0471 0898 0510 0219 0631 0454 0239 0071 0888 0358 0.639
= 95% CI - - - - - - (- - (- - - - - (-0.05 - (-
0.95 0079 0042 0203 0121 0223 0074 028 0.142 0.58 008 0.145 0017 - 0057 0.161
- - - - - - - - - - - - - 0044 - -
0.287) 0.005) 0.02) 0263) 0.511) 0.112) 0.066) 0.534) 0541) 0.101) 0043) 0511) 0333) 0.023) 0.249)
0768 0792 0776 0788 0392 0464 0428 0323 0371 0472 0462 0285 0702 0782 0762 0663
C2  Povalue 0906 0353 0924 0969 0589 0429 0531 0124 0827 0550 0962 0065 0409 0281 0.806 0.444
95% C1 - - - - - - - - - - - (-0.02 - - - -
0222 0076 0046 0261 0289 0156 0064 0086 0381 0.37 0081 - 0094 0065 0042 0.137
- - - - - - - - - - - 0545) - - - -
0248) 0.03) 0042) 027) 048) 0.072) 0.116) 0.602) 0465) 0.078) 0.085) 0212) 0.021) 0.053) 0.287)
0810 0785 0777 0722 0303 0469 0437 0631 0246 0457 0476 0529 0.629 0.788 0.764 0.652
C3  Pvalue 0588 0473 0743 0489 0121 0515 0710 0714 0051 0825 0.684 0844 0065 0206 0.886 0.350
95% C1 (- (- (- (-0.14 (- - (- - (- - - - (-0.01 (- - (-
0278 0066 0025 - 0059 0204 0083 0349 0001 0.167 0079 0.8 - 0076 0045 0.111
- - - 0269 - - - - - - - - 0275 - - -
0.169) 0.033) 0.018) 0427) 0.11) 0.117) 0249) 0.333) 0.137) 0.054) 0.223) 0.019) 0.051) 0.283)
R 0839 0893 0880 0850 0718 0764 0707 0683 0692 0.780 0.711 0.675 0832 0846 0847 0.785
0860 0891 0886 0825 0701 0761 0702 0655 0699 0.782 0.728 0.656 0.838 0847 0862 0.778
8 T  Pvalue 0146 0712 0435 0328 0636 0919 0682 0729 0801 0933 0.106 0801 0826 0931 0027 0.846
8 95% CI  (-0.05 - (- - (- - (- - (- - (-0.04 - - (- - (-
= © 0006 0024 0029 0063 0064 0023 0151 0074 0051 - 0142 0064 0032 0028 0076
5 0.009) - . B N B . . N - 0005) - N - - .
2 0.008) 0.011) 0.079) 0.098) 0.07) 0034) 0207) 0.059) 0.048) 0.179) 0.052) 0.029) 0.002) 0.091)
S 0910 0892 0886 0836 0712 0749 0738 0625 006 0.794 0.751 0628 0838 0860 0847 0812
5 Cl  Pvalue 0429 0988 0666 0584 0976 0721 0328 0657 0942 0709 0.129 0721 0936 0536 0977 0.664
é 95% CIL  (-0.24 - - - - - (- - (- - - - (-0.17 (- - (-
- 0045 0036 0.144 0446 0079 0.098 0229 0438 0092 0095 0241 - 0064 0023 0.161

0.113) - - - 0.158) -

0.045) 0.024) 0.236) 0459) 0.11) 0.036) 0.345) 0.41) 0.065) 0.014) 0.334) 0.035) 0.022) 0.108)

0.853 0.887 0.887 0.772 0.708 0.744 0.748 0533 0.716 0.772 0.753 0.532 0.845 0.854 0.847 0.789
C2 P-value 0.947 0.614 0.639 0292 0963 0399 0.073 0351 0899 0731 0.105 0.385 0.864 0.544 0981 0.951

95% CI  (-0.23  (-0.02 (- (- (-0.44 - (- (- (- (- - (-0.21  (-0.18 (- (- (-
- - 0.042  0.105 - 0.031 0.087 0.195 0448 0.047 0.095 - - 0.038 0.029 0.159

0.217) 0.032) - - 0.459) - - - - - - 0.494) 0.154) - - -
0.027) 0.294) 0.072) 0.005) 0.495) 0.399) 0.064) 0.011) 0.021) 0.028) 0.15)

