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Resumo

O monitoramento inteligente de pacientes, utilizando tecnologias como inteligéncia artifi-
cial e andlise de dados, oferece insights em tempo real sobre os riscos a saide do paciente,
melhorando o estado do paciente. A Unidade de Terapia Intensiva (UTI) tem se digital-
izado intensamente, acumulando vastos dados de pacientes a partir de registros eletronicos
de satide. No entanto, métricas essenciais como acuidade do paciente e niveis de dor muitas
vezes sao negligenciadas devido a observacao limitada da equipe. Com a equipe da UTI
sob grande estresse e muitos enfermeiros enfrentando esgotamento, o desafio de monitorar
manualmente extensos dados destaca a necessidade de técnicas avancadas de monitora-
mento. Acelerometros surgiram como uma solucao potencial, oferecendo monitoramento
continuo dos movimentos dos pacientes, qualidade do sono e deteccao precoce de condigoes
como sepse. Apesar de seu potencial, seu uso na avaliacao da dor e acuidade permanece
pouco explorado. Esta tese visa preencher essa lacuna, examinando se os acelerometros
podem fornecer indicadores precisos de dor e prever a deterioracao do paciente na UTI,

levando potencialmente a intervencoes oportunas e melhores resultados para o paciente.

Palavras-chave: acelerometro; UTI; classificacao de dor; acuidade.



Abstract

Intelligent patient monitoring, using technologies like artificial intelligence and data ana-
lytics, provides real-time insights into patient health risks, improving care outcomes. The
Intensive Care Unit (ICU) has greatly digitalized, accumulating vast patient data from
electronic health records. Yet, essential metrics like patient acuity and pain levels are
often overlooked due to limited staff observations. With ICU staff under significant stress
the challenge of manually monitoring extensive data emphasizes the need for advanced
monitoring techniques. Wearable accelerometers have emerged as a potential solution,
offering continuous monitoring of patient movements, sleep quality, and early detection
of conditions like sepsis. Despite their potential, their use in assessing pain and acuity
remains underexplored. This thesis aims to fill this gap, examining whether accelerom-
eters can provide accurate pain indicators and predict patient deterioration in the ICU,

potentially leading to timely interventions and better patient outcomes.

Keywords: accelerometers; ICU; pain classification; acuity assessment.
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Chapter 1

Introduction

Intelligent patient monitoring refers to integrating advanced technologies, such as artifi-
cial intelligence (AI), machine learning, and data analytics, into monitoring and managing
patient health. By leveraging real-time data from various sources, including medical de-
vices, electronic health records, cameras, environment sensors, and wearable sensors [90],
intelligent patient monitoring systems can analyze and interpret patient data to provide
valuable insights and early warning signs of potential health risks or deteriorations [29].
These systems can employ algorithms to detect patterns, anomalies, and trends, enabling
healthcare professionals to make timely and informed decisions regarding patient care.
With intelligent patient monitoring, healthcare providers can proactively identify and
address health issues, optimize treatment plans, and improve patient outcomes. This
technology has the potential to revolutionize healthcare by improving patient outcomes,
reducing healthcare costs, and enhancing the overall quality of care.

The Intensive Care Unit (ICU) is a specialized department within a hospital that
plays a vital role in saving lives and improving patient outcomes [2]. The primary goal
of the ICU is to deliver specialized and continuous care to stabilize and treat critically ill
patients, closely monitor their condition, and respond promptly to any changes [2]. The
ICU provides critical care and close monitoring for patients with severe or life-threatening
conditions [2]. An illustration of an intelligent ICU system is shown in Figure 1.1 extracted
from the work of Davoudi et al. [29].

The digitalization of the ICU through the widespread implementation of electronic
health records (EHRs) led to an increase in the information documented for each patient
in the ICU [19], including detailed physiological data, a variety of lab tests, and compre-
hensive medical history stored in EHRs [64]. However, certain crucial aspects of patient
care remain untracked through automated means. For instance, factors such as dynamic
assessment of patient acuity, pain assessment, patient sleep patterns, body positioning,
physical activity, mobility, and functional status are not continuously and comprehen-
sively monitored, necessitating either self-reporting or repetitive observations by ICU
nurses [97, 127], therefore being limited by the time constraints imposed on healthcare

providers.
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Figure 1.1: Figure extracted from the work of Davoudi et al. [29]. The Intelligent ICU
system uses pervasive sensing to collect patient data and environmental data. The system
includes wearable accelerometer sensors, a video monitoring system, a light sensor, and a
sound sensor.

1.1 Motivation

ICU physicians spend only 9.4% of their clinical time in direct patient contact [85]. Simi-
larly, most ICU nurses spend only 10% of their time on direct patient assessments of pain
and mobility [136]. Actually, physicians or nurses may not directly observe patients for
80% of their stay in an ICU. Additionally, research has demonstrated that self-reports
and manual observations can be influenced by subjectivity, have limited recall, are con-
ducted infrequently each day, and place a heavy workload on staff [40]. This absence of
thorough and ongoing monitoring can hinder the timely implementation of intervention
strategies [15, 36, 72, 110, 135]. Therefore, the comprehensive monitoring and assessment
of patients present an intricate challenge for healthcare professionals. With patients often
exhibiting multiple coexisting medical conditions, an array of interconnected physiolog-
ical variables, and the potential for rapid clinical deterioration, the demand for vigilant
observation is ceaseless. The result is personnel shortages and burnout.

Critical care teams are under significant work pressure [27]. Almost a third of
ICU nursing teams suffer from burnout [132]. High nursing workload is one factor in the
occurrence of life-threatening adverse events in the ICU [16, 75, 95, 129]. Additionally,
the human capacity to simultaneously monitor and interpret many data points is lim-
ited, and cognitive fatigue can impede the ability to detect subtle changes in a patient’s

condition [8]. In this context, adopting pervasive sensing techniques to monitor patients’
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functional and behavioral aspects within the ICU presents an opportunity for a more
comprehensive and continuous evaluation of their condition [8]. More importantly, these
systems can provide timely alerts when deviations from the norm are detected, allowing
healthcare providers to focus their expertise on critical decision-making and interven-
tion [8].

An important avenue of research in pervasive sensing in the ICU involves using
wearable accelerometers. These devices, designed often in the form of wristwatches, of-
fer several advantages, including their lightweight nature, non-invasive application, and
ease of use. Furthermore, they facilitate various computational analyses, pose no safety
or comfort concerns for the patient, and do not interfere with the clinical procedures
conducted within the ICU [102].

Accelerometer devices enable continuous monitoring of a patient’s movements, al-
lowing healthcare professionals to assess sleep quality and time [5, 33, 34, 87, 125], to
measure physical activity levels and intensity [52, 67, 74, 109], to recognize patients’
activities and duration [37, 44], to detect changes in patient positioning [31, 128]. Im-
portantly, accelerometers have shown promise in detecting sepsis [17], delirium [3], and
assessing acuity [121]. Additionally, accelerometers can be used for ambulation assessment
and rehabilitation progress monitoring in the ICU.

While accelerometers have shown potential in predicting clinical outcomes, there’s
a noticeable gap in recent studies exploring their use for outcomes like pain and acuity.
Additionally, there’s a significant demand for systems that avoid the privacy concerns

associated with vision-based monitoring [26].

1.2 Research Questions

Taking into account the gap in the literature regarding the employment of accelerome-
ter data in the prediction of pain or acuity assessment, the research questions for this

dissertation are:

e What potential do accelerometers have in assessing and quantifying pain

levels in ICU patients? This research question explores the feasibility of using

accelerometers to measure and evaluate pain levels in ICU patients. By analyzing
the movement data captured by these devices, the study aims to determine if there is
a correlation between physical activity and pain intensity, providing a non-invasive

method for pain assessment.

e In what ways might accelerometers aid in evaluating patient acuity in

the ICU setting? This research question investigates how accelerometers can

be utilized to assess the overall condition and severity of illness in ICU patients.
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The study examines whether movement patterns recorded by accelerometers can
provide insights into a patient’s acuity, potentially assisting healthcare providers in

monitoring and managing patient care more effectively.

1.3 Contributions

The goal of this Ph.D. journey is to leave contributions to the research field and the
community. Below, the main contributions are outlined. The ones we have already

accomplished are marked with filled symbols, while empty symbols mark our future goals.

% Conference paper with our pain classification pipeline (Chapter 4).

[116] Sena, J., Bandyopadhyay, S., Mostafiz, MT., Davidson, A., Guan, Z., Bar-
reto, J., Ozrazgat-Baslanti, T., Tighe, P., Schwartz, WR., Bihorac, A., & Rashidi, P.
(2023). Diurnal Pain Classification in Critically Ill Patients using Machine Learn-
ing on Accelerometry and Analgesic Data. In IEEE International Conference on

Bioinformatics and Biomedicine (BIBM).

% Journal paper with the extension of our acuity assessment approach (Chapter 5).

[118] Sena, J., Mostafiz, MT., Zhang, J., Davidson, A., Bandyopadhyay, S., Nerella,
S., Yuanfang, R., Ozrazgat-Baslanti, T., Shickel, B., Schwartz, WR,. Bihorac, A.,
& Rashidi, P. Wearable sensors in patient acuity assessment in critical care. In

Frontiers in Neurology.

B Paper with the preliminary experiments and analysis of our acuity assessment ap-
proach (Chapter 5).

[117] Sena, J., Mostafiz, M. T., Zhang, J., Davidson, A., Bandyopadhyay, S., Yuan-
fang, R., Shickel, B., Loftus, T., Schwartz, W. R., Bihorac, A., & Rashidi, P. (2023).

The Potential of Wearable Sensors for Assessing Patient Acuity in Intensive Care

Unit (ICU). ArXiv. /abs/2311.02251

B Poster with a proof of concept on pain classification using deep learning models.

Sena, J., Bandyopadhyay, S., Nerella, S., Rashidi, P., and Schwartz, WR. (2023).
Accelerometer-based Pain Prediction Using Transformers: A Proof Of Concept In
Critically Il Patients. In American Medical Informatics Association Informatics

Summit.

(] Journal paper surveying the recent literature regarding the use of accelerometers in

the ICU (Chapter 2 is heavily based on this manuscript).

Sena, J., Lopes, L., Lacerda, MNO., Magalhaes, H., Vilas Boas, D., Perez, L., Nery,
L., Bandyopadhyay, S., Rashidi, P., and Schwartz, WR. An FExploration of Recent
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Applications of Actigraphy in the Intensive Care Unit: A Comprehensive Study. To
be submitted.

Other contributions that were not directly related to this dissertation:

B [39] Nerella, S., Bandyopadhyay S., Zhang J., Contreras, M., Siegel, S., Bumin, A.,
Silva, B., Sena, J., Shickel, B., Bihorac, A., Khezeli, K., Rashidi, P. (2023). Trans-
formers and Large Language Models in Healthcare: A Systematic Review. Journal

submitted to Artificial Intelligence in Medicine. Under Review.

B [10] Bandyopadhyay, S., Cecil, A., Sena, J., Davidson, A., Guan, Z., Nerella, A.,
Zhang, J., Khezeli, K., Armfield, B., Bihorac, A., Rashidi, P. (2023). Predicting risk
of delirium from ambient noise and light information in the ICU. In arXiv preprint
arXiv:2303.06253.

B [51] Gongalves, GR., Sena, J., Schwartz, WR., Caetano, CA. (2022). Pizel-level
Class-Agnostic Object Detection using Texture Quantization. In Conference on
Graphics, Patterns and Images (SIBGRAPI).

B [115] Sena, J., Jordao, A., Schwartz, WR. (2021). A content-based late fusion
approach applied to pedestrian detection. In Journal of Visual Communication and

Image Representation.

B [114] Sena, J., Barreto, J., Caetano, C., Cramer, G., Schwartz, WR. (2020). Human
Activity Recognition based on Smartphone and Wearable Sensors Using Multiscale

DCNN Ensemble. In Neurocomputing.

B [18] Caetano, C., Sena, J., Brémond, F., Dos Santos, JA., Schwartz, WR. (2019).
Skelemotion: A new representation of skeleton joint sequences based on motion in-

formation for 3D action recognition. In IEEE International Conference on Advanced

Video and Signal-Based Surveillance (AVSS).

1.4 Outline

The remainder of this dissertation is structured as follows: After this introductory chap-
ter, Chapter 2 delves into the background concepts and provides an extensive literature
review, covering topics like patient monitoring using accelerometers, data pre-processing
techniques, machine learning methods, and the importance of interpretability in these
models. Chapter 3 discusses the key aspects of our data collection. Following this, Chap-
ter 4 outlines our pain classification methodology. Chapter 5 details the methodology

employed for acuity assessment. Finally, Chapter 6 presents our conclusions.
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Chapter 2

Literature Review

This chapter comprehensively reviews the existing literature on automated patient mon-
itoring using accelerometers. Given the limited number of studies that align closely with
our research, we have chosen to examine the entire task pipeline. In Section 2.1, we in-
troduce the accelerometer device and its applications in healthcare. Section 2.2 discusses
the data preprocessing applied to this data type. The role of artificial intelligence in the
healthcare setting is explored in Section 2.3. Section 2.4 emphasizes explainability’s cru-
cial role and relevance within the healthcare domain. These sections draw comparisons

with recent works focusing on the deployment of accelerometers in intensive care units.

2.1 Patient Monitoring Using Accelerometers

An accelerometer is an electromechanical device that accurately measures acceleration
forces experienced by objects due to motion or gravity. Accelerometers operate on the
principle of Newton’s second law of motion [92], which states that, in an inertial reference
frame, force (F) is directly proportional to mass (m) and acceleration (a) according to
the formula F' = ma. Accelerometers measure acceleration by assessing the force exerted
on a proof mass within the device when subjected to movement. Modern accelerometers
typically employ microelectromechanical systems (MEMS) technology, consisting of tiny,
microfabricated structures that can measure acceleration with high precision. A basic
accelerometer consists of a proof mass, a spring, and a transducer. When the accelerom-
eter accelerates, its mass moves in response to the applied force that is proportional to
the acceleration imposed on the accelerometer. This force induces stress on the spring,
resulting in an elastic deformation of the spring proportional to the force. The trans-
ducer, often based on piezoelectric or capacitive principles, converts this displacement
into an electrical signal proportional to the applied acceleration. Also, accelerometers
provide inclination sensing in response to gravity with respect to reference planes when
the accelerometers rotate.

Wearables, encompassing diminutive and unobtrusive accelerometers often tak-
ing the form of wristwatches, hold the distinct advantage of seamlessly integrating into

patients’ routines. This integration is achieved without compromising patient safety,
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comfort, or the smooth operation of ICU care procedures. This unobtrusive nature en-
sures that their presence does not disrupt the intricate operations concerning patient care
within the ICU environment. Additionally, their cost-effectiveness is noteworthy, offering
a readily available avenue for continuous sensory data capture. Its data, in turn, pro-
vides valuable insights spanning a spectrum of domains such as mobility patterns, sleep
quality, overall comfort, and levels of sedation experienced by the patients [131]. As tech-
nology advances, accelerometers will likely play an even more significant role in enhancing
healthcare delivery and patient outcomes.

Table 2.1 presents a comprehensive overview of recent studies conducted in the ICU
that utilize accelerometers for various monitoring and assessment purposes. The recent
application of accelerometers in the ICU encompasses a wide spectrum of healthcare
applications, including delirium detection, sleep monitoring, acuity assessment, posture
classification, activity recognition, and stroke detection.

The sampling rate of accelerometers, as indicated in Table 2.1 column 3, varies
across studies. While some studies provide specific sampling rates (e.g., 10 Hz, 30 Hz,
100 Hz), many do not. The time sampling intervals (indicated in column 4) also differ
significantly, ranging from as short as 1 second to as long as 24 hours. The sampling
rate and interval choice is influenced by each study’s specific requirements and the task’s
nature.

The number of accelerometers deployed (refer to column 5) in each study also
varies, ranging from one accelerometer to multiple devices. For instance, studies aiming
at assessing the motor state or activity recognition often employ multiple accelerometers
placed at different body parts to obtain a comprehensive view of patient movements.
In contrast, studies focused on simpler tasks such as step counting may use just one
accelerometer.

Column 6 specifies the body positions where accelerometers are placed for data
collection. These positions include wrists, ankles, elbows, upper arms, thighs, chest,
and even under the pillow. The objective task determines the choice of placement. For
example, wrist placement is common for sleep monitoring and activity recognition, while
ankle placement is suitable for step counting.

Table 2.1 underscores the growing importance of accelerometer technology in the
ICU. These devices offer healthcare professionals valuable insights into patient behavior,
mobility, and activity levels. This information can aid in the early detection of delirium [3],
assessment of neurological motor states [12], identification of sedentary behavior [52], and
monitoring of sleep patterns [5], among other applications. Furthermore, accelerometers
provide continuous data, allowing for real-time monitoring and more informed decision-

making in critical care settings.
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Table 2.1: Overview of the surveyed studies and their use of accelerometer. The table
includes information on the study, the specific task or purpose in which the accelerometer
was employed, the sampling rate of the accelerometer device, time sampling intervals (time
windows used as samples), the number of accelerometers used, and the body positions
where the accelerometers were placed. INP stands for “Information not provided”.

Sampling Time Number of
Study Task rate sampling . Body position
(Hz) interval devices
3 Delirium detection INP 1 min 2 Both wrists
5 Sleep monitoring INP 24 hours 1 Non-dominant wrist
Each elbow, wrist,
. Neurological motor states ankle and an
[12] and functional outcomes 10 5 sec 7 additional sensor
placed on the bed
e . On the right ankle,
[31] Sitting and. 1y1ng posture 10 2 sec 3 on the wrist, and
classification
on the upper arm
33 Sleep monitoring 32 30 sec 1 Wrist
34 Sleep monitoring 32 30 sec 1 Wrist
. . . . The left midclavicular
[37] Activity recognition 20 1 sec 2 Jine and the right thigh
[45] Step count INP 24 hours 1 Ankle
Time spent in physical activity,
[52] sedentary behaviors, and time 90 5 sec 1 Right ankle
spent in activity and inactivity
[54] Rest-activity classification INP 30 sec 1 Wrist
[44] Activity recognition 100 2.56 sec 2 Both the upper arm

and upper leg
[59] Motor related potential INP 24 hours 1 Hallux bone
Activity levels, non-zero activity
] levels, inactivity, and wear time

[67 as a proportion of restraint /restraint INP 30 sec 1 Wrist
alternative time
[74] Rest-activity classification INP 1 min 1 Wrist
.. .. . Chest right side

[77] Activity recognition 25 10 min 2 and thigh
81 Activity recognition 30 1 min 2 Torso and thigh
86 Stroke detection INP 15 min 2 Both wrists

Sedentary time estimation . Belt placed on thighs
ER
[55] (lying in bed or in a sitting position) INP 1 min 1 or waist

Nighttime total sleep time . .
[87] and daytime activity ratio INP 15 second 1 Dominant-wrist
[109] Time and intensity of INP INP 1 Wrist

physical activity
Percentage of time spent
at different levels of physical .
[113] activity (inactivity, light activity 100 12 hours 1 Dominant-ankle
and moderate activity)

121 Acuity assessment 100 24 hours 1 Dominant-wrist
125 Sleep monitoring 30 1 min 2 Wrist and ankle
128 Body position INP 10 to 30 seconds 1 Torso
141 Ballistocardiogram 200 1 min 1 Under the pillow

2.1.1 Pain Classification

Critically ill patients frequently experience pain, and despite the existence of clinical scor-
ing systems to quantify pain, its assessment in intensive care units appears to be scarce
and inconsistent [98]. Further, many critically ill patients are incapable of communicat-
ing clearly. Pre-existing factors such as native language differences, history of cognitive

deficit, developmental disability, or certain psychiatric disorders might prevent commu-
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nication with caregivers. Furthermore, interventions such as endotracheal intubation,
tracheostomies, and medical sedation, coupled with the increased prevalence of delirium
and altered mental status in ICUs, exacerbate patients’ communication difficulties [56].

In patients where self-reporting of pain is possible, a visual analog scale
(VAS) [13], numerator rating scale (NRS) [57], or Defense and Veterans Pain Rating Scale
(DVPRS) [100] can be used. In non-verbal patients, pain levels are assessed by ICU nurses
based on the Behavioral Pain Scale (BPS), Critical Care Pain Observation (CPOT), and
Non-Verbal Pain Scales (NVPS) [21, 48, 93]. Due to the human component involved, vi-
sual pain assessment is infrequent and often inconsistent with established guidelines [69].
Automated pain detection using artificial intelligence may obviate this problem.

Pain diagnosis is critical in the ICU as several adverse outcomes are associated with
underdiagnosed pain, including increased infection rate, prolonged mechanical ventilation,
hemodynamic derangements, delirium, and compromised immunity [49]. Moreover, inad-
equate pain management can have serious physiological and psychological effects [50].
Research indicates that appropriate pain management, adequate analgesia, and less seda-
tion can help reduce the number of days spent on the ventilator, increase mobility, and
decrease the incidence of delirium and length of stay in the ICU [14]. Therefore, con-
tinuous and computerized pain assessment in the ICU could lead to real-time analgesic
adjustment [32], thus improving patient care and outcomes.

The most common models to autonomously predict patients’ pain using machine
learning in the ICU have used videos of patients’ facial expressions [24, 88]. Despite the
high model performance, privacy concerns arising from the storage of sensitive patient
information present a roadblock to the widespread clinical acceptance of these models.
On the other hand, some studies have investigated the feasibility of pain detection using
vital signs [7, 41]. However, research indicates that vital signs are not strong indicators
of pain [47]. In contrast, accelerometers worn on patients’ hands, ankles, and wrists can

collect rich data concerning patient mobility associated with pain [30, 35].

2.1.2 Acuity Assessment

Acuity refers to the severity of a patient’s condition, concomitant with the priority as-
signed to patient care in a critical care setting. Patients in the intensive care unit (ICU)
exhibit volatile physiological patterns and the potential for developing life-threatening
conditions in a short period. Therefore, the timely recognition of evolving illness severity is
of immense value in the ICU. Swift and precise assessments of illness severity can identify
patients requiring the administration of immediate life-saving interventions [121]. Fur-
thermore, these assessments can guide collaborative decision-making involving patients,
healthcare providers, and families in determining care goals and optimizing resource allo-

cation [120]. Patient acuity is a foundational concept in critical care that ensures patient
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Table 2.2: Comparative analysis of clinical features, accelerometer data, targeted clinical
outcome, and learning models across the reviewed studies from the recent literature.

Study | Clinical Features ﬁ;(;eslerometer Fea- Target Learning Model
minimum, maxi-
mum, mean, variance,
standard deviation,
immobile count, in-
terquartile range
(IQR), root mean
square of successive
differences (RMSSD),
and standard devia-
tion of RMSSD.

successful or unsuc-
cessful hospital dis- | single-layer RNN
charge

[121] Vitals signs

LR, KNN, Gaus-
sianNB, SVC, DT,
RF, Adaboost, GBDT
and LightGBM.

age and gender, vital | ]
(78] signs and lab tests Mortality

death during the cur-

. . L logistic regression, gra-
oo | Sy o ilnes | ot edmimions cenrl | G b i,
P ’ and multi-layer NN

CLABSI

age, sex, admission
information, physical

[82] irallty, . laborqtory - Mortality XGboost
ests, vital  signs,
treatment, and urine
output
Vital signs, lab tests, neural network plus
[60] Age, Gender and ICU | - Sepsis Weibull-Cox  survival
admission information model

needs are met with precision, safety, and efficiency. Accurate acuity assessments are cru-
cial for guiding clinical interventions, optimizing staffing ratios, and ensuring the presence
of adequately trained personnel to address the needs of high-acuity patients [68, 91]. From
management and fiscal perspectives, an accurate understanding of in-patient acuity levels
permits effective budgeting and resource allocation [40].

Traditional, manual, threshold-based scoring systems such as the Acute Physiology
and Chronic Health Evaluation (APACHE) [73], the Simplified Acute Physiology Score
(SAPS) [76], Sequential Organ Failure Assessment (SOFA) [133], Modified Early Warning
Score (MEWS) [46] and others, have been developed to predict the risk of mortality in
ICU patients and, by extension, gauge the complexity of their care needs [73]. These
tools evaluate physiological parameters, laboratory results, and other pertinent clinical
information. However, static variable thresholds and additive scores have lesser predictive
accuracy for outcomes of interest, and they tend to use a few rudimentary biomarkers to
represent complex disease states.

Recent studies in clinical informatics have validated the effectiveness of automated
machine learning methods by utilizing comprehensive data from Electronic Health Records
(EHR) systems [25, 71, 80, 103, 119]. EHR encompasses a variety of patient-level data
categories, including demographic information, diagnoses, procedures, vital signs, medi-

cations, and laboratory measurements. Table 2.2 surveys each paper’s features, learning
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models, and clinical outcome targeted. The studies showed that advanced algorithms
using machine and deep learning techniques have proven superior to conventional bedside
severity evaluations in predicting in-hospital deaths, which indicates immediate patient
acuity [120]. However, these systems have limitations as they solely utilize physiological
data from EHRs, neglecting crucial factors that could impact the patient. This includes
environmental aspects (such as noise, light, and sleep quality) and behavioral elements
(such as facial expressions indicating pain, agitation, or emotional state, as well as patient
mobility and functional status).

To overcome these limitations, Davoudi et al. [29] explored the benefits of augment-
ing traditional ICU EHR-based data with continuous and pervasive sensing technology.
The study gathered detailed information on ICU patients’ activity levels, environmental
factors, and behaviors by combining wearable, light, sound, and camera data. This multi-
sensor approach provided a holistic perspective on patient care and monitoring, facilitating
a thorough analysis of delirium classification in critical conditions. Wearable device data
significantly contributed to the study’s results by offering valuable insights into patients’
activity levels, movement patterns, and functional status. The study shows that inte-
grating wearable sensor data with other modalities enables a comprehensive assessment
of patients’ behaviors and conditions in the ICU, potentially leading to advancements in
patient care and monitoring. Inspired by the positive impact of these novel clinical data
streams, Shickel et al. [121] proposed to augment EHR data with continuous activity
measurements via wrist-worn accelerometer sensors to predict hospital discharge status
as a proxy for acuity. The study employs deep learning techniques, specifically single-layer
recurrent neural networks (RNN) with gated recurrent units (GRU), to process sequential
data and predict patient illness severity. The findings suggest that integrating pervasive
sensing data with conventional EHR data can enhance real-time acuity estimation for crit-
ically ill patients. Furthermore, they propose that additional investigation and integration

of even more innovative data streams could offer further benefits in this regard.

2.2 Accelerometer Data Pre-processing

Accelerometer data can be noisy and complex, making it necessary to preprocess the data
before extracting meaningful information. Accelerometer preprocessing involves several
steps to clean, filter, and prepare the data for analysis or further processing. One signif-
icant advantage of preprocessing is noise reduction. Accelerometer data often contains
noise due to various factors, such as environmental vibrations or device malfunctions,
which can obscure the true signal. By applying filters and smoothing techniques, pre-
processing can enhance the signal-to-noise ratio, thereby improving the accuracy of sub-
sequent analyses. Another advantage is the standardization and normalization of data.

Different accelerometer devices might have varying ranges and sensitivities, and prepro-
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Table 2.3: Data Processing and Machine Learning algorithms used by recent papers

Study | Data Processing Machine Learning
[3] X Random Forests, SVM, XGBoost
12] Bl.ltt.eI“WOI"th 'high—pa.ss filter and Logistic regression
missing data imputation
Reduced sampling rate and data im-
[31] | balance treatment (undersampling | Random forest model
and SMOTE)
[33] X Linear regression
[34] X Linear regression
Three-point median filter, low pass
[37] infinite impulse response filter, inte- | Decision tree
gral of the body accelerations
[54] Logarithmic transformation Linear regression
[44] | High-pass filter Artificial neural network
[67] X X
. Linear mixed effects and linear re-
[63] x .
gression
[77] | Low-pass filter X
81] o Logistic Regression, Bagging Deci-
sion Tree, and SVM
. Magnitude of first-derivative of ac-
[86] : X
celeration
Multivariable  linear  regression
[55] X
model
[87] X X
[109] | Energy expenditure Linear regression
[121] | Signal magnitude RNN with GRU units
[125] X Repeated measure mixed model
[128] X X
[141] | Butterworth bandpass filter X

cessing ensures that the data from multiple sources is comparable. Additionally, pre-
processing can involve feature extraction, simplifying the data by focusing on the most
relevant aspects, reducing the computational burden, and enhancing model performance.

However, there are also disadvantages to consider. Preprocessing can be time-
consuming and computationally intensive, especially with large datasets. The process
requires careful parameter selection, and inappropriate choices can lead to losing impor-
tant information or introducing biases. For instance, overly aggressive noise reduction
might remove subtle but significant patterns in the data. Moreover, preprocessing steps
such as filtering and normalization can vary widely between studies, making comparing
results across different research projects challenging. Despite these challenges, effective
preprocessing is essential for maximizing the utility of accelerometer data and ensuring

robust and reliable outcomes in research and practical applications. Here is an overview
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of the key steps involved in accelerometer data preprocessing:

e Data Collection The first step in accelerometer data preprocessing is data collec-
tion. Accelerometers can measure acceleration in three axes (X, Y, and Z), and data
are typically collected as a time series. The sampling rate and sensor placement are
important considerations during data collection. Table 2.1 shows a comprehensive

overview of sampling rate and sensor placement used in recent works.

e Filtering Filtering is crucial in accelerometer preprocessing. Low-pass filters are
often applied to remove high-frequency noise, while high-pass filters can eliminate
low-frequency drift. Bandpass filters may be used to isolate specific frequency ranges
of interest. The choice of filter type and cutoff frequencies depends on the specific
application. As shown in Table 2.3, Butterworth (both high-pass and bandpass)
and low-pass filters have been employed in the recent literature [12, 44, 77, 141]) to

process the data.

e Normalization Normalization is the process of scaling the accelerometer data to
ensure that it is on a consistent scale. This step can be essential when comparing
data from different sensors or experiments [9]. For deep learning, a common practice
is normalizing data between 0 and 1, improving the performance and convergence

of deep learning.

e Integration Dikkema et al. [37] employed integration over body accelerations to
obtain velocity information from acceleration data. The typical approach is to per-
form numerical integration, which involves cumulatively summing the acceleration
values over time to calculate velocity or displacement. However, this approach is

highly prone to drift.

e Segmentation In some applications, it may be necessary to segment the accelerom-
eter data into meaningful chunks or events. For example, one might want to segment

data into activities such as walking, running, or sitting in activity recognition.

e Feature Extraction Feature extraction involves computing features from the pre-
processed data to capture relevant information. Common features include mean,
standard deviation, peak values, and spectral characteristics. Table 2.4 shows a

careful survey of the features used by recent works.

e Data Alignment When working with data from multiple sensors or time series
from different sources, data alignment ensures that the data is synchronized and

corresponds to the same time intervals.

e Data Imbalance Data imbalance refers to a dataset’s disproportionate representa-

tion of classes. It can be a challenge in machine learning, as models might be biased
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towards the dominant class. Davouldi et al. [31] treated data imbalance using the
techniques of undersampling and the Synthetic Minority Over-sampling Technique
(SMOTE).

2.3 Artificial Intelligence

Artificial intelligence can potentially revolutionize the healthcare field, particularly in us-
ing accelerometers [65]. Al aims to mimic human cognitive functions and is powered
by the increasing availability of healthcare data and rapid progress in analytics tech-
niques [65]. The use of Al in healthcare applications, including the use of accelerometers,
offers practical benefits and replicates human intellectual functions [1].

ATl has the ability to transform various aspects of patient care, administrative
processes, and nursing information systems. It can assist in monitoring and documenting
patient data, managing quality, enhancing care efficacy, and performing interventions
appropriately [70]. Al applications in nursing information systems can be cost-effective
time-saving, and improve the documentation of patient information [70].

In the field of clinical medicine and medical research, Al can help minimize the
scarcity of human resources and broaden the role of humans in healthcare. It can po-
tentially improve patient outcomes by enabling faster prognosis and diagnosis of dis-
eases [137]. Al algorithms can analyze large volumes of unstructured data and provide
rapid, actionable deductions, leading to faster decision-making in emergency medicine
and other healthcare-related applications [94]. However, there are certain gaps and chal-
lenges in the application of Al in healthcare. Published research in real-world settings
often lacks a prominent role in supporting care-dependent individuals, patient education,
and the health of caregivers or nurses [23]. Additionally, there is a need for more studies
that assess the effects of Al on clinical and organizational outcomes [23]. Despite these
challenges, the field of Al in healthcare is rapidly growing. A bibliometric analysis of
healthcare-related Al publications revealed a significant increase in the literature, high-
lighting the critical driving power of Al in promoting healthcare [53]. Patients’ perceptions
toward human-AT interaction in healthcare also play a crucial role in the widespread use
of clinical AT [42].

2.3.1 Classical Learning Models

Classical machine learning models offer several advantages, such as decision trees, support
vector machines, and logistic regression. They are often easier to interpret and understand
than complex models like deep neural networks, making them suitable for applications

where model transparency is essential. These models typically require less computational
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Table 2.4: Features extracted by recent studies in the literature

Study

Features

Minutes at rest and within-patient dynamic time warping

[12]

The proportion of dynamic activity, signal magnitude area, median of high-pass
filtered signal, median of low-pass filtered signal, median frequency according to
Fourier transform coefficients, frequency-domain entropy, band power, and level
2-6 detail coefficients of the 5th-order Daubechies wavelet transform

[31]

Vector of magnitude (mean, standard deviation, covariance, skewness, kurtosis,
entropy, coefficient of variation, dominant frequency, percentage of the power
that is in 0.6-2.5 Hz, dominant frequency/sum of moduli at each frequency),
mean angle of acceleration relative to vertical on the device, standard deviation
of the angle of acceleration relative to vertical on the device, and correlation
between axis

Mean and median of activity counts

Mean, standard deviation, range, median and interquartile range of activity
counts

Horizontal and vertical body angles and a signal magnitude area

Time of day of highest activity, mean activity level of the fitted curve, the differ-
ence between mesor and peak activity, and goodness-of-fit (R2) of the regression
model

Mean, Minimum, Maximum, Median, Standard Deviation, Coefficients of vari-
ation, peak-to-peak amplitude, percentiles, interquartile range, pitch angle, roll
angle, median crossings, skewness, kurtosis, signal power, root mean square, peak
intensity, Pearson correlation coefficient, inter-axis cross-correlation, autocorre-
lation, trapezoidal numerical integration, signal magnitude area, signal vector
magnitude, power spectral density

Activity levels, non-zero activity levels, inactivity, and wear time as a proportion
of restraint time.

Total nighttime and maximum nighttime activity counts, sleep duration, average
sleep bout length, total number of sleep bouts, total daytime and maximum
daytime activity counts, and daytime sleep.

Mean acceleration, standard deviation, inclination of the x-axis, forward/
backward angle of the thigh

Metrics (mean, maximum, minimum, standard deviation, median, and entropy)
for signal magnitude, magnitude of low-frequency components, high-frequency
components, and the derivation of each high-frequency component

Kolmogorov-Smirnov statistic

Time spent in mobility positions (standing, sitting, lying), time spent in activity
intensities (sedentary, moderate, light, vigorous), step counts, steps per minute,
and kcal per day consumption

[87]

Nighttime total sleep time, sleep efficiency, daytime activity, hourly activity
counts

[109]

Frequency analysis, counts and percentages, means and standard deviations

[121]

Minimum, maximum, mean, variance, standard deviation, immobile count, in-
terquartile range, root mean square of successive differences (RMSSD), and stan-
dard deviation of RMSSD

Total sleep duration, amount of time spent sleeping in minutes, and the number
of transitions from sleep to waking

2nd degree polynomial regression of normed x and z axis
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power and training time, making them accessible for use in environments with limited re-
sources. Additionally, classical models can perform well on smaller datasets, whereas deep
learning models might overfit or fail to generalize effectively. However, classical machine
learning models also have their disadvantages. They may struggle to capture intricate pat-
terns in large and high-dimensional datasets, where more sophisticated techniques might
excel. Furthermore, their performance can be limited by the need for extensive feature
engineering, requiring domain expertise to extract relevant features from raw data.

In the recent literature review, linear regression appears to be the dominant mod-
eling approach, evidenced by its adoption in numerous studies [33, 54, 109]. Furthermore,
there is a noticeable inclination toward logistic regression and multivariable linear regres-
sion models, which is explained since the primary aim of these works revolves around
predicting continuous values or classifying data into binary categories.

Diving deeper into the modeling techniques, a subset of recent research has
embraced tree-based models. Studies such as Ahmed et al. [3], Davoudi et al. [31],
and Dikkema et al. [37] have incorporated algorithms like random forests, decision trees,
and XGBoost. These models are celebrated for their transparency, making them favorable
choices when deducing the significance of individual features is imperative.

Logistic Regression [28] is one of the foundational methods for binary and mul-
ticlass classification. It derives its name from the logistic function used to model the
probability that a given instance belongs to a particular class. This linear approach as-
sumes that there is a linear relationship between the input features and the log-odds of
the output. The coefficients of the linear equation are optimized using techniques like
Maximum Likelihood Estimation. It is a straightforward and interpretable algorithm,
making it a first choice for many simple classification tasks and for instances when a basic
understanding of the relationship between variables is sought. However, it may strug-
gle with non-linear data and can be outperformed by more sophisticated algorithms in
complex scenarios.

Moving from linear to ensemble methods, XGBoost [22] stands out. XGBoost,
which stands for eXtreme Gradient Boosting, is an optimized gradient boosting library.
Gradient boosting involves building trees sequentially, where each new tree tries to correct
the errors of its predecessor. XGBoost takes this approach to another level by focusing on
computational speed and model performance. It handles missing data, provides facilities
for regularization to avoid overfitting, and can be used for both classification and regres-
sion tasks. The flexibility and efficiency of XGBoost have made it a dominant choice in
machine-learning competitions and real-world applications.

CatBoost [39], short for Categorical Boosting, is a relatively newer entrant in
the gradient boosting arena. As the name suggests, CatBoost shines when dealing with
categorical features. While most algorithms require categorical data to be preprocessed

into a numerical format, CatBoost handles categorical variables natively, reducing the
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need for extensive preprocessing and mitigating the risk of data leakage. Additionally, it
employs an ordered boosting approach, which helps in reducing overfitting. Its built-in
support for visualization also allows users to understand and interpret model performance

and feature importance easily.

2.3.2 Deep Learning Models

Deep learning models, particularly neural networks, offer significant advantages in han-
dling complex and high-dimensional data. They have the capability to automatically learn
features from raw data through multiple layers of abstraction, reducing the need for exten-
sive manual feature engineering. This makes them highly effective in tasks such as image
and speech recognition, natural language processing, and complex pattern recognition, of-
ten achieving state-of-the-art performance. Deep learning models can also scale well with
large datasets, improving their performance as more data becomes available. However,
these models come with notable disadvantages. They require substantial computational
resources, including powerful GPUs and large amounts of labeled data for training, which
can be costly and time-consuming to obtain. Deep learning models are often seen as black
boxes due to their complexity, making them difficult to interpret and understand, which
can be a limitation in applications requiring transparency and explainability. Addition-
ally, they are prone to overfitting if not properly regularized and can be challenging to
fine-tune, necessitating expertise in hyperparameter optimization and architecture design.
Despite these challenges, deep learning remains a powerful tool in the modern data science
toolkit, driving advancements in various fields.

Shickel et al. [121], for example, utilizes recurrent neural networks equipped with
GRU units since they work with time series data. Similarly, FR et al. [44] exploits artificial
neural networks, highlighting their capability to delineate intricate data relationships.
Transitioning to more nuanced modeling approaches, Jaiswal et al. [63] and Smichenko
et al. [125] have adopted mixed-effect models. These models excel in situations where
both fixed and random effects are at play. They are especially favored in longitudinal
analyses, wherein data samples are hierarchically structured, such as patients grouped
within hospitals.

In our acuity assessment approach, we evaluated five different neural network
architectures, namely, VGG, ResNet, MobileNet, SqueezeNet, and a custom Trans-
formers network, as both Convolutional Neural Networks (CNNs) and Transform-
ers architectures are well-researched in the sensor-based human activity recognition
field [38, 66, 89, 104, 105, 138]. Due to their architectural advantages, CNNs are par-
ticularly adept at extracting features from accelerometer data. Their design promotes
local connectivity, making them proficient in recognizing short sequences of time-series

data and specific motion patterns. The shared weights in CNNs enable them to detect
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patterns regardless of their position in the sequence, while the hierarchical structure allows
for extracting both simple and complex movement patterns. On the other hand, Trans-
formers are advantageous for processing accelerometer data due to their self-attention
mechanism, which aptly captures dependencies in time-series data. It allows the model to
weigh the importance of different elements in a sequence when generating outputs [126].
Consequently, each patient’s movement can be contextualized in relation to the other
movements within a time window, directing the network’s attention to the key movement
patterns for assessing the patient’s condition. In the following, we briefly discuss each of
the evaluated architectures.

Developed by the Visual Geometry Group at Oxford University, the VGG archi-
tecture [124], specifically VGG-16 and VGG-19, relies heavily on deep layers consisting
of small (3 x 3) convolutional filters. This design increases the depth of the network,
allowing it to learn more intricate features without drastically increasing computational
requirements compared to larger filter sizes. While VGG has demonstrated excellent per-
formance on several benchmarks, it is computationally expensive and memory-intensive,
making it less suitable for deployment on devices with limited resources.

The Residual Network (ResNet) was introduced by He et al. [58], addressing the
vanishing gradient problem that plagued deeper networks. The architecture’s uniqueness
lies in its skip connections or residual connections, which bypass one or more layers,
allowing the network to learn identity functions. As a result, ResNet can be trained deeper
without the diminishing returns on accuracy often observed in other deep networks. These
deep networks have achieved state-of-the-art results on numerous benchmarks. However,
despite its depth, the computational cost might be prohibitive for real-time applications
or edge devices.

Squeezenet [62] is a lightweight deep neural network architecture designed for ef-
ficient inference on resource-constrained devices. It achieves high accuracy with a signif-
icantly smaller model size than other architectures. Squeezenet reduces the number of
parameters by using 1 x 1 convolutions to squeeze the input channels and expand them
back using 1 x 1 and 3 x 3 convolutions. This approach results in a drastically reduced
model size, making SqueezeNet particularly appealing for deployment on devices with
limited computational capabilities or storage.

Mobilenet [61] is another lightweight deep neural network architecture that is
specifically designed for mobile and embedded vision applications. It uses depthwise
separable convolutions to reduce the number of parameters and computations. Depth-
wise separable convolutions split the standard convolution into a depthwise convolution
and a pointwise convolution, reducing the computational cost while maintaining accuracy.
MobileNet has various versions, with the later versions optimizing accuracy and efficiency
trade-offs, making them ideal for real-time applications on resource-constrained devices.

Transformer [130] is a revolutionary architecture that has gained significant at-
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tention in natural language processing tasks, particularly machine translation. Unlike
convolutional neural networks, which rely on convolutional and pooling layers, the Trans-
former architecture is based on self-attention mechanisms. Self-attention allows the model
to weigh the importance of different words in a sentence when generating translations.
Its versatility and performance have driven its adoption in various applications, from ma-
chine translation to image classification. However, its high computational cost, especially

regarding memory usage for longer sequences, can be limiting.

2.4 Interpretability

As artificial intelligence systems are increasingly used in healthcare delivery, it is impor-
tant to understand and interpret the decisions made by these systems [79]. Explainability
refers to the ability to provide understandable and transparent explanations for the deci-
sions and predictions made by Al models [112].

In the context of healthcare, explainability is essential. It helps build trust and
acceptance among healthcare professionals and patients, as they can understand the rea-
soning behind Al-driven recommendations or diagnoses [99]. This is particularly impor-
tant in critical areas such as diagnosis and treatment planning, where the consequences
of AT decisions can significantly impact patient outcomes [43].

Explainability also plays a crucial role in ensuring accountability and ethical con-
siderations in the application of AI in healthcare [101]. It allows healthcare professionals
to assess the reliability and validity of AI models, identify potential biases or errors, and
make informed decisions based on Al-generated insights [139]. Additionally, explainabil-
ity enables regulatory bodies to evaluate the safety and effectiveness of Al systems and
ensure compliance with ethical standards [106]. However, achieving explainability in Al
models can be challenging, especially in complex deep learning models that operate as
black boxes [112]. Researchers have been exploring various methods and techniques to
enhance the interpretability of AI models, such as generating explanations based on fea-
ture importance, rule extraction, or visualization techniques [79]. These approaches aim
to provide understandable explanations that healthcare professionals can easily interpret
and validate. Examples of these models are SHAP analysis, DeepLIFT, and Gradient
SHAP.

SHAP (SHapley Additive exPlanations) [83] analysis is a method that provides a
unified framework for explaining the output of any machine learning model. It is based
on the concept of Shapley values from cooperative game theory, which assigns a value to
each feature in a prediction based on its contribution to the prediction outcome. SHAP
analysis provides a global explanation of the model by quantifying the importance of each
feature in the overall prediction. It can help identify which features significantly impact

the model’s decision-making process [20].
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DeepLIFT (Deep Learning Important FeaTures) [123] works by attributing the
difference between the model’s output for a given input and a reference output to the
input features. DeepLIFT assigns importance scores to each feature, indicating their
contribution to the model’s prediction. It provides a local explanation for individual
predictions, allowing users to understand why a particular prediction was made [134].

Gradient SHAP [83] is a variant of SHAP analysis that combines the concept
of SHAP values with the gradient-based approach. It calculates the SHAP values by
approximating the gradients of the model’s output with respect to the input features.
Gradient SHAP provides a more efficient and scalable way to compute SHAP values for
deep learning models. It allows for both global and local explanations, enabling users to
understand the overall behavior of the model as well as the reasoning behind individual
predictions [134].

The aforementioned explainability techniques have been applied in various health-
care domains. For example, in a study on predicting long-term mortality in critically ill
ventilated patients, SHAP analysis was used to provide explanations of the entire model
and individual features, aiding in the interpretation of the deep learning model’s predic-
tions [20]. Another study employed Gradient SHAP to interpret the correlation between
risk features and outcomes in an ICU mortality prediction model [107]. However, it is
important to note that explainability techniques are not without limitations. Deep learn-
ing models are highly complex, and their explanations may not always be intuitive or
easily understandable to non-experts. Interpreting SHAP values, DeepLIFT scores, or
Gradient SHAP may require domain expertise and further validation. Additionally, the
explanations provided by these techniques are post-hoc and do not guarantee a complete

understanding of the model’s internal workings [111].
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Chapter 3

Intelligent ICU System

This chapter presents the Intelligent ICU system and the data processing pipeline. The
system is responsible for capturing and saving the data used in this work. The author
of this thesis developed and executed the subsequent steps, including, but not limited to,
curating, cleaning, normalizing, labeling, and segmenting the data.

The Intelligent ICU system was created by ITheal Laboratory! and was first de-
scribed in the work of Davoudi et al. [29]. The system, as illustrated in Figure 1.1,
collects clinical, imaging, wearable, environmental, and physiological data from the ICU.
The clinical data includes details such as patient drugs, laboratory findings, age, gender,
and key care metrics. Imaging data captures visual information such as RGB videos
of patients’ faces and depth images with a view of the entire ICU room. Physiological
data comprises vital signs, heart rate, blood pressure, temperature, and respiratory rate.
Wearable data includes accelerometers, gyroscopes, and electromyography (EMG) sen-
sors. Finally, environmental factors detail the ICU’s ambient noise, luminosity, and air
purity. This dissertation focused on the accelerometer, physiological and clinical data.

The data captured and saved by the Intelligent ICU system was raw and heteroge-
neous, originating from various devices with different configurations and saving methods,
accumulated by different personnel over the years. This variability necessitated a careful
and comprehensive understanding of the data. During her sandwich doctorate, the au-
thor spent nine months working closely with the clinical staff at the University of Florida.
This proximity allowed her to engage in detailed discussions with the clinical staff who
recruited the patients. She gained a comprehensive understanding of the entire data col-
lection pipeline, including how the accelerometers were applied to the patients and the
specifics of data storage. These conversations were crucial for understanding how device
configurations could impact the final data. Subsequently, the author meticulously cu-
rated, cleaned, and pre-processed the data, identifying and addressing any inconsistencies
or errors introduced during the data collection process. In the next sections, we delve into
the steps of patient recruitment (Section 3.1), data collection (Section 3.2), data curation

and normalization (Section 3.3), and data labeling and segmentation (Section 3.4).

https://www.bme.ufl.edu/labs/rashidi/
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Figure 3.1: Data used in this dissertation consisted of physiological, clinical, and ac-
celerometer data collected from ICU patients of the University of Florida Shands Hospital.

3.1 Patient Recruitment

The data used in this research was sourced from adult patients admitted to the surgical
ICUs at Gainesville’s University of Florida Shands Hospital, following compliance with all
relevant federal, state, and local laws and regulations. Approval for the study was granted
by the University of Florida Institutional Review Board (IRB) under the following num-
bers: TRB201900354 and IRB202101013. Before enrolling patients in the study, written
informed consent was obtained from all participants. In cases where patients could not
provide informed consent, consent was secured from a legally authorized representative
acting on their behalf. Eligible participants were individuals aged 18 and above admitted
to the ICU and expected to remain there for at least 24 hours. Exclusion criteria en-
compassed patient transfers, discharges, deaths occurring within 24 hours of recruitment,
and individuals necessitating isolation, contact precautions, or lacking informed consent,

whether from the patient or their legal representative.

IRB201900354: Data and informed consent were collected from 71 patients between
June 2021 and December 2021. These patients wore Shimmer3 accelerometers on their
wrists, which collected data from 100 Hz to 512 Hz sampling rates. The average data
collection length was 4.61 days. Their biological sex composition was 59% male and 41%

female, with a mean age of 57.5 years.

IRB202101013: Data and informed consent were collected from 190 patients between
January 2022 and February 2023. These patients wore Shimmer3 with 30 Hz, 100 Hz,

or 512 Hz sampling rates. The mean data collection duration was 4.46 days. Patient
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Table 3.1: Clinical characteristics of the patient cohort.

Variables g?ilig;s)
Female sex, N(%) 41 (32.03)
Age in years, mean (SD) 59.31 (16.22)
Height in ¢cm, mean (SD) 172.97 (10.64)
Weight in kgs, mean (SD) 87.09 (25.43)

22.47 (27.28)
83%/ 11%, 6%

Length of stay in days, mean (SD)
Race, White(%)/ Black (%)/ Other (%)

|

|

|

|

|

|
Cancer, N(%) | 17 (13.28)
Cerebro-vascular, N(%) | 15 (11.71)
Dementia, N(%) | 6 (4.68)
Paraplegia Hemiplegia, N(%) | 5 (3.90)
Congestive Heart Failure, N(%) | 22 (17.18)
Chronic Obstructive Pulmonary Disease, N(%) ‘ 20 (15.62)
Diabetes, N(%) | 35 (27.34)
Metastatic Carcinoma, N(%) | 7 (5.46)
Liver, N(%) | 28 (21.87)
Peptic Ulcer, N(%) | 7 (5.46)
Renal, N(%) | 30 (23.43)
Rheumatologic, N(%) ‘ 2 (1.56)

recruitment is ongoing. The biological sex composition of these participants was 58%

male and 42% female, with a mean age of 59.0 years.

In our pain classification analysis, we used data from 128 patients. Table 3.1 presents the
demographic and clinical variables distribution for the patients included in these analyses.
The majority of study participants were elderly, white individuals with comorbidities. Our
acuity assessment analysis contained data from 87 patients. The demographic and clinical
characteristics of the patients analyzed are detailed in Table 3.2, while Table 3.3 provides a
demographic breakdown categorized by stable and unstable conditions. The distribution
of patients by race and gender was approximately equivalent in both the development
and test sets. The average age was marginally higher in the development cohort, though
not significantly. Heights were similar between the cohorts, whereas the mean weight was
notably greater in the development cohort. The length of stay did not significantly differ
between cohorts. Notable differences in disease prevalence included a higher incidence of

cancer and diabetes in the test cohort, while liver-related diseases were more prevalent in
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Table 3.2: Acuity cohort characteristics

Development Cohort ~ Test Cohort

Variables (N=60) (N=27) p-value
| Female sex. N (%) | 22 (36.7%) | 9(333%) | 076 |
| Hispanic ethnicity, N (%) | 8 (13.3%) | 2(74%) | 042 |
| Age in years, mean (SD) | 58.4 (15.9) | 52.2(183) | 012 |
| Height in cm, mean (SD) | 173.6 (9.1) | 1724 (85) | 056 |
| Weight in kgs, mean (SD) | 87.2 (23.6) | 778 (15.0) | 0.06 |
igiigl;i ?;;Eiy;?tﬂag;cemﬂe) 11.0 (6.0, 29.0) | 13.0 (8.0, 23.0) | 0.60
| Race: N (%) |
| White | 49 (81.7%) | 18 (66.7%) | 0.12 |
| African American | 9 (15.0%) | 3(11.0%) | 0.63 |
| Other | 2 (3.3%) | 6(222%) | <0.05 |
| Comorbidities:N (%) |
| Cancer | 0 (0.0%) | 6(222%) | <0.05 |
| Cerebrovascular disease | 8 (13.3%) | 4(14.8%) | 085 |
| Dementia | 1 (1.7%) | 2(74%) | 018 |
| Paraplegia hemiplegia | 6 (10.0%) | 2(74%) | 070 |
| Congestive heart failure | 7 (11.7%) | 2(74%) | 055 |
| Chronic obstructive pulmonary disease | 4 (6.7%) | 3 (111%) | 048 |
| Diabetes | 7 (11.7%) | 6(222%) | 020 |
| Liver disease | 15 (25.0%) | 5(185%) | 051 |
| Peptic ulcer | 2 (3.3%) | 0(0.0%) | 034 |
| Renal discase | 9 (15.0%) | 4(14.8%) | 098 |

Abbreviation: SD, standard deviation; N, number.

Notes: Our analysis employed two distinct statistical tests to examine the differences between the
development and test cohorts. We used Welch’s t-test for the continuous variables, while we used the
two-proportion z-test for the categorical variables.

the development cohort.

3.2 Data Collection

Figure 3.1 depicts the data sources used in this dissertation: EHR data and accelerometer

readings. Patients wore either Shimmer3 [122] Inertial Measurement Units (IMU) on one
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Table 3.3: Distribution of demographic variables of encounters (recorded every four hours)
stratified by class labels (stable, unstable)

Stable Unstable

Variables Encounters Encounters p-value
(N=434) (N=101)

| Female sex, N (%) 187 (43.0%) 6 (15.8%) | <0.05 |

| |
| Hispanic ethnicity, N (%) |64 (14.8%) | 4 (4.0%) | <0.05 |
| Age in years, mean (SD) | 59.2(16.7) | 57.5(134) | 0.34 |
| |
| |

| Height in ¢cm, mean (SD) 171.2 (9.1) 178.6 (7.2) | <0.05 |

83.6 (21.50) 97.5 (20.2) | <0.05 |

‘ Weight in kg, mean (SD)

Length of stay in days,

median (25th, 75th percentile) 16.0 (8.0, 31.0) | 29.0 (12.0, 33.0) | <0.05

| Race, N (%) |
| White, N (%) | 336 (77.4%) | 85 (842%) | 0.97 |
| African American, N (%) | 42.(9.7%) | 16 (1568%) | 0.07 |
| Other, N (%) |56 (100.0%) |  0(0.0%) | <0.05 |

Abbreviation: SD, standard deviation; N, number.

of their wrists. The accelerometers in the devices used in this study capture the direction
and magnitude of acceleration along 3 axes. The IMU devices convey information on
the patient’s arm’s direction and intensity of movement as well as rotational position
through continuous measurement of the device’s linear acceleration and angular velocity:.
These devices capture various aspects of movement and activity, offering insights into
physical dynamics such as speed, direction, and motion intensity. These measurements
enable the quantification of movement patterns and activity levels with high precision
and detail. In this work, we did not include clinical information reflected at the motor
level, such as assessments of muscle strength, coordination, balance, and overall mobility.
Accelerometer readings were taken for a maximum of 7 days or until the patient’s discharge
from the ICU, whichever came first. During this time, the study team performed daily
visits to ensure the device was correctly positioned on the patient’s wrist and requested
that the nursing staff document any time the device was removed. All known removal
and reapplication times were documented as device downtimes to be excluded from the
analysis. Conservative estimations were used if the exact removal time was unknown.
Using a daily pipeline, UF’s Integrated Data Repository service extracted clini-
cal data relevant to the patient’s acuity state from the EHR. This information included
demographics such as age, sex, race, height, weight, length of stay, medications, and

physiological signals like blood pressure, heart rate, oxygen saturation (SpO2), respira-
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tory device, continuous renal replacement therapy, blood transfusion, pain score, Braden
score [11] and acute brain dysfunction status (whether the patient was in a coma, expe-
riencing delirium, or had normal cognitive status) [108].

The presence of existing intravenous lines, wounds, and patient objection to wear-
able devices are examples of cases where motion data could not be collected. For the
purposes of this analysis, we have excluded patients for whom accelerometer data collec-
tion or retrieval was not possible. A user-friendly touchscreen interface allowed nurses and
caregivers to stop data collection anytime. Nurses were instructed to remove the devices
for bathing and medical procedures, if necessary, and to replace the devices afterward.
Data were captured on a local secure computer throughout the patient enrollment period

and transferred to a secure server for analysis upon patient discharge.

3.3 Data Curation and Normalization

In accordance with best practices for data-driven models, we incorporated a data cleaning
and preparation step in our processing pipeline. Initially, we filtered the data to exclude
periods when the patient was not using the sensor, as determined by the downtime anno-
tations made by the nurses. These annotations provided a reliable source for identifying
non-use periods, ensuring that only valid data points were included in our analysis.

Occasionally, the sensor may not capture data accurately. We identified these
instances of missing data and implemented strategies to rectify them, ensuring that our
dataset remains complete and consistent. For accelerometer data, we included only data
from contiguous windows without missing values (for window size, refer to Section 3.4).
For EHR data, we employed the nearest neighbor method to impute missing values, with
the time frame for this process varying based on the nature of the data. For example, we
utilized a 2-hour window for heart rate, whereas we adopted a 12-hour window for brain
status. In cases where accurate imputation was not feasible, the data was excluded from
the dataset.

Standardization of the accelerometer data was necessary due to the varying sam-
pling frequencies depending on the device or time of collection. Thus, accelerometer data
were standardized to common sampling frequencies of 10 Hz for acuity analysis and 32
Hz for pain classification. The choice of 10 Hz for acuity measurements was driven by the
need to manage the size of the 4-hour windows. This standardization ensures uniformity
in the input data rate, facilitates more accurate analysis, and prevents excessively long
sequences. The acuity sequence size was 144,000 (14,400 seconds x 10 Hz) and 28,800
(900 seconds x 32 Hz) for pain classification. Additionally, on a sample-wise basis, ac-
celerometer values were normalized to a range of [0,1] using Equation 3.1 with min and

max values calculated per sample.
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Clinical data features were encoded based on their data type. Numerical features

were standardized using the Z-Score as defined in Equation 3.2.

(3.2)

z =
(o}

Z-score standardization involves rescaling the features with a mean of zero and a
standard deviation of one. This transformation ensures that numerical features contribute
equally to the model, preventing features with larger scales from dominating the learning
process.

Categorical features, on the other hand, were encoded using the one-hot encoding
technique. One-hot encoding transforms categorical variables into a binary matrix, with
a unique binary vector representing each category. This encoding technique preserves the
categorical nature of the data while making it suitable for inclusion in machine-learning
models that require numerical input.

Analgesics were initially one-hot encoded by the medication name. If a patient
received an analgesic, we assessed the proportion of time during a 15-minute interval
when the patient was under the influence of the analgesic. This information was calculated
based on the time of the last dose and the half-life of the medication in question.

Lastly, only wrist-related data was used to maintain consistency and specificity.

3.4 Data Labeling and Windows Segmentation

In this dissertation, we employed supervised machine learning algorithms. This family of
algorithms learns the relationship between data and a label. In our case, the label is a
patient’s acuity state or the pain level in a certain time range. These labels were derived
from clinical assessments documented in the ICU records, ensuring each data point was
paired with a corresponding label. The data was systematically segmented into time

windows to facilitate accurate labeling and analysis.

3.4.1 Pain Classification

The pain label is a self-reported score obtained using the Defense and Veterans Pain
Rating Scale (DVPRS). The DVPRS is a comprehensive tool designed to assess pain levels
in military and veteran populations. It consists of an 11-point numerical scale, ranging
from 0 (no pain) to 10 (worst possible pain), allowing for a detailed representation of pain
intensity. The DVPRS incorporates visual and verbal descriptors to enhance its accuracy

and usability. Alongside the numerical ratings, the scale includes color-coded faces and
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Defense and Veterans Pain Rating Scale

MODERATE
(Yeliow)

\

No pain Hardly Notice Distracts Hard to Fal:l.lsol' Can"l bear As I:Iad as
notice pain, me, can ignore, attention, han:l to do the pain, it could
pain does not do usual avoid prevents  anything  unable to be,
interfere activities usual doing do nothing
with aclivities daily anything else
activities activities matters

Va1

DVPRS SuppLEMENTAL QUESTIONS

For clinicians to evaluate the biopsychosocial impact of pain

1. Circle the one number that describes how, during the past 24 hours, pain has interfered with your usual ACTIVITY:
Q == ] == 2 == 3 = 4 5 é J == § = 9 == 10
Does not interfere Compietely interferes
2, Circle the one number that describes how, during the past 24 hours, pain has interfered with your SLEEP:
0 1 ) m— R m— 5 3 T e o ) ()
Does not interfere Gompietely interferes
3. Circle the one number that describes how, during the past 24 hours, pain has affected your MOOD:
Does not affect Completely affects
4. Circle the one number that describes how, during the past 24 hours, pain has contributed to your STRESS:

Does not contribute Contributes a great deal

“Referance for pain interference: Clesland CS, Ryan KM. Pain assessmant: giobal use of the Bref Pain inveniory. Ann Acad Med Singapore 23(2): 729-138, 1984,  v2.1

Figure 3.2: Defense and Veterans Pain Rating Scale (DVPRS). Figure extracted from
Polomano et al. [100].
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word descriptors correlating with pain intensity, providing a multidimensional approach
to pain assessment. Additionally, the DVPRS encompasses functional impact questions
that evaluate how pain affects various aspects of daily life, such as activity, sleep, mood,
and stress. An illustration of the DVPRS form is shown in Figure 3.2. This holistic
approach ensures that the scale measures the intensity of pain and its broader impact
on the individual’s quality of life. The DVPRS is typically administered through patient
self-report, either verbally or in written form, allowing patients to communicate their pain
levels in a clear and standardized manner.

In this work, we evaluated the viability of predicting the DVPRS pain scores, as
well as groups of scores and the pain variation. Let P represent the pain score. Pain

scores were divided into four groups, as shown in Equation 3.3:

(

no pain iftP=0

mild pain if Ped{l,2,3,4

Pain Group = P { J (3.3)
moderate pain if P € {5,6}

| severe pain if P€{7,8,9,10}

Pain variation was calculated by taking the current pain score, P.yent, and sub-

tracting the previous pain score, Pyrevious- T he difference AP is defined as follows:

AP = Pcurrent - Pprevious (34)

The pain variation based on the value of AP is given by:

same ifAP =0
Pain variation = ¢ decreased if AP < 0 (3.5)
increased if AP >0

We collected 15-minute windows of accelerometer data, starting 30 minutes before
the pain assessment. We excluded the 15-minute window immediately before pain as-
sessment because this contained artifacts of the patient’s interaction with the caregiver.
Throughout our analysis, 7 am to 7 pm was considered daytime, while 7 pm to 7 am was
considered nighttime.

We collected 15-minute windows of accelerometer data, starting 30 minutes before
the pain assessment. We excluded the 15-minute window immediately before the pain
assessment because this contained artifacts of the patient’s interaction with the caregiver.
Throughout our analysis, 7 am to 7 pm was considered daytime, while 7 pm to 7 am was

considered nighttime.



3.4. Data Labeling and Windows Segmentation 43

3.4.2 Acuity Assessment

To phenotype the patient acuity state as stable or unstable, we applied the method de-
vised by Ren et al. [108], determining transitions in acuity status within the ICU. To
capture the relevant data (accelerometer and clinical data) leading up to each assessment,
we established a consecutive and non-overlapping 4-hour segmentation window that con-
cluded immediately before the acuity evaluation to reflect patients’ status. For every 4
hours leading up to the assessment, patients—excluding those who had passed away or
were already discharged alive—were identified as unstable or stable. A patient was labeled
as unstable if they required any of the following life-supportive therapies: vasopressors
(epinephrine, vasopressin, phenylephrine, norepinephrine, droxidopa, or ephedrine), me-
chanical ventilation, continuous renal replacement therapy, or a massive blood transfusion
(defined as at least ten units in the previous 24 hours), as previously described. If none

of these conditions were met, the patient was considered stable.
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Chapter 4

Pain Classification

Critically ill patients in ICUs often suffer from pain, with inconsistent and scarce pain
assessment, exacerbated by communication barriers due to factors like medical interven-
tions, cognitive deficits, and linguistic differences. While there are tools such as the visual
analog scale (VAS) [13], numerator rating scale (NRS) [57], or Defense and Veterans
Pain Rating Scale (DVPRS) [100] for self-reporting, non-verbal patients rely on visual
assessments such as the Behavioral Pain Scale (BPS) [93], Critical Care Pain Observation
(CPOT) [21], and Non-Verbal Pain Scales (NVPS) [48], which can be inconsistent due to
human errors. Not addressing pain adequately can lead to various adverse physiological
and psychological outcomes. Automated pain detection using Al has been explored as a
solution, with current models mainly utilizing patients’ facial expressions in videos [24, 88].
However, privacy concerns hinder their clinical adoption. Some studies suggest using vital
signs, but these are not reliable pain indicators. Alternatively, accelerometers, tracking

patient mobility, show promise in detecting pain.

4.1 Data Analysis

A dataset analysis was conducted to comprehensively understand the problem and help
to build an effective solution. The subsequent discussion examines various aspects of
the data, including the distribution of pain levels and accelerometer values and the cor-
relations between the different modalities considered in this study: accelerometer data,

demographic information, and pain records.

4.1.1 Distribution of pain levels

Figure 4.1 illustrates an analysis of pain level distribution, revealing a bimodal pattern. A
notable concentration of samples at pain level zero indicates a substantial portion of the
dataset representing no pain. However, a distinct secondary peak emerges at moderate
pain levels, specifically levels five and six. This bimodality strongly suggests the presence
of two distinct clusters of samples within the dataset. One subgroup is characterized by
minimal to no pain, while the other exhibits measurable moderate pain. We attribute this

pattern to the administration of medications when patients experience pain. It’s expected
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Figure 4.1: Distribution of Self-Reported Pain Levels. This figure illustrates the distri-
bution of pain levels within the dataset. An imbalance in the distribution is evident,
characterized by a concentration of samples at pain level 0 (no pain). This may reflect
pain management via medication.

that even though a patient may endure significant pain, they may not experience it for the
majority of the time. Each instance of pain observation triggers medication administration
by nurses, resulting in pain relief and the prevalence of zero pain instances in the dataset.

Figure 4.2 presents the distribution of samples according to pain levels across
various data stratifications: shift, gender, age, and health status. These four stratifications
reveal a consistent data imbalance, predominantly skewed towards the 'no pain’ level. The
upper left figure illustrates the distribution by shift, indicating a slight predominance of
samples during the day shift. Nonetheless, the dataset maintains a reasonable balance
between day and night samples overall.

The upper right figure illustrates the distribution by gender, revealing a lower
representation of samples from individuals assigned female at birth compared to those
assigned male at birth. The lower left figure delineates the distribution across two age
groups: adults (18-64 years old) and the elderly (65+ years old). Notably, the elderly
group exhibits fewer samples across most pain levels than the adult group, except at pain
levels 2 and 10, where the representations are similar.

Finally, the lower right figure displays the distribution by health status severity,
categorized according to the Sequential Organ Failure Assessment (SOFA) score. This
analysis shows a predominance of samples from individuals with medium-severity health

statuses, whereas high-severity moments are underrepresented. It is particularly impor-
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Figure 4.2: Distribution of Self-Reported Pain Levels.

tant to highlight that, for certain pain levels such as 1 and 10, the dataset contains only

one sample representing high severity status, indicating a critical gap in the data.

4.1.2 Distribution of acceleration values

Figure 4.3 shows the histograms of the probability density of acceleration magnitudes
across different pain levels. The histograms reveal a largely consistent pattern. Most
pain levels’ probability densities are concentrated at lower acceleration magnitudes, with
smaller probabilities extending into higher accelerations. This suggests that, generally,
ICU patients exhibit limited movement regardless of the pain level experienced, possibly
due to the combined effects of analgesia, the controlled ICU environment, and the inherent
physical limitations of patients in critical care.

However, exceptions to this trend are observed at pain levels 1 and 10, which
appear to deviate from the common pattern. These levels display histograms that are
not as well aligned with the others, possibly due to undersampling in the dataset. Pain
level 1 shows an unusually high peak at a specific low acceleration range, which might be
exaggerated due to fewer data points, potentially skewing the representation of typical
patient movement at this level. Similarly, pain level 10 shows a distinct pattern, which
might not accurately reflect the true movement behavior at high pain levels due to the

limited sample size.
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Figure 4.3: Histograms of the probability density of acceleration magnitudes across dif-
ferent pain levels
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Figure 4.4: Histograms of the probability density of acceleration magnitudes for ICU
patients, categorized by gender.
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Figure 4.5: Histograms of the probability density of acceleration magnitudes for ICU
patients, categorized by age group.

Figure 4.4 shows the histograms representing the probability density of acceleration
magnitudes for ICU patients, categorized by gender, displaying a predominant concen-
tration at lower acceleration magnitudes with similar peak regions for females and males.
This consistent pattern across genders suggests a general trend of minimal movement
within the ICU environment, likely reflecting effective pain management protocols and
the controlled nature of ICU settings to limit patient movement.

While both genders show most of their probability density at lower accelerations,
there are still minor differences in the data spread. The female histogram shows slightly
more frequent occurrences at the lowest acceleration magnitudes compared to the male
histogram, which could suggest subtle differences in movement or pain response strategies
between genders.

Figure 4.5 shows the histograms comparing the probability density of accelera-

tion magnitudes across two different age groups, 18-64 and 65+. The histograms exhibit



4.1. Data Analysis 49

Health Status: Sofa < 4 Health Status: Sofa 4-11 Health Status: Sofa > 11

o
N
]

©
N
o

Probability Density
o o
= =
o [6,]

0.05

0 10 20 30 40 0 10 20 30 40 0 10 20 30 40

Magnitude of Acceleration

Figure 4.6: Histograms of the probability density of acceleration magnitudes for ICU
patients, categorized by health status.

a strong peak at lower acceleration magnitudes for both age groups, indicating a pre-
dominant trend of minimal movement. This similarity suggests that irrespective of age,
patients in the ICU typically exhibit limited mobility, which is consistent with the con-
trolled nature of ICU environments. However, upon closer inspection, the histogram for
the 18-64 age group displays a slightly wider spread towards higher acceleration magni-
tudes than the 654 group. This could suggest that younger patients might have a slightly
higher level of physical activity or response capability when compared to older patients.
Such differences may reflect age-related variations in physical capacity or responsiveness
to pain and medical interventions.

Figure 4.6 illustrates the probability density of acceleration magnitudes for ICU
patients, grouped according to their health status as measured by the SOFA (Sequential
Organ Failure Assessment) score in three categories: SOFA < 4 (minimal organ dysfunc-
tion), SOFA 4-11 (mid-range organ dysfunction), and SOFA > 11 (severe organ dysfunc-
tion). These histograms provide insights into how different levels of organ dysfunction
impact patient movement.

The histogram for SOFA < 4 indicates a prominent peak at lower acceleration
magnitudes, with minimal dispersion towards higher values. This trend suggests that indi-
viduals with minimal organ dysfunction predominantly exhibit reduced mobility. Within
the SOFA 4-11 range, the distribution also centers on lower acceleration magnitudes but
displays a slightly broader spread compared to the SOFA < 4 cohort. This broader distri-
bution implies that patients experiencing mid-range organ dysfunction may demonstrate
variable mobility, potentially reflecting a blend of stable periods and instances of acute
distress or medical interventions prompting slight increases in movement.

Analogous to the other categories, for SOFA > 11, the prevailing acceleration
remains at lower magnitudes, yet this group also exhibits some dispersion towards higher

accelerations. The presence of higher magnitudes, albeit less frequent, may suggest that
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individuals with severe organ dysfunction (SOFA > 11) intermittently undergo significant
movements, potentially attributable to medical emergencies, interventions, or periods of
considerable discomfort.

The histograms presented in Figure 4.7 illustrate the probability density of acceler-
ation magnitudes for ICU patients across various medical conditions, reflecting differences
in patient mobility associated with each specific health issue. These conditions include
Cancer, Cerebrovascular Disease, Dementia, Paraplegia/Hemiplegia, Congestive Heart
Failure (CHF), Chronic Obstructive Pulmonary Disease (COPD), Diabetes, Myocardial
Infarction, Liver Disease, Peptic Ulcer Disease, Renal Disease, and Rheumatologic Dis-
ease.

The histograms generally show concentrated peaks at lower acceleration magni-
tudes, indicating limited movement across most conditions, which aligns with the re-
strictive nature of ICU care where patient movement is minimized to promote recovery.
Conditions such as Congestive Heart Failure (CHF), Diabetes, Liver Disease, Peptic Ulcer
Disease, and Renal Disease are characterized by broader distributions in their histograms.
This broader spread suggests more variability in the movement levels of these patients,
potentially indicative of fluctuating symptoms that might occasionally require or allow
for greater mobility within the constraints of ICU care.

On the other hand, Rheumatologic Disease, Chronic Obstructive Pulmonary Dis-
ease (COPD), Paraplegia/Hemiplegia, and Cerebrovascular Disease histograms show a
narrower distribution with a defined peak. This pattern implies a more uniform level of
restricted movement among these patients, likely due to more consistent physical limita-
tions or symptoms directly impacting mobility.

Notably, patients with Cancer and Dementia exhibit histograms with narrow distri-
butions but multiple peaks. This unique pattern could indicate different mobility profiles
within these patient groups, perhaps reflecting varying stages of disease progression or

differing responses to treatment that affect physical activity levels.

4.1.3 Data separability analysis

Understanding the patterns and structure within the dataset is crucial for developing effec-
tive Al algorithms for ICU patient monitoring. A data separability analysis was conducted
on the accelerometer data using Principal Component Analysis (PCA) and t-distributed
Stochastic Neighbor Embedding (t-SNE) to achieve this. These techniques were selected
for their ability to reduce dimensionality and visualize complex data structures, thereby
providing insights into the inherent separability of the data. For a comprehensive visu-
alization, we plot the raw accelerometer and the various feature extraction used in this
work in Figure 4.9a. Additionally, we plot each set of EHR data in Figure 4.10.

PCA and t-SNE demonstrate that pain levels do not form clearly separable clus-
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Figure 4.8: Comparison of different feature separability
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Figure 4.10: Comparison of different features

ters in any of the input features considered. This is expected since pain is subjective
and influenced by many factors beyond just the physical injury itself. Unlike measuring
temperature or blood pressure, there’s no single objective gauge for pain.

To analyze inter-individual pain variability, which is known to be significant, we
examined samples from four different patients. Using Euclidean distance and demographic
data, we identified the two most similar patients, referred to as S1 and S2, and the two
most dissimilar patients, referred to as D1 and D2. Table 4.1 provides the demographic
information for these four patients. We employed t-SNE to reduce dimensionality from a
combination of medication, clinical, and disease data. Figure 4.11 shows the samples from
our dataset and highlights the samples from these patients for a commonly experienced
pain level of 6.
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Figure 4.11: t-SNE visualization of all pain levels for all patients, reduced from a combi-
nation of medication, clinical, and disease data. Points corresponding to the four selected
patients (S1, S2, D1, and D2) at pain level 6 are specifically indicated, highlighting the
most similar and most dissimilar patients based on Euclidean distance from demographic
data.

4.2 Methodology

4.2.1 Feature extraction and selection

The feature extraction process for accelerometer data involved important steps to ensure
the relevance and quality of the features used for subsequent analysis.

Initially, a low-pass filter was applied to the raw accelerometer data. This filtering
step was important to remove high-frequency noise, which could otherwise obscure the
meaningful patterns within the data. The low pass filter helped preserve the signal’s in-
tegrity corresponding to human movements by attenuating the frequencies above a certain
threshold. Figure 4.12 shows an accelerometer excerpt from our dataset before and after
applying the low-pass filter. We empirically choose an order of 6 and a cutoff of 3.

Following the filtering step, the magnitude vector of the accelerometer signal was

calculated. The magnitude vector provided a single comprehensive measure of movement



4.2. Methodology 26

X-axis

N
N
v

—— Original X-axis
—— Filtered X-axis

Acceleration
N
N
o

N
=
wn

N
g
o

0 2000 4000 6000 8000 10000 12000 14000
Sample Index

Y-axis

17.0 — -
Original Y-axis
—— Filtered Y-axis

16.5

16.0

Acceleration

P
Ty e el T Mo T T

15.5

0 2000 4000 6000 8000 10000 12000 14000
Sample Index

Z-axis

Original Z-axis

6.25 —— Filtered Z-axis

6.00

5.75

cceleration

A
o
o
S

5.25

0 2000 4000 6000 8000 10000 12000 14000
Sample Index

Figure 4.12: Accelerometer signal before and after low pass filter

intensity, combining the three-dimensional accelerometer data into one scalar value for
each time point. This transformation facilitated the extraction of features that are more
representative of the overall movement.

Next, the TSFEL (Time Series Feature Extraction Library) was employed to ex-
tract a wide array of features from the filtered accelerometer data. TSFEL is a powerful
tool that automates the extraction of relevant features from time series data, encompass-
ing statistical, temporal, and spectral domains. This comprehensive feature extraction
step yielded a rich feature set. The list of features extracted is shown in Table 4.2.

To ensure the robustness of the feature set, features with NaN (Not a Number)
and infinite values were identified and removed. Retaining such values would adversely
affect the reliability of the machine-learning models.

Subsequently, highly correlated features were removed to mitigate redundancy and
multicollinearity within the feature set. Highly correlated features do not contribute to
additional information and can lead to overfitting in machine learning models. Calculat-
ing the correlation matrix and applying a threshold systematically eliminated redundant
features.

Additionally, features exhibiting low variance were excluded from the feature set.
Low variance features carry minimal discriminatory information and do not contribute
significantly to the model’s predictive power. Their removal streamlined the feature set,

enhancing the computational efficiency of the subsequent analysis. We used the scikit-
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Table 4.2: List of features divided by domains

Statistical Domain

Temporal Domain

Spectral Domain

‘ Absolute energy

‘ Area under the curve

‘ FFT mean coefficient

‘ Average power

‘ Autocorrelation

‘ Fundamental frequency

| ECDF

‘ Centroid

‘ Human range energy

‘ ECDF Percentile

‘ Lempel-Ziv-Complexity ‘ LPCC

‘ ECDF Percentile Count

‘ Mean absolute diff

| MFCC

‘ Entropy ‘ Mean diff ‘ Max power spectrum
‘ Histogram ‘ Median absolute diff ‘ Maximum frequency
‘ Interquartile range ‘ Median diff ‘ Median frequency

‘ Kurtosis ‘ Negative turning points ‘ Power bandwidth
‘ Max ‘ Peak to peak distance ‘ Spectral centroid
‘ Mean ‘ Positive turning points ‘ Spectral decrease

‘ Mean absolute deviation

‘ Signal distance

‘ Spectral distance

‘ Median

‘ Slope

‘ Spectral entropy

‘ Median absolute deviation ‘ Sum absolute diff

‘ Spectral kurtosis

‘ Min

‘ Zero crossing rate

‘ Spectral positive turning points

‘ Root mean square

‘ Neighbourhood peaks

‘ Spectral roll-off

‘ Skewness

‘ Spectral roll-on

‘ Standard deviation

‘ Spectral skewness

‘ Variance

‘ Spectral slope

‘ Spectral spread

‘ Spectral variation

‘ Wavelet absolute mean

‘ Wavelet energy

‘ Wavelet standard deviation

‘ Wavelet entropy

‘ Wavelet variance
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learn library default threshold. The default is to keep all features with non-zero variance,
i.e., remove the features with the same value in all samples.

Finally, the Infinite Feature Selection (Inf-F'S) technique was applied to the refined
feature set. Inf-FS is a graph-based feature filtering method designed to identify the
most relevant features for a given dataset. The core idea behind Inf-FS is to model the
relationships between features using a weighted graph, where nodes represent features
and edges represent the similarity or relevance between them. This graph-based approach
enables the method to consider the global structure of the feature space rather than
evaluating features independently. By leveraging the concept of random walks on this
graph, Inf-F'S iteratively computes a score for each feature, reflecting its importance and
connectivity within the feature network. The scores are then used to rank the features,
allowing for selecting the most informative subset. This method is particularly effective in
handling high-dimensional data, as it efficiently filters out redundant or irrelevant features,

thereby improving the performance of subsequent machine learning models.

4.2.2 Machine Learning Methods

Since this is the first study to utilize accelerometers and clinical data to classify pain
in the ICU, it is important to evaluate a wide range of classifiers to establish a robust
reference point. Table 4.3 lists the comprehensive array of classifiers considered in this
study, along with brief explanations. This evaluation covers various linear models, Naive
Bayes models, ensemble methods, gradient boosting methods, meta-estimators, and non-
parametric methods. Additionally, we evaluated a dummy classifier that makes predic-
tions that ignore the input features. This classifier will serve as a simple baseline to
compare against the other more complex classifiers. Below, we provide a detailed de-
scription of these classification algorithms and a comparative analysis highlighting their

strengths and weaknesses.

4.2.2.1 Linear Models

Linear Discriminant Analysis (LDA) is a statistical method for classifying data into differ-
ent classes. It works by projecting the data onto a lower-dimensional space to maximize
class separation. LDA is particularly effective when the assumption that the classes have
similar covariance matrices holds true. This method is computationally efficient and easy
to interpret, making it a popular choice for many classification problems. However, one of
its main limitations is that it assumes linear decision boundaries between classes, which
can be a significant drawback when dealing with datasets with nonlinear boundaries. This
limitation can lead to suboptimal performance on complex datasets, where more flexible

models might be required to capture the underlying patterns in the data.
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Table 4.3: List of Models with Descriptions

Model

Description

Linear Discriminant Analysis (LDA)

Linear classification algorithm that
projects data to maximize class sepa-
ration.

Bernoulli NB

Naive Bayes classifier for  bi-

nary/boolean features.

Logistic Regression

Regression model for binary classifica-
tion, estimating probabilities using a
logistic function.

Calibrated Classifier CV

Meta-estimator for probability calibra-
tion using cross-validation.

Dummy Classifier

Baseline classifier that makes predic-
tions using simple rules.

Extra Trees Classifier

Ensemble of randomized decision trees
for classification.

Random Forest Classifier

Ensemble of decision trees with bagging
and feature randomness.

CatBoost Classifier

Gradient boosting on decision trees
with categorical feature support.

LGBM Classifier

Light GBM classifier with
training for large datasets.

efficient

XGBoost Classifier

Extreme Gradient Boosting with high
performance and scalability.

Bagging Classifier

Ensemble method using bootstrap ag-
gregating for various classifiers.

KNN Classifier

Classification based on the k-nearest
neighbors algorithm.

AdaBoost Classifier

Adaptive boosting ensemble method
for improving weak classifiers.

Decision Tree Classifier

Non-parametric classifier based on de-
cision tree structures.

Extra Tree Classifier

Extremely Randomized Trees classifier
for more randomness.

Quadratic Discriminant Analysis (QDA)

Classification  algorithm  assuming
quadratic decision boundaries.

Gaussian NB

Naive Bayes classifier assuming Gaus-
sian distribution of features.

Multi-Layer Perceptron (MLP)

A neural network with multiple layers
that capture complex, non-linear rela-
tionships in data.
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Logistic Regression is a widely used model for binary classification tasks. It esti-
mates the probability that a given instance belongs to a particular class by applying the
logistic function to a linear combination of the input features. The output is a probability
value between (0 and 1, which can be thresholded to make a binary decision. Logistic
Regression is highly interpretable, as it allows us to understand the influence of each fea-
ture on the outcome. It is also computationally efficient and works well when the data
is linearly separable. However, its performance diminishes when the relationship between
the features and the target variable is not linear. In such cases, Logistic Regression might
fail to capture the complex patterns in the data, making it less effective than non-linear
models. Despite this, its simplicity and ease of implementation make it a baseline method

that is often used before exploring more complex models.

4.2.2.2 Naive Bayes Models

Bernoulli Naive Bayes (Bernoulli NB) is a variant of the Naive Bayes classifier specifically
designed for binary or boolean features. This method operates on the principle that each
feature in the dataset is binary (either present or absent) and assumes that the presence
or absence of a feature is independent of the presence or absence of any other feature,
given the class label. This independence assumption simplifies the computation of the
probabilities needed for classification, making Bernoulli NB computationally efficient and
easy to implement. It is particularly effective for text classification tasks where the data
can be represented as binary word vectors (e.g., word present or not in a document).
However, the independence assumption can be a significant limitation in practice, as it
often does not hold true for real-world data where features can be interdependent. This
can lead to suboptimal performance if the relationships between features are crucial for
accurate classification.

Gaussian Naive Bayes (GaussianNB) is another variant of the Naive Bayes classifier
that assumes a Gaussian (normal) distribution for the continuous features. This method
calculates the likelihood of the data given the class label by assuming that the features
follow a Gaussian distribution. GaussianNB is particularly efficient and works well with
continuous data, making it suitable for various applications, including medical diagnosis
and financial predictions. Its main advantages are simplicity and speed, as it only requires
the features’ mean and variance to compute the probabilities. However, assuming that the
features follow a Gaussian distribution can be a significant drawback when the actual data
distribution deviates significantly from normality. The model may produce inaccurate
probability estimates in such cases, leading to poor classification performance. Despite
this limitation, GaussianNB remains a popular choice due to its ease of implementation
and computational efficiency, especially for large datasets where more complex models

might be impractical.
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4.2.2.3 Gradient Boosting Methods

CatBoost Classifier is a sophisticated gradient-boosting algorithm that handles categorical
features efficiently. It uses an innovative technique called ordered boosting to reduce over-
fitting, and it supports categorical feature encoding internally, making it highly suitable
for datasets with categorical variables. CatBoost achieves high accuracy and often outper-
forms other gradient-boosting methods regarding prediction quality. However, it requires
careful parameter tuning to achieve optimal performance and can be resource-intensive
in terms of both computational power and memory usage. This makes it a powerful yet
demanding tool, particularly effective for complex problems where categorical data plays
a significant role.

Light GBM Classifier is an efficient implementation of gradient boosting that excels
at handling large datasets. It uses a histogram-based approach to bin continuous features
into discrete bins, which speeds up training and reduces memory usage. Light GBM also
supports the leaf-wise growth of trees, allowing it to handle large datasets with many fea-
tures more effectively than other gradient-boosting methods. While Light GBM is highly
efficient and scalable, it may struggle with smaller datasets where the binning process
can lead to loss of information. Additionally, it requires careful handling of categorical
features to ensure optimal performance, making it less straightforward compared to other
methods.

XGBoost Classifier is a highly popular gradient-boosting algorithm known for its
performance and scalability. It incorporates regularization techniques to prevent over-
fitting, which enhances its generalization ability. XGBoost supports parallel processing,
enabling faster training on large datasets, and includes features like tree pruning, which
helps avoid overfitting. Despite its strengths, XGBoost can be complex to tune, requiring
extensive parameter adjustments to achieve the best results. Moreover, its computational
intensity and longer training times for very large datasets can be a drawback, making it
less suitable for applications where quick turnaround is essential. However, due to its ro-
bustness and versatility, XGBoost remains a go-to method for high-stakes and large-scale

applications.

4.2.2.4 Meta-Estimators

Calibrated Classifier CV is a meta-estimator designed to improve the probability calibra-
tion of base classifiers, ensuring that a model’s predicted probabilities accurately reflect
the true likelihood of an event. This is particularly crucial in applications involving
risk assessment or decision-making under uncertainty, where well-calibrated probabilities
are essential. Calibrated Classifier CV uses cross-validation to enhance the reliability of
probability estimates, making it valuable in fields such as finance, healthcare, and weather

forecasting. While it can significantly improve the accuracy of probability predictions, it
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also adds computational complexity and processing time compared to using the base clas-
sifier alone. Additionally, it inherits the strengths and weaknesses of the base classifier, so
issues like overfitting may still persist despite improved calibration. Overall, Calibrated
Classifier CV is a powerful tool for enhancing probability estimates, especially in high-
stakes applications, but its computational demands and the characteristics of the base

classifier must be carefully considered.

4.2.2.5 Non-Parametric Methods

K-Nearest Neighbors Classifier (KNN) is a simple yet effective non-parametric method
used for classification. The core idea behind KNN is to classify a data point based on
the majority class among its k-nearest neighbors in the feature space. This approach
makes KNN highly intuitive and easy to implement. It is particularly effective for small
datasets and situations where the decision boundary is not necessarily linear. However,
KNN can be computationally expensive for large datasets because it requires calculating
the distance between the query point and all other data points. Additionally, KNN is
sensitive to the choice of k and the distance metric, which can significantly impact its
performance. It also lacks interpretability, as the model does not provide explicit rules
for classification.

Decision Tree Classifier is a non-parametric method that splits the data into subsets
based on feature values, forming a tree-like structure. Each node in the tree represents
a decision rule based on a feature, and each branch represents the outcome of the rule,
leading to a leaf node representing a class label. Decision Trees are easy to interpret and
visualize, making them valuable for understanding the decision-making process. However,
they are prone to overfitting, especially when the tree is deep and captures noise in the
data. To mitigate overfitting, techniques like pruning, which removes less important
nodes, can be applied. Despite this, Decision Trees may still struggle with capturing
complex patterns compared to ensemble methods like Random Forests.

Extra Tree Classifier is similar to the standard Decision Tree Classifier but in-
troduces additional randomness into the tree-building process. Unlike standard decision
trees, which choose the best split based on a criterion like Gini impurity or information
gain, Extra Trees randomly select the split points. This added randomness helps to im-
prove generalization and reduce overfitting, making Extra Trees more robust on various
datasets. However, this increased randomness can also make the model less interpretable
and more challenging to tune. While it often results in better generalization than a single
decision tree, it requires more computational resources and may not always outperform
other ensemble methods like Random Forests.

Quadratic Discriminant Analysis (QDA) is a classification algorithm that assumes
quadratic decision boundaries between classes. QDA generalizes LDA by allowing each

class to have its own covariance matrix, which provides more flexibility in modeling the
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data. This flexibility enables QDA to handle datasets where the relationships between
features and class labels are more complex and non-linear. However, QDA requires a large
amount of data to accurately estimate the parameters of each class’s covariance matrix,
which can be a limitation for smaller datasets. Additionally, the model’s performance
can be sensitive to the accuracy of the estimated parameters, making it crucial to have
sufficient and well-distributed data.

Multilayer Perceptron (MLP) is an artificial neural network consisting of multiple
layers of nodes, or neurons, connected feedforward. MLPs can capture complex, non-linear
relationships in the data, making them highly versatile and powerful for a wide range of
classification tasks. Each neuron applies a weighted sum of its inputs and passes the
result through a non-linear activation function, allowing the network to learn intricate
patterns. The strength of MLP lies in its ability to model highly non-linear decision
boundaries and its applicability to various types of data, including time series and image
data. However, MLPs require extensive training data to achieve good performance and
can be computationally intensive due to the need for multiple iterations during training
(backpropagation). Additionally, they require careful tuning of hyperparameters, such as
the number of layers, the number of neurons per layer, and the learning rate to prevent

overfitting and ensure convergence.

4.3 Evaluation Protocol

To evaluate the performance of our machine learning models, we employed a hold-out
test approach, splitting the data into 80% for training and 20% for testing. This method
was chosen due to the large number of experiments, making cross-validation impractical.
The hold-out approach efficiently assesses model performance by training and testing on
separate data sets, ensuring effective evaluation without the computational overhead of
cross-validation.

Additionally, we conducted a comparative analysis of three different undersampling
methods against a baseline with no undersampling. In each experiment, we assessed the
impact of undersampling on classifying DVPRS 11 pain levels using only accelerometer
data across 17 different classifiers (refer to 4.3). The analysis focused on performance met-
rics such as ROC AUC, F1 Score, Recall, and Precision, which are crucial for evaluating
the classifiers’ effectiveness in distinguishing between multiple classes.

The results shown in Table 4.4, demonstrate that applying different undersampling
methods minimally impacts improving the performance metrics for the given models in
the context of 11-class classification. The ROC AUC values indicate that all models are
essentially performing at the level of random guessing, with none surpassing the threshold

of 0.5. Among the undersampling approaches, Tomek Links shows slight improvements
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Table 4.4: Performance metrics of the best model for pain classification using different
undersampling methods.

Undl\e/Ires:;l; gling Model = ROC AUC F1 Score Recall Precision
| None | QDA | 0.49 | 0.39 |  0.55 | 0.31 |
| Random | Dummy | 0.50 | 0.39 |  0.55 | 0.30 |
| Near Miss | Dummy | 0.50 | 0.39 |  0.55 | 0.30 |
| Tomek Links | CatBoost | 0.50 | 0.40 | 0.52 | 0.39 |

Abbreviation: QDA - Quadratic Discriminant Analysis, ROC AUC - Area Under the Receiver
Operating Characteristic Curve

in F1 Score and Precision, which leads us to employ this method in the remaining exper-

iments of this Chapter.

4.4 Experimental Results

In this section, we present the results of our experiments in pain classification, focusing
on various labeling strategies for the data. We evaluated the performance of our models
across multiclass classification tasks, including pain score and pain variation, as well as
binary classification tasks, such as grouped pain levels (mild vs. moderate, moderate vs.
severe, severe vs. mild) and pain vs. no pain. For all experiments, both day and night
timeframes were considered. In the following a summary of the results for each experiment
will be shown. The Harmonic Mean was the metric used to determine the best classifier.
For detailed results with the performance of each classifier for each input, please refer to

Appendix A.

4.4.1 Multiclass classification of pain scores

The experiments aimed to measure the performance of various inputs and their combina-
tions in classifying self-reported pain levels from the DVPRS pain scale composed of 11
pain levels.

Table 4.5 demonstrates that analgesic medication yielded the highest performance
metrics for both day and night classifications when used as the sole input. During the
day, the Logistic classifier achieved the best results with an ROC AUC of 0.63, an F1
Score of 0.42, and a Harmonic Mean of 0.48. At night, XGBoost was the top performer
for the analgesic medication input, with an ROC AUC of 0.66, an F1 Score of 0.44, and a
Harmonic Mean of 0.48. These outcomes indicate that analgesic medication information

is a strong indicator of pain levels in ICU patients, which aligns with expectations.
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Table 4.5: DVPRS 11 classes classification
Input Clzz?;ier igg S(]:?olre Recall - Precision H?\I/‘Ir:;r? -
Day

| | Dummy | 050 | 038] 0.54 | 0.29 | 0.40 |
‘ accel ‘ Extra Trees ‘ 0.52 ‘ 0.38 ‘ 0.52 ‘ 0.34 ‘ 0.42 ‘
| meds | Logistic | 0.63| 0.42| 0.55| 0.39 | 0.48 |
| demo | Bagging | 061 | 042] 054 0.34 | 0.45 |
| discases | Dummy | 050 | 0.38] 0.54 ] 0.29 | 0.41 |
| clinical | Extra Trees | 048 | 038 | 0.44 | 0.35 | 0.41 |
| accel + meds | MLP | 059 | 042] 048 | 0.41 | 0.47 |
‘ accel + demo ‘ Bagging ‘ 0.57 ‘ 0.42 ‘ 0.54 ‘ 0.39 ‘ 0.47 ‘
‘ accel + diseases ‘ Bernoulli NB ‘ 0.46 ‘ 0.38 ‘ 0.49 ‘ 0.32 ‘ 0.40 ‘
| accel + clinical | Calibrated | 048] 0.38] 0.54 | 0.29 | 0.40 |

aceel Fmeds | e 0.61 | 043 | 049 0.40 0.47

3‘;‘;11‘;?25 * | Logistic 0.57 | 0.45| 0.50 0.41 0.48

accel + meds +

demo + clin + Logistic 0.57 0.42 0.50 0.38 0.46

diseases

Night

| | Dummy | 050| 035] 0.5 | 0.26 | 0.38 |
| accel | MLP | 049 | 036] 052 | 0.32 | 0.41 |
| meds | XGBoost | 0.66 | 0.44 | 0.48 | 0.41 | 0.48 |
| demo | Extra Trees | 0.58 | 037 | 0.52 | 0.29 | 0.41 |
| diseases | CatBoost | 051| 037] 045 | 0.31 | 0.40 |
| clinical | Extra Trees | 0.52| 037 ] 047 | 0.39 | 0.43 |
| accel + meds | MLP | 069 | 041] 050 | 0.39 | 0.47 |
| accel + demo | LDA | 045| 038 ] 0.53 | 0.37 | 0.42 |
| accel + diseases | Bernoulli NB | 0.61 | 0.38 | 0.0 | 0.37 | 0.42 |
| accel + clinical | KNN | 053] 040 | 051 | 0.36 | 0.44 |

aceel Fmed | Decision Tree | 0.60 | 044 | 0.45 0.44 0.47

aceel J;réfgs T | XGBoost 0.62| 040 046 0.37 0.44

accel + meds +

demo + clin + Decision Tree | 0.60 0.44 0.40 0.51 0.48

diseases
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When analyzing inputs that included accelerometer data, some notes are worth
mentioning. For the daytime, the combination of accelerometer data with analgesic medi-
cation data ("accel + meds”) was particularly effective, with the MLP classifier achieving
a ROC AUC of 0.59 and an F1 Score of 0.42. However, adding demographic data to
this combination (”accel + meds + demo”) improved the performance, with MLP again
showing strong results with an ROC AUC of 0.61 and an F1 Score of 0.43. At night,
the combination of accelerometer and analgesic medication data ("accel + meds”) also
performed well, with MLP reaching a ROC AUC of 0.69 and an F1 Score of 0.41. Adding
demographic data to this combination ("accel + meds + demo”) led to a slight decrease
in performance, with the Decision Tree classifier achieving an ROC AUC of 0.60 and an
F1 Score of 0.44. Interestingly, the best night-time performance involving accelerometer
data was observed when all available inputs were combined ("accel + meds + demo +
clin + diseases”), where the Decision Tree classifier yielded a ROC AUC of 0.60 and an
F'1 Score of 0.44.

When used as the sole input, it is noteworthy that the accelerometer, demographics,
diseases, and clinical data yield results similar to those of a dummy classifier. Similarly,
combinations of accelerometer data with the other mentioned data types also produce
results akin to random guessing. However, the results improve significantly when more
than three of these data types are combined, underscoring the value of integrating multiple

data types.

4.4.2 Pain vs No Pain Classification

The experiments aimed to classify pain versus no pain in ICU patients using various inputs
and their combinations. The results, detailed in Table 4.6, show that the combination
of accelerometer and analgesic medication data (”accel + meds”) produced the highest
performance metrics for both day and night classifications. During the day, the CatBoost
classifier achieved the best results with a Harmonic Mean of 0.76, an ROC AUC of 0.76,
and an F1 Score of 0.75. At night, the Calibrated classifier was the top performer for the
"accel + meds” input, with a Harmonic Mean of 0.80, an ROC AUC of 0.79, and an F1
Score of 0.77.

However, the improvements over using only analgesic medication were marginal.
This suggests that analgesic medication alone is a robust predictor of pain versus no pain
in ICU patients, and adding other variables does not significantly enhance the predictive

accuracy.

4.4.3 Mild vs Moderate

The results for the binary classification of Mild vs Moderate, detailed in Table 4.7, show

that the combination of accelerometer, medication, demographic, and clinical data (”accel
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Table 4.6: Pain vs No Pain Classification
Input Clzz?;ier PA{SS S(]:?olre Recall - Precision H?\I/'II:;? .
Day

| | Dummy | 050 | 030] 047 | 0.22 | 0.33 |
| accel | CatBoost | 060 | 057| 059 | 0.63 | 0.60 |
| meds | Calibrated | 075 075 |  0.75 | 0.76 | 0.75 |
| demo | AdaBoost | 052 052] 052 ] 0.52 | 0.52 |
‘ diseases ‘ Gaussian NB ‘ 0.62 ‘ 0.6 ‘ 0.64 ‘ 0.7 ‘ 0.64 ‘
| clinical | QDA | 057 ] 057] 057 0.57 | 0.57 |
‘ accel + meds ‘ CatBoost ‘ 0.76 ‘ 0.75 ‘ 0.75 ‘ 0.78 ‘ 0.76 ‘
| accel + demo | Extra Tree | 054 | 054| 0.54 | 0.54 | 0.54 |
‘ accel 4 diseases ‘ XGBoost ‘ 0.57 ‘ 0.57 ‘ 0.57 ‘ 0.58 ‘ 0.57 ‘
| accel + clinical | QDA | 061] 0.59| 0.60 | 0.64 | 0.60 |

aceel Fmeds | 1pa 0.67 | 067 067 0.67 0.67

Zﬁiig‘f T | Bagging 071 | 071| 071 0.71 0.71

accel + meds +

demo + clin + Logistic 0.69 0.69 0.70 0.72 0.70

diseases

Night

| | Dummy | 050 | 0.32] 049 | 0.24 | 0.36 |
| accel | Extra Tree | 056 | 055] 0.56 0.57 | 0.56 |
| meds | Calibrated | 078 | 077| 078 | 0.83 | 0.79 |
| demo | QDA | 074 ] 071] 073 0.83 | 0.75 |
| diseases | LGBM | 0.64| 064] 0.64 | 0.65 | 0.64 |
| clinical | Calibrated | 056 | 05| 057 0.62 | 0.56 |
‘ accel + meds ‘ Calibrated ‘ 0.79 ‘ 0.77 ‘ 0.78 ‘ 0.84 ‘ 0.80 ‘
| accel + demo | Calibrated | 059 | 057| 059 | 0.61 | 0.59 |
| accel + diseases | Logistic | 0.60 | 059 0.60 | 0.61 | 0.60 |
| accel + clinical | KNN | 050 | 049 | 050 | 0.50 | 0.50 |

aceel Fmeds £ GaBoost 074 | 073| 074 0.79 0.75

accel 13‘:}8 * | Random Forest | 0.77| 0.76 | 0.7 0.84 0.78

accel + meds +

demo + clin + Random Forest 0.79 0.77 0.78 0.84 0.80

diseases




4.4. Experimental Results 68
Table 4.7: Mild vs Moderate
Input Clzz?;ier 11;{88 S(lz?olre Recall - Precision H?\I;II::I? -
Day
| | Dummy | 050 | 054] 067 | 0.45 | 0.53 |
| accel | MLP | 052 056 0.8 | 0.67 | 0.60 |
| meds | AdaBoost | 058 | 0.64] 0.66 | 0.64 | 0.63 |
| demo | QDA | 059 | 063] 063 | 0.64 | 0.62 |
| diseases | CatBoost | 050 | 054| 067 | 0.45 | 0.53 |
| clinical | KNN | 057 ] 063] 0.70 | 0.68 | 0.64 |
‘ accel + meds ‘ Random Forest ‘ 0.64 ‘ 0.66 ‘ 0.66 ‘ 0.68 ‘ 0.66 ‘
‘ accel + demo ‘ Random Forest ‘ 0.62 ‘ 0.59 ‘ 0.58 ‘ 0.67 ‘ 0.61 ‘
‘ accel + diseases ‘ XGBoost ‘ 0.52 ‘ 0.54 ‘ 0.53 ‘ 0.57 ‘ 0.54 ‘
| accel + clinical | CatBoost | 058 | 0.64| 0.66 | 0.63 | 0.62 |
ZZ‘;ELJ“ meds | CatBoost 0.61 | 068 0.71 0.69 0.67
3‘;2)1?1‘:35 * | AdaBoost 0.68 | 0.70 | 0.70 0.71 0.70
accel + meds +
demo + clin + Random Forest 0.67 0.69 0.68 0.70 0.68
diseases
Night
| | Dummy | 050 | 046| 061 | 0.37 | 0.47 |
| accel | Bagging | 054 053] 063 | 0.68 | 0.59 |
| meds | XGBoost | 0.63| 063] 062 ] 0.65 | 0.63 |
| demo | XGBoost | 0.61] 063] 0.68] 0.72 | 0.66 |
| discases | XGBoost | 049 | 049 | 059 | 0.50 | 0.51 |
| clinical | LGBM | 0.63| 0.66 | 0.70 | 0.70 | 0.67 |
| accel + meds | MLP | 054 055| 0.63 | 0.65 | 0.59 |
| accel + demo | AdaBoost | 057 | 059 | 063 | 0.62 | 0.60 |
| accel 4 diseases | Bagging | 050 | 050 059 | 0.52 | 0.52 |
| accel + clinical | LGBM | 058 | 053| 0.54 | 0.62 | 0.56 |
accel Fmeds 1 qoa 0.61 | 064 066 0.65 0.64
Zﬁiiﬁfgs Tl qpa 062 | 065 067 0.66 0.65
accel + meds +
demo + clin + Gaussian NB 0.50 0.51 0.59 0.53 0.53
diseases
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+ meds + demo + clin”) produced the highest performance metrics for daytime classifica-
tions. During the day, the AdaBoost classifier achieved the best results with a Harmonic
Mean of 0.70, an ROC AUC of 0.68, and an F1 Score of 0.70. Notably, there was a consid-
erable gain in this scenario compared to using only analgesic medication, which is different
from the previous experiments. At night, the clinical data input alone (”clinical”), with
the LGBM classifier as the best performer, resulted in the highest performance with a
Harmonic Mean of 0.67, an ROC AUC of 0.63, and an F1 Score of 0.66.

4.4.4 Moderate vs Severe

The results, detailed in Table 4.8, show that the combination of accelerometer, medica-
tion, and demographic data (”accel + meds + demo”) produced the highest performance
metrics for daytime classifications. In this configuration, the AdaBoost classifier achieved
the best results with a Harmonic Mean of 0.75, an ROC AUC of 0.74, and an F1 Score
of 0.74.

At night, the demographic data input alone ("demo”) with the XGBoost classifier
resulted in the highest performance, with a Harmonic Mean of 0.73, an ROC AUC of
0.73, and an F1 Score of 0.73.

4.4.5 Mild vs Severe

The results, shown in Table 4.9, indicate that the combination of accelerometer, medica-
tion, and demographic data (”accel + meds + demo”) produced the highest performance
metrics for daytime classifications. The Random Forest classifier achieved the best results
for this input with a Harmonic Mean of 0.68, an ROC AUC of 0.63, and an F1 Score of
0.69.

At night, the clinical data input alone (”clinical”) with the Logistic classifier re-
sulted in the highest performance, with a Harmonic Mean of 0.73, an ROC AUC of 0.69,
and an F1 Score of 0.71.

4.4.6 Pain Variation

The results in Table 4.10 indicate that the best performance during the day was achieved
by the demographic data input alone ("demo”) with the Decision Tree classifier. This
combination yielded a Harmonic Mean of 0.51, a ROC AUC of 0.49, and an F1 Score of
0.52. This highlights the effectiveness of using demographic data to differentiate between
mild and severe pain levels in ICU patients during the day.

At night, the combination of medication data ("meds”) with the LGBM classifier
resulted in the highest performance, with a Harmonic Mean of 0.62, a ROC AUC of 0.72,
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Table 4.8: Moderate vs Severe
Input Clzz?;ier 11;{88 S(lz?olre Recall - Precision H?\I;II::I? .
Day

| | Dummy | 050 | 030| 047 | 0.22 | 0.34 |
| accel | QDA | 052 ] 041| 049 | 0.54 | 0.49 |
| meds | LDA | 073 | 074| 0.74 | 0.74 | 0.74 |
| demo | Logistic | 063] 063] 0.64] 0.66 | 0.64 |
| diseases | Extra Tree | 0.62 | 0.62] 0.3 | 0.64 | 0.63 |
| clinical | Decision Tree | 0.55 | 0.54 |  0.54 | 0.55 | 0.54 |
| accel + meds | AdaBoost | 0.70 | 0.70 |  0.70 | 0.70 | 0.70 |
| accel + demo | MLP | 0.64| 064] 0.64 | 0.64 | 0.64 |
| accel + diseases | Gaussian NB | 0.60 | 0.59 |  0.61 | 0.61 | 0.60 |
‘ accel + clinical ‘ Extra Tree ‘ 0.53 ‘ 0.53 ‘ 0.53 ‘ 0.53 ‘ 0.53 ‘
aecel +meds + | AdaBoost | 0.74| 0.74| 075 0.75 0.75
Z‘;ﬁiig‘jﬁs T | AdaBoost 074 | 074| 074 0.74 0.74

accel + meds +

demo + clin + LDA 0.67 | 0.67| 0.67 0.67 0.67
diseases

Night

| | Dummy 050 | 028 [045 |0.20 | 0.31 |
| accel | Calibrated | 0.60 | 0.57 | 0.58 | 0.63 | 0.59 |
| meds | Extra Tree | 0.61 | 0.56 | 0.58 | 0.64 | 0.60 |
| demo | XGBoost | 0.73 | 0.73 |0.73 |0.74 | 0.73 |
| diseases | Bernoulli NB | 0.54 | 052 | 057 | 0.56 | 0.55 |
| clinical | Bagging | 047 | 046 | 046 | 0.48 | 0.47 |
| accel + meds | AdaBoost | 0.58 | 0.58 | 0.60 | 0.59 | 0.59 |
| accel + demo | XGBoost | 0.66 | 0.66 |0.66 | 0.67 | 0.66 |
‘ accel + diseases ‘ Bagging ‘ 0.58 ‘ 0.56 ‘ 0.57 ‘ 0.59 ‘ 0.57 ‘
| accel + clinical | AdaBoost | 0.55 | 0.53 | 0.58 | 0.58 | 0.56 |

accel M E | XGBoost | 066 | 0.66 | 0.66 | 0.67 0.66

Zﬁiiﬁ‘:gs T wmrp 0.66 |064 |064 | 068 0.65

accel + meds +

demo + clin + LDA 068 |0.68 |0.69 |0.69 0.68

diseases
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Table 4.9: Mild x Severe
Input Clzz?;ier PA{SS S(]:?olre Recall - Precision H?\I/'II:;? .
Day

| | Dummy | 050 | 052] 0.66 | 0.43 | 0.51 |
| accel | XGBoost | 058 | 0.64] 0.66 | 0.63 | 0.63 |
| meds | CatBoost | 062 067] 0.9 | 0.67 | 0.66 |
| demo | Random Forest | 0.60 | 0.66 | 0.69 | 0.68 | 0.66 |
| diseases | Gaussian NB | 0.61| 064] 064 0.64 | 0.63 |
| clinical | KNN | 057 | 062] 0.64 | 0.62 | 0.61 |
| accel + meds | LGBM | 0.60 | 0.66] 068 | 0.66 | 0.65 |
| accel + demo | LDA | 0.61| 066] 068 | 0.66 | 0.65 |
| accel + diseases | LDA | 056 | 0.62] 0.67 | 0.64 | 0.62 |
| accel + clinical | KNN | 056 | 0.62] 0.62] 0.61 | 0.60 |

ZZ‘I:ELJF meds + | Random Forest | 0.63 | 0.69 | 0.71 0.69 0.68

Zﬁiig‘ﬁs T | Gaussian NB 0.65 | 067 | 067 0.68 0.67

accel + meds +

demo + clin + CatBoost 0.60 0.66 0.69 0.68 0.66

diseases

Night

| | Dummy | 050 | 045| 0.60 | 0.36 | 0.46 |
| accel | Bernoulli NB | 056 | 058] 059 | 0.58 | 0.58 |
| meds | AdaBoost | 069 | 063] 065 | 0.76 | 0.68 |
| demo | QDA | 0.64] 065] 0.65 | 0.65 | 0.65 |
| diseases | GaussianNB | 052] 053] 0.0 | 0.57 | 0.55 |
| clinical | Logistic | 0.69| 0.71| 0.74 | 0.80 | 0.73 |
| accel + meds | Bernoulli NB | 0.66 | 0.62| 0.62 | 0.70 | 0.65 |
| accel + demo | Bernoulli NB | 052 | 053] 0.60 | 0.57 | 0.55 |
‘ accel + diseases ‘ Decision Tree ‘ 0.58 ‘ 0.56 ‘ 0.56 ‘ 0.60 ‘ 0.57 ‘
| accel + clinical | Extra Tree | 0.60 | 059 059 | 0.62 | 0.60 |

aceel Fmeds | Decision Tree 062 06| 06 0.65 0.62

accel 13‘:}8 T | Extra Tree 061 | 062 062 0.63 0.62

accel + meds +

demo + clin + Bernoulli NB 0.56 | 0.57 | 0.63 0.64 0.60

diseases




4.4. Experimental Results 72
Table 4.10: Pain Variation
Input ClaBsZ?Eier igg Sf‘olre Recall  Precision H?\I;IIS:I? .
Day

| | Dummy | 050 | 03L] 048] 0.23 | 0.34 |
| accel | LGBM | 050 | 040| 043 0.40 | 0.43 |
| meds | Categorical NB | 0.55 | 043 |  0.49 | 0.42 | 0.47 |
| demo | Decision Tree | 0.49 | 0.52| 0.53 | 0.51 | 0.51 |
‘ diseases ‘ Gaussian NB ‘ 0.54 ‘ 0.41 ‘ 0.48 ‘ 0.51 ‘ 0.48 ‘
| clinical | KNN | 056 | 042 042 0.42 | 0.45 |
‘ accel + meds ‘ CatBoost ‘ 0.54 ‘ 0.39 ‘ 0.39 ‘ 0.45 ‘ 0.44 ‘
| accel + demo | Extra Tree | 049 ] 036] 037 0.35 | 0.38 |
‘ accel + diseases ‘ Gaussian NB ‘ 0.54 ‘ 0.40 ‘ 0.46 ‘ 0.53 ‘ 0.48 ‘
‘ accel + clinical ‘ Extra Trees ‘ 0.54 ‘ 0.41 ‘ 0.44 ‘ 0.43 ‘ 0.45 ‘

aceel £ meds + 1 CatBoost 049 | 038 | 038 0.46 0.42

32?21)113‘38 T | CatBoost 050 | 039] 0.38 0.46 0.43

accel + meds +

demo + clin + | Decision Tree 0.57 0.45 0.43 0.54 0.49

diseases

Night

| | Dummy | 050 | 032] 049 0.24 | 0.36 |
| accel | Gaussian NB | 053 | 0.39] 049 | 0.51 | 0.47 |
| meds | LGBM | 0.72| 0.58| 0.59 | 0.61 | 0.62 |
| demo | Bagging | 061] 053] 055 0.53 | 0.55 |
| discases | Bernoulli NB | 0.64 | 050 | 0.54 | 0.52 | 0.55 |
| clinical | Bagging | 044 038] 041 0.38 | 0.40 |
| accel + meds | CatBoost | 073 057|057 | 0.57 | 0.60 |
| accel + demo | Extra Tree | 055 ] 049| 049 | 0.51 | 0.51 |
| accel 4 diseases | Bernoulli NB | 0.59 | 0.46 |  0.48 | 0.45 | 0.49 |
| accel + clinical | KNN | 047 ] 042 045 0.41 | 0.4 |

aceel +meds | A daBoost 0.65| 057| 060 0.60 0.60

ZZ;?LTQTSS * | Decision Tree | 0.65| 057| 057 0.58 0.59

accel + meds +

demo + clin + | Bernoulli NB 0.67 0.55 0.54 0.58 0.58

diseases
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and an F1 Score of 0.58. This outcome suggests that medication data alone can be a

strong predictor for classifying pain severity during nighttime.

4.5 Discussion

Table 4.11: Classifier Performance

Classifier Appearances
CatBoost 15
Bernoulli NB 13
XGBoost 13
AdaBoost 13
Bagging 12
Decision Tree 11
QDA 11
Gaussian NB 11
MLP 9
Extra Tree 9
KNN 9
Logistic 6
Calibrated 6
Extra Trees 6
LDA 7
Random Forest 7
LGBM 7
Dummy 2
Categorical NB 1

As shown in Table 4.11, CatBoost, Bernoulli NB, XGBoost, AdaBoost and Bagging
are the top 5 most frequently best-performing classifiers across various input scenarios we
evaluated. These classifiers share several similarities that may contribute to their perfor-
mance. Firstly, CatBoost, XGBoost, and AdaBoost are all boosting algorithms, which
work by combining the predictions of several base estimators to improve robustness and
accuracy. This boosting approach helps capture complex patterns in the data by focusing
on difficult-to-predict instances, thus enhancing overall model performance. Secondly,

Bernoulli NB and Bagging represent probabilistic and ensemble methods, respectively.
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Table 4.12: Best Inputs for Different Pain Classification Experiments

Experiment Day Night
11 pain levels ‘ meds ‘ meds
Pain vs No pain ‘ accel + meds ‘ accel + meds

Mild vs Moderate ‘ accel + meds + demo + clin ‘ clinical

Moderate vs Severe ‘ accel + meds + demo ‘ demo
Mild vs Severe ‘ accel + meds + demo ‘ clinical
Pain Variation ‘ demo ‘ meds

Bernoulli NB, a type of Naive Bayes classifier, is particularly effective when features are
binary and conditionally independent, which may suit the structured and diverse nature of
the input data. Bagging, short for Bootstrap Aggregating, reduces variance by averaging
multiple decision trees, thus providing stability and improving predictive accuracy.

Overall, the adaptability of these classifiers to different data characteristics and
their inherent mechanisms to enhance prediction accuracy likely contribute to their con-
sistent top performance.

Table 4.12 provides insights into the optimal inputs for the various pain classifica-
tion experiments conducted. Overall, analgesic medications (meds) consistently emerged
as a key input for multiple pain classification scenarios, both during the day and night.
This suggests that medication data is crucial for understanding and predicting pain levels,
likely due to its direct impact on pain modulation.

The combination of accelerometer data and medications (accel + meds) was par-
ticularly effective for distinguishing between pain and no pain across different times. This
combination indicates that incorporating both physiological data and medication usage
provides a comprehensive perspective on the patient’s pain status.

During the day, more complex combinations of inputs, such as accelerometer data,
medications, demographics, and clinical data (accel + meds + demo + clin), often pro-
vided the best results. This trend suggests that a multifaceted approach, integrating
various types of data, is beneficial in capturing the nuances of pain experiences when
patients are more active and exposed to a wider range of influences.

At night, single data sources like clinical data or demographic data alone were fre-
quently sufficient for effective pain classification. This may indicate that during nighttime,
when activity levels are lower and more stable, the complexity of input combinations is

less critical for accurate pain assessment.
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Chapter 5

Acuity Assessment

In critical care, acuity indicates the seriousness of a patient’s illness and the prior-
ity of care required. Traditional methods of assessing acuity have relied on manual,
threshold-based scoring systems such as Acute Physiology and Chronic Health Evalua-
tion (APACHE) [73], Simplified Acute Physiology Score (SAPS) [76], Sequential Organ
Failure Assessment (SOFA) [133] and Modified Early Warning Score (MEWS) [46], which
analyze physiological parameters, laboratory results, and relevant clinical data to pre-
dict patient mortality and determine their care needs. These assessments aid clinical
decision-making, resource allocation, staffing decisions, and efficient budget management.
Recently, machine learning, especially deep learning techniques, has shown promise in
improving acuity assessments by analyzing comprehensive data from electronic health
records (EHR) [25, 71, 80, 103, 119]. However, they are restricted to EHR’s physiological
data and often overlook behavioral factors. To address this, recent studies have proposed
augmenting EHR data with continuous sensing technology like wrist-worn accelerometers,

offering more holistic insights into patient discharge as a proxy for acuity.

5.1 Methodology

In this work, we differ from the current literature by proposing to evaluate the viability
of using accelerometer and EHR data to assess patients’ acuity directly instead of using
patient discharge status as a proxy. Following the same acuity phenotyping approach
proposed by Ren et al. [108], the goal is to discern the patient’s state as stable or unsta-
ble. To achieve this, we have developed an end-to-end deep learning pipeline based on
accelerometer and EHR data (Figure 5.1).

We evaluated five different neural network architectures, namely, VGG [124],
ResNet [58], MobileNet [61], SqueezeNet (SENet) [62], and a custom Transformer-
based network [130] since both convolutional neural networks (CNNs) and Trans-
formers architectures are well-accepted in the sensor-based human activity recognition
field [66, 84, 89, 104, 105]. The CNN architecture can detect patterns regardless of their
position in the sequence and extract both simple and complex movement patterns due

to its hierarchical structure. On the other hand, Transformers are advantageous for pro-
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Figure 5.1: The proposed approach is an end-to-end neural network system that lever-
ages accelerometer and EHR data to assess patient acuity, discerning between stable and
unstable states.

cessing accelerometer data because their self-attention mechanism can capture long-term
dependencies and weigh the importance of different elements in a temporal sequence [89].
Consequently, each patient’s movement can be contextualized in relation to the other
movements within a time window, directing the network’s attention to the key movement

patterns for assessing the patient’s condition.

5.1.1 Deep Learning Models

The selection of models was grounded in their capabilities: VGG and ResNet for their
depth, MobileNet, and SENet for their small number of parameters compared to ResNet
and VGG, thus making them a suitable choice for edge deployment and for reducing the
decision-making latency, which is crucial if deployed in the ICU setting. The transformer
was selected for its unique attention mechanism, which enables modeling long-range de-
pendencies in input signals. VGG, ResNet, MobileNet, and SENet were initially designed
for image classification and required an architecture adaptation to suit accelerometer data.
We tailored the original models to process 1D time series while preserving the fundamen-
tal layer-wise structure and defining characteristics. It entailed replacing 2D convolution,
average pooling, and max pooling layers with their 1D counterparts and adjusting in-
put channel configurations to match our data dimensions. For ResNet, SqueezeNet, and
MobileNet, we retained essential components such as residual blocks (in ResNet), Squeeze-
and-Excitation blocks (in SqueezeNet), and Depthwise Separable Convolution blocks (in
MobileNet), with modifications primarily consisting of substituting 2D convolution and
pooling filters with their 1D counterparts and updating channel parameters. The fully
connected layers were kept unchanged. To further aggregate clinical and demographic

features into the classification pipeline, we concatenated them with the dense features
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Figure 5.2: Transformer-based architecture for the acuity assessment task. “Accel” stands
for Accelerometer Sensor, “Conv1D” stands for 1D Convolution, “Flatten” stands for 2D
to 1D flattening Layer, and “Fully Connected” stands for fully connected layer.

extracted from the fully connected layer.

In contrast, Transformer architectures are innately suited for sequence data pro-
cessing due to their self-attention mechanism and parallel processing capabilities. In our
methodology, we extracted sequential feature embeddings from raw accelerometer sensor
data using a feature embedding convolution layer with a kernel size of 5 and 64 chan-
nels. We then provided the extracted features, followed by adding positional encodings
to capture the temporal order of the data into a Transformer encoding layer. We further
processed the extracted contextual features through another set of convolution and fully
connected layers to enable our downstream classification tasks. We concatenated clinical
and demographic features with the dense features extracted from the fully connected layer,
like the approach adopted in earlier models. The model architecture is demonstrated in

Figure 5.2.
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Figure 5.3: Evaluation protocol consists of a hold-out test set (30% of the data) for
evaluation and a training set (70% of the data) split using 3-fold cross-validation for
hyperparameter tuning.

5.2 Evaluation Protocol

In assessing the deep learning models, we implemented a thorough evaluation protocol
to ensure reliability and transparency, emphasizing subject independence. As shown in
Figure 5.3, this protocol combined two established methods: 3-fold cross-validation and
the holdout approach.

Initially, the holdout method divided the dataset into a development set (70%)
and a separate holdout test set (30%), adhering to subject independence principles. The
3-fold cross-validation was then applied within the development set to facilitate robust
hyperparameter optimization and guard against potential overfitting. This step was cru-
cial for obtaining a reliable performance estimate, especially given our dataset’s limited
size. Within each fold, distinct training and validation datasets were created, ensuring
that each patient’s data was exclusively assigned to either the training or validation set
used in that fold. This approach maintained the integrity of the evaluation process and
upheld the principle of subject independence throughout.

The models underwent training and validation using the development dataset to
determine the most effective hyperparameters. After completing this step, they were
assessed using the holdout test set to gauge their ability to generalize to unseen data.

Figure 5.4 shows our dataset’s patient and sample distribution.

During the 3-fold cross-validation process, we utilized Optuna [4] to search over
the hyperparameters rather than a traditional grid search. Optuna reduces the runtime
by pruning fewer promising trials during runtime. For every set of hyperparameters, we
maximized the area under the ROC curve (AUC) for each fold. After deriving the AUC

for every fold, we calculated the mean and standard deviation of these values over all folds
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of the 3-fold cross-validation. The hyperparameters yielding the highest mean validation
AUC across all folds were deemed optimal and were used to train the final model.

In addition to using deep neural networks, we also incorporated the SOFA score as
a rule-based scoring system into our evaluation process as a baseline. The SOFA score,
well-established in assessing patients in ICUs, provides an objective and standardized
means of tracking a patient’s condition over time. These properties make the SOFA score
an indicator of the acuity state assessment task. To measure the acuity states, we scaled
the SOFA scores within the range of [0, 1] using min-max normalization. We treated these
normalized scores as probability values and utilized the Youden index [140] to determine
the optimal threshold for classifying the normalized scores and generating predictions.

Once the models were trained using optimized hyperparameters over the entire
training cohort, we assessed their performance using bootstrapping with a replacement
on a holdout test set. We created 100 synthetic bootstrapped versions of the holdout test
set samples. These bootstrapped test sets were of the same length as the original test
set. The model’s performance was then calculated on all bootstraps. We reported the
median and 95% confidence interval (CI) of several performance metrics: AUC, precision,
sensitivity, specificity, and F1 score. The p-value was calculated to assess the statistical
significance of the observed performance metrics values against a null hypothesis that was
no better than the previous setups [6].

Finally, we performed SHAP (SHapley Additive exPlanations) [83] analysis on the
best-performing models to interpret relative feature importance, providing insights into
how various features contribute to model predictions. This analysis aids in understanding
the model’s decision-making process and can guide further refinement or feature engineer-

ing efforts.

5.3 Experiment Results

We evaluated the performance of five deep learning models on different combinations
of feature sets: accelerometer data only (Accel), accelerometer data with demographics
(Accel + Demo), accelerometer data with clinical information (Accel + Clinical), and
a combination of accelerometer data, demographics, and clinical information (Accel +
Demo + Clinical). We refer to demographics as the features of age, sex, race, height,
and weight and as clinical data, the length of stay, blood pressure, heart rate, SpO2,
pain score, Braden score, and cognitive status. In addition, we used the SOFA score as a
baseline to compare performances across the rule-based and deep learning-based methods.
We also evaluate the combination of demographics and clinical data (Demo + Clinical)
to evaluate the accelerometer’s contribution to the acuity status assessment. The results

are summarized in Table 5.1.
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Table 5.2: Best hyperparameters for each scenario.

Clinical Data

Number Batch Learning Weight Accelerome'ter
Model of Parameters size Rate Deca Downsampling
(Million) y Factor
| Accel | Squeezenet | 4.33 | 16 | 2.11x 10-4 | 9.23 x 10-6 | 1]
| Accel + Demo | Resnet | 3.90 | 16 | 1.16 x 10-4 | 2.77 x 10-6 | 2 |
‘ SCCQH Clinical ‘ Squeezenet ‘ 5.61 ‘ 16 ‘ 2.14 x 10-4 ‘ 9.88 x 10-4 ‘ 1 ‘
ata
‘ Accel + Demo + ‘ Resnet ‘ 4.21 ‘ 16 ‘ 9.37 x 10-5 ‘ 2.13 x 10-4 ‘ 2 ‘

The performance of our baseline SOFA score-based predictor is notably limited,
with suboptimal AUC (0.53), precision (0.23), sensitivity (0.30), and F1 score (0.66).
However, the model demonstrates a relatively high specificity of 0.76.

Incorporating accelerometer data (Accel) alone or combined with demographic and
clinical variables (Accel + Demo, Accel + Clinical, Accel + Demo + Clinical) significantly
improved the model’s performance across all metrics. Adding accelerometer data improves
AUC, precision, sensitivity, specificity, and F1-score compared to the SOFA score baseline.

Combining accelerometer data with demographic and clinical variables (Accel +
Demo + Clinical) yields the best overall performance among the scenarios involving ac-
celerometer data. This model achieves the highest AUC of 0.73, indicating superior
discriminative ability compared to other scenarios. Moreover, it exhibits the highest pre-
cision (0.80), sensitivity (0.60), specificity (0.79), and F1 score (0.77). Our best setup
demonstrated a relatively lower p-value.

Optuna provided us with detailed information and hyperparameter selection sug-
gestions. Table 5.2 outlines the best hyperparameters found by the search for each com-
bination of feature sets. Table 5.3 comprehensively overviews the hyperparameters and
their corresponding values. For the scenario where only accelerometer data was utilized
(Accel), SqueezeNet architecture with a batch size 16, learning rate of 2.11 x 10-4, and
weight decay of 9.23 x 10-6 yielded the best results. The accelerometer downsampling
factor was set to 1. Incorporating demographic data and accelerometer data (Accel +
Demo) led to selecting Resnet architecture with similar hyperparameters, except for a
slightly lower learning rate of 1.16 x 10-4 and weight decay of 2.77 x 10 6. The down-
sampling factor was adjusted to 2 in this scenario. When clinical data was added to
accelerometer data (Accel + Clinical Data), SqueezeNet architecture was again favored,
with hyperparameters akin to the Accel scenario, except for a higher weight decay of 9.88
x 10-4 Finally, combining accelerometer, demographic, and clinical data (Accel + Demo
+ Clinical Data) led to the choice of Resnet architecture with a batch size of 16, a learning
rate of 9.37 x 10-5, and weight decay of 2.13 x 10-4. The downsampling factor remained
consistent with the Accel + Demo scenario at 2. We achieved the best Accel + Demo +
Clinical scenario performance AUC of 0.73 (0.63-0.78).
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Table 5.3: Overview of the hyperparameters and their respective values explored in the
hyperparameter optimization

Hyperparameter Values
Model VGG, ResNet, MobileNet,
ode SqueezeNet, and Transformers
‘ Batch size ‘ 8, 16, 24 and 32 ‘

Learning rate

ranging
from 10-5 to 10-1

Weight decay

ranging

from 10-10 to 10-3
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Figure 5.5: SHAP bee swarm plot illustrating feature importance for different types of
feature combinations.
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Figure 5.5 illustrates the application of SHAP interpretability analysis in detecting
relative feature importance for three specific feature combinations: accelerometer and
demographic features, accelerometer and clinical features, and accelerometer clinical and
demographic features. This analysis is conducted on the best models obtained for each
feature combination scenario. The significance of these features can aid in potential

feature selection or assessing their impact on patient diagnosis.

5.4 Discussion

This study explored the potential of accelerometry and EHR data in directly determining
patients’ acuity state as an alternative to depending exclusively on rule-based scoring
systems like the SOFA score. Our analysis revealed that the SOFA score-based predic-
tor exhibited notable limitations, with suboptimal precision, sensitivity, and F1 score,
reflecting its inadequacy in effectively evaluating patient conditions. Although the model
demonstrated relatively high specificity, its AUC did not significantly surpass random
chance, indicating the need for more sophisticated predictive models in clinical practice.

In contrast, incorporating accelerometer data alone or combined with demographic
and clinical variables significantly enhanced model performance across all metrics. No-
tably, adding accelerometer data improved AUC, precision, sensitivity, specificity, and F1
score compared to the SOFA score baseline. These findings underscored the importance of
integrating additional features beyond traditional clinical variables for accurate predictive
modeling in medical settings. We believe that the additional features encompass aspects
of patient physiology and functional status that are not effectively captured by SOFA
inputs (or inputs for other traditional models such as APACHE and MEWS). The abil-
ity of accelerometer data to capture patient mobility and range of motion continuously
can augment the current practice of hourly assessments that are subject to individual
bias and are limited to observations of the bedside nurse. Therefore, we are enhancing
predictive performance and adding nuance to patient assessment, enriching the overall
assessment process. Among the scenarios involving accelerometer data, the model incor-
porating accelerometer data with demographics and clinical information (Accel + Demo
+ Clinical) demonstrated the best overall performance. This comprehensive approach
yielded the highest AUC, precision, sensitivity, specificity, and F1 score, emphasizing the
synergistic benefits of integrating multiple data types for predictive modeling. The robust
performance of this model, with highly significant p-values, validated its effectiveness in
predicting patient outcomes.

All models performed best with maintaining the original frequency of the ac-
celerometer (downsampling scale of 1) which indicated that the long sequence was not
a problem for the employed architectures. Notably, a bigger batch size was necessary

for the models when clinical data was included in the model. It could indicate that the
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added complexity introduced by the clinical data required more samples to be processed
simultaneously for the model to effectively identify patterns, optimize the gradients, and
achieve better convergence during training.

While our study sheds light on the use of accelerometers for acuity assessment, it
is crucial to acknowledge limitations. Firstly, the generalizability of our findings may be
constrained by the size and patient population of mainly white people studied at a single
center, warranting validation on diverse datasets to enhance applicability. Despite the
clinical research team’s daily checks to ensure proper placement of accelerometer devices
and requests to the nursing staff to document the times of device removal and application,
it is probable that a small amount of data included in this study’s analyses were recorded
while the device was not placed on the patient. The exclusion of patients who died within
24 hours of recruitment, coupled with the inability to place study devices on the arms
of patients with numerous intravenous and/or intraarterial lines or other equipment (i.e.,
wrist restraints), may have introduced bias through the exclusion of these high acuity
patients from our cohort. Furthermore, the collection of accelerometry data and use of a
motion-monitoring system may be unsuited for the acuity assessments of intubated and
sedated patients since the active mobility in these patients is extremely limited.

Finally, it is essential to note that SHAP feature importance is correlated with
model performance and may be vulnerable to misclassification due to overfitting, poten-
tially leading to erroneous feature interpretations.

In Figures 5.5a, 5.5b, and 5.5¢, it is evident that in the combinations of ac-
celerometer with demographic features, accelerometer with clinical features, and all of
them together, the accelerometer features exhibit higher importance compared to other
features. The accelerometer features demonstrate a broad range of values in positive
and negative directions, suggesting its strong indicative nature for acuity analysis, which
aligns with our best model results.

Across scenarios utilizing only accelerometer data, accelerometer with demographic
data, and accelerometer with clinical data, similar performance was observed on our test
data, with an AUC of 0.62 for each combination. It suggests that clinical or demographic
features alone, when combined with accelerometer data, do not significantly enhance the
models’ ability to classify our dataset. It underscores the critical role of accelerometer
data in acuity assessment tasks.

Furthermore, combining accelerometer data with clinical and demographic data
improved the AUC from 0.62 to 0.73, indicating an inter-feature dependency among these

variables, which benefits our model.
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Chapter 6

Conclusions

This study demonstrates the viability of using accelerometer data combined with elec-
tronic health records to predict pain in ICU patients. Analgesic medication data consis-
tently emerged as a critical input for pain classification across different times of the day,
underscoring the importance of medication data in understanding and predicting pain
levels due to its direct impact on pain modulation.

Our findings reveal that multiclass classification for pain score and pain variation
has demonstrated poor performance. In contrast, binary classification between groups
of pain has yielded satisfactory results. Among the classifiers evaluated, boosting algo-
rithms have consistently been the top three most frequently best-performing methods.
Additionally, the inclusion of analgesic information has proven to be critical in the ac-
curate prediction of pain. Our findings indicate that during the day, the integration of
multiple input sources typically produced the most reliable results. However, at night,
single data sources were often sufficient to achieve effective pain classification. In address-
ing our first research question, "What potential do accelerometers have in assessing and
quantifying pain levels in ICU patients?”, it was found that accelerometer data did not
significantly contribute to improving pain prediction.

While this study provides some insights, there remains room for improvement. Fu-
ture work will focus on intra-patient pain prediction to better tailor pain management
strategies to individual patients. Additionally, ensemble methods will be implemented to
combine the best-performing classifiers, potentially enhancing predictive accuracy. Ex-
ploring deep learning methods, particularly those suited for processing temporal data,
will also be a key area of investigation to further refine our pain prediction models.

Regarding acuity, our analysis revealed limitations in the SOFA-based predictor,
highlighting the need for more sophisticated models in clinical practice. In addressing
our first research question, ”In what ways might accelerometers aid in evaluating patient
acuity in the ICU setting?”, it was found that integrating accelerometer data, either alone
or with demographic and clinical variables, significantly enhanced model performance,
underscoring the importance of diverse data sources in predictive modeling. The model
combining accelerometer data with demographics and clinical information exhibited the

highest performance, validating its efficacy in predicting patient acuity. This underscores
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the importance of a comprehensive approach to patient acuity assessment in critical care
settings.

Accelerometer data emerges as an area of high potential for future research endeav-
ors. Its utility extends to evaluating patient mobility, i.e., measuring the ability to change
and control body position. Expanding this research to include the integration of addi-
tional clinical features, such as medication history, laboratory test results, and admission
information, holds potential for further advancements. Moreover, utilizing multimodal
models incorporating various pervasive sensing data like depth images, color RGB im-
ages, electromyography, sound pressure, and light levels offers opportunities to enhance
model performance.

It is important to acknowledge that the observational studies for which this data
was collected were conducted to be unobtrusive to patient care, and patients or their
proxies were always allowed to opt out of or discontinue accelerometer data collection.
Additional research is required to ascertain the reliability of mobility data for evaluating
intubated and sedated patients. Moreover, further investigation is warranted to evaluate
their seamless integration into clinical workflows, ensuring they don’t add to the nursing
workload or cause physician information overload. Additionally, thoughtful consideration
needs to be given to how the outputs and assessments of these models can be communi-

cated effectively, ensuring they offer actionable insights for healthcare providers.
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Appendix A

Pain Classification Results

Table A.1: DVPRS 11 Classes - Day - Accelerometer

Model igg Sfolre Recall Precision I\}I_I]? ARN TT;lI:? (:1

| LogisticRegression | 0.63 | 042 |055 |0.39 | 048 | 0.09 |
‘ LinearDiscriminant Analysis ‘ 0.55 ‘ 0.43 ‘ 0.50 ‘ 0.43 ‘ 0.48 ‘ 0.10 ‘
| MLPClassifier | 0.63 | 043 |047 |0.39 | 047 | 071 |
| BernoulliNB | 058 | 042 |047 |0.38 | 045 [ 0.06 |
| CatBoostClassifier | 0.60 | 039 [044 ]0.36 | 043|823 |
| CalibratedClassifierCV | 0.62 | 038 [054 |0.29 | 042 | 020 |
| AdaBoostClassifier 055 | 039 |040 |0.38 | 042 | 019 |
| DummyClassifier 050 |0.38 |054 |0.29 | 041 | 0.05 |
| RandomForestClassifier 055 | 036 |041 |0.33 | 040 | 029 |
| ExtraTreesClassifier 053 | 036 [038 |035 039|021 |
| XGBClassifier | 054 033 [034 |0.33 1037 079 |
| LGBMClassifier 055 | 032 [034 031 036 | 0.73 |
| DecisionTreeClassifier 051 033 [032 [034 036 | 0.06 |
| BaggingClassifier 049 031 [035 |0.29 1035 [0.09 |
| ExtraTreeClassifier 051 | 030 [029 |0.33 034 | 0.06 |
| GaussianNB | 0.53 | 0.05 |0.06 |0.55 010 [ 0.06 |
|

| QuadraticDiscriminantAnalysis | 0.00 | 0.00 | 0.01 | 0.00 | 0.00  |0.03
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Table A.2: DVPRS 11 Classes - Day -Accelerometer and Clinical

Model }:8.8 Sfolre Recall Precision 1\?];} ARN TT;E; Erll

| DummyClassifier |05 | 038 [054 |0.29 040 [ 0.05 |
| CalibratedClassifierCV | 0.48 [ 0.38 |054 |0.29 040 027 |
| LogisticRegression | 048 | 038 [053 |0.29 040  [011 |
| LinearDiscriminantAnalysis | 0.48 | 0.38 | 0.53 | 0.29 | 040 | 0.06 |
| RandomForestClassifier | 0.47 | 0.35 | 046 | 0.33 039 [038 |
| MLPClassifier 049 | 036 [049 |03 1039 065 |
| ExtraTreesClassifier |05 | 035 |047 |03 039 [023 |
| KNeighborsClassifier 047 | 036|044 | 0.31 038 [0.08 |
| AdaBoostClassifier |05 | 035 [046 |0.29 038 023 |
| CatBoostClassifier |05 034 [041 |03 037 | 747 |
| BernoulliNB | 047 | 035 |045 |0.28 037 [ 006 |
| XGBClassifier | 047 |03 ]033 |0.32 034 096 |
| LGBMClassifier 048 |0.28 [028 |0.29 032 082 |
| BaggingClassifier 051 | 026 |024 |0.28 030 016 |
| ExtraTreeClassifier 049 025 [0.23 |0.29 1029 005 |
| DecisionTreeClassifier 051 | 023 [019 |0.34 028 [ 006 |
|

| GaussianNB | 052 | 0.05 |0.07 |0.35 010 | 0.06
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Table A.3: DVPRS 11 Classes - Day -Accelerometer and Demographics

Model igg S(]jolre Recall Precision I\}I{];A ARN TTE:II:; i

| BaggingClassifier | 057 | 042 |054 |0.39 | 047 | 014 |
| LinearDiscriminantAnalysis | 0.56 | 0.39 | 0.51 | 0.43 | 046 | 0.06 |
| DecisionTreeClassifier | 057 | 042 |o047 |0.42 | 046 | 0.06 |
‘ RandomForestClassifier ‘ 0.57 ‘ 0.39 ‘ 0.54 ‘ 0.35 ‘ 0.44 ‘ 0.34 ‘
| CatBoostClassifier | 056 039 |052 |0.34 043|529 |
| XGBClassifier 056 |04 049 | 0.34 | 043 | 091 |
| LogisticRegression | 058 039 [053 |0.32 043 011 |
‘ ExtraTreesClassifier ‘ 0.56 ‘ 0.39 ‘ 0.54 ‘ 0.31 ‘ 0.42 ‘ 0.21 ‘
| QuadraticDiscriminantAnalysis | 0.53 | 0.39 | 0.54 | 0.31 | 042 |01 |
| MLPClassifier |05 039 |05  |0.33 042 069 |
| CalibratedClassifierCV 056 | 038 [0.54 ]0.29 041|034 |
| DummyClassifier |05 038 [054 [0.29 040 [ 0.05 |
| LGBMClassifier 058 | 035 [035 |0.38 | 040 | 1.03 |
| BernoulliNB | 054 035 [045 |0.29 1039 006 |
| ExtraTreeClassifier 051 |03 027 [0.35 034 005 |
| AdaBoostClassifier 05 03 |03 [o031 034|024 |
|

| GaussianNB | 0.53 | 0.06 |0.06 |0.36 | 0.11 | 0.06
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Table A.4: DVPRS 11 Classes - Day -Accelerometer and Diseases

Model igg S(]jolre Recall Precision 1\2{5 ARN ,%:;:; i

| DummyClassifier |05 | 038 [054 |0.29 | 0.402750518 | 0.05 |
| BernoulliNB | 046 | 038 [049 | 0.32 | 0.40115097 | 0.06 |
| RandomForestClassifier | 047 | 038 [054 |0.29 | 0.397639365 | 0.39 |
| ExtraTreeClassifier |05 037 [049 |03 | 0.39694935 | 0.05 |
| CalibratedClassifierCV | 046 | 038 [054 |0.29 | 0.395819368 | 0.29 |
| MLPClassifier | 044 | 036 [045 |0.35 | 0.394871795 | 0.74 |
| LinearDiscriminantAnalysis | 0.48 | 0.37 | 0.45 | 0.32 | 0.394739767 | 0.1 |
| LogisticRegression | 046 036 [046 |0.33 | 0.393859459 | 0.11 |
| ExtraTreesClassifier | 044 038 [054 |0.29 | 0.391986466 | 0.23 |
| BaggingClassifier |05 036 |048 |0.29 | 0.387995912 | 0.17 |
| CatBoostClassifier | 047 037 [049 ]0.29 | 0.387617389 | 12.81 |
| XGBClassifier | 045 035 |047 |0.29 | 0.375400017 | 0.95 |
| LGBMClassifier | 046 | 035 [o042 |0.29 | 0.368314489 | 1.16 |
| DecisionTreeClassifier |05 | 028 [028 |0.28 | 0.314606742 | 0.07 |
| QuadraticDiscriminantAnalysis | 0.46 | 0.24 | 0.24 | 0.26 | 0.278679612 | 0.11 |
| AdaBoostClassifier 049 | 018 [0.15 |0.24 | 0.21704091 | 0.23 |
|

| GaussianNB | 0.46 | 0.06 |0.06 | 0.43 | 0.105728285 | 0.06
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Table A.5: DVPRS 11 Classes - Day -Accelerometer and Medications

Model igg S(]jolre Recall Precision I\}I{];A ARN TTE