0.866 0.875 0900 0.833 0.780 0.717 0.746 0.792 0.825 0.731 0.760 0.686 0.842 0.840 0.852 0.740
C3 P-value 0.864 0204 0.171 0821 0.659 0.030 0.374 0265 0270 0.035 0.195 0.887 0.845 0.643 0.790 0.447

95% CI (- (- (-0.05 (- - (0.006 - (- (-0.39  (0.004 - (-0.19  (-0.12  (-0.02 (- -
0224  0.012 - 0.145  0.368 - 0.132 0315 - - 0.129 - - - 0.042  0.084
- - 0.01) - - 0.089) - - 0.123)  0.095) - 0.167) 0.101) 0.031) - -
0.193)  0.047) 0.179) 0.244) 0.055) 0.098) 0.03) 0.033) 0.174)
R 0.781 0.655 0.682 0.548 0312 0339 0364 0335 0366 0385 0400 0379 0782 0.728 0.735 0.658

0.767 0.657 0.681 0579 0.587 0409 0337 0256 0554 0419 0384 0318 0801 0710 0.745 0.680

T P-value 0.664 0.848 0.892 0442 0.056 0.107 0232 0027 0125 0370 0462 0.125 0454 0249 0577 0.348
95%ClL (- (- (- (- (- (- o - 003 ( (- - S S
0.054 0019 0024 0122 0558 0.158 0.021 0441  0.115 0.021 0072 0.015 0048 0.072

- - - - - - - - - 0062 - - - -
0.081) 0.016) 0.027) 0.058) 0.008) 0.018) 0.074) 0.064)  0.047) 0.144) 0.035) 0.052) 0.029) 0.028)

0.146)

0.696 0.662 0.661 0.819 0325 0332 0350 0.207 0340 0363 0393 0267 0.769 0.728 0.721 0.721

Cl P-value 0.629 0909 0208 0.169 0.950 0932 0.692 0.206 0.907 0.813 0.841 0326 0.898 0.990 0410 0.352
95%CL (- (- (- (- (- (- (- (- (- (- (- (- (- - (- -

0205 0.134 0015 0.652 0476 0.187 0.062 0.084 0457 0.182 0069 0.132 0212 0.087 0.023 0.208

Overall SOFA score increase

0.313) 0.121) 0.058) 0.15) 0.449) 0.203) 0.09) 0.34) 0.509) 0.226) 0.083) 0.356) 0.239) 0.088) 0.052) 0.082)

0674 0690 0678 0855 0475 0346 0371 0.180 0400 0388 0418 0219 0730 0719 0745 0.632
C2  Pwvalue 0325 0316 0888 0.115 0271 0903 0882 0074 0833 0950 0698 0124 0455 0.691 0726 0.717
95% C1 - - - - - (-0.13 - - - - - - - - - -

0132 0109 0064 0826 0478 - 0103 0019 0389 0.125 0122 0053 0099 0042 0071 0133

- - - - - o116 - - - - - - - - - -

0345 0.039) 0.073) 0.132) 0.152) 009) 0328) 0321) 0.118) 0085 0.374) 0.204) 0.061) 0.052) 0.185)

0.649 0.647 0.688 0.741 0250 0328 0325 0.098 0247 0352 0391 0.154 0785 0.725 0.726 0.657
C3 P-value 0.198 0871 0.828 0.170 0.775 0866 0.155 0.040 0.569 0.628 0.801 0.097 0.973 0901 0.584 0.986
95% Cl1 (- (- - (- - (- - (0.014 (- - - (-0.05 - (- (-0.03 (-
0.076  0.098 0.061 0411 0412 0.135 0.018 - 0336 0.115  0.063 - 0.201  0.049 - 0.127
0.46) 0.501) - - 0.05) -
0.195) 0.054) 0.129)

0.296) 0.113) 0.05) 0.091) 0.536) 0.157) 0.096) 0.574) 0.18)  0.08)
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Complete results

in the test set by hidden hypothermia, normothermia and hidden

1CS

Performance metr

fever, with LR.

Table B.31
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B.2 Thermometry

in the test set by hidden hypothermia, normothermia and hidden

1CS

: Performance metr

Table B.32

fever, with RF.
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Complete results

in the test set by hidden hypothermia, normothermia and hidden

1CS

: Performance metr

Table B.33

fever, with XGBoost.
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B.2 Thermometry 99
Table B.34: Fairness metrics in the test set, in the Thermometry study.
Task Feature LR RF XGBoost
Demographic Equalized odds Demographic Equalized odds Demographic Equalized odds
parity ratio parity ratio parity difference ratio
difference difference
R 0.559 0.009 0.384 0.000 0.472 0.009
0.527 0.009 0.400 0.000 0.444 0.011
T | P-value 0.116 0.612 0.444 0.343
= 95% CI | (-0.01 - 0.074) (0.0 - 0.0) (-0.087 - 0.054) (0.0 - 0.0) (-0.051-0.106)  (-0.006 - 0.002)
§ 0.532 0.009 0.420 0.000 0.481 0.000
E Cl | P-value 0.034 0.179 0.768 0.343
= 95% CI | (0.003 -0.051) (0.0-0.0) (-0.092 - 0.02) (0.0-0.0) (-0.076 - 0.058)  (-0.011 - 0.029)
& 0.532 0.009 0.389 0.000 0.500 0.004
n? C2 | P-value 0.080 0.873 0.485 0.343
= 95% CI | (-0.004 - 0.057) (0.0-0.0) (-0.084 - 0.073) (0.0-0.0) (-0.114 - 0.059)  (-0.006 - 0.015)
0.551 0.009 0.399 0.000 0.458 0.007
C3 | P-value 0.178 0.647 0.789 0.343
95% CI | (-0.005 - 0.022) (0.0-0.0) (-0.091 - 0.06) (0.0-0.0) (-0.096 - 0.122)  (-0.003 - 0.007)
R 0.540 0.062 0.542 0.023 0.510 0.025
0.465 0.057 0.490 0.015 0.515 0.016
) T | P-value 0.088 0.206 0.384 0.343 0.913 0.343
§ 95% CI | (-0.014 - 0.163)  (-0.003 - 0.014) | (-0.077 - 0.181)  (-0.01-0.025) | (-0.096 - 0.087) (-0.011 - 0.029)
< 0.515 0.025 0.481 0.026 0.527 0.015
8 Cl | P-value 0.232 0.196 0.356 0.832 0.504 0.343
2 95% CI | (-0.019-0.07)  (-0.023-0.097) | (-0.08-0.202)  (-0.034-0.028) | (-0.071-0.038) (-0.013-0.033)
fg 0.519 0.050 0.492 0.023 0.534 0.020
2 | C2 | P-value 0.528 0.343 0.415 0.223 0.343
&"3 95% CI | (-0.051-0.092) (-0.015-0.039) | (-0.081-0.18) (0.0-0.0) (-0.065 - 0.017)  (-0.006 - 0.017)
0.523 0.025 0.531 0.010 0.558 0.013
C3 | P-value 0.621 0.196 0.245 0.343 0.168 0.343
95% CI | (-0.057-0.091) (-0.023 - 0.097) | (-0.009 - 0.032) (-0.016 - 0.041) | (-0.119-0.024) (-0.016 - 0.041)
R 0.526 0.068 0.152 0.000 0.246 0.000
° 0.498 0.091 0.126 0.000 0.299 0.000
g T | P-value 0.086 0.181 0.350 0.262
g 95% CI | (-0.005 - 0.061) (-0.059 - 0.013) | (-0.034 - 0.086) (0.0-0.0) (-0.154 - 0.047) (0.0-0.0)
> 0.518 0.068 0.130 0.000 0.377 0.000
§ Cl | P-value 0.181 0.441 0.038
A 95% CI | (-0.004 - 0.019) (0.0 - 0.0) (-0.04 - 0.084) (0.0 - 0.0) (-0.253 - -0.009) (0.0 - 0.0)
% 0.502 0.088 0.122 0.000 0.312 0.000
2 C2 | P-value 0.097 0.171 0.259 0.133
g 95% CI | (-0.005-0.052)  (-0.05-0.01) | (-0.027 - 0.089) (0.0-0.0) (-0.157 - 0.024) (0.0-0.0)
3 0.470 0.099 0.135 0.000 0.348 0.000
C3 | P-value 0.080 0.188 0.509 0.067
95% CI | (-0.008-0.12)  (-0.08 - 0.018) | (-0.041 - 0.076) (0.0-0.0) (-0.213 - 0.009) (0.0-0.0)
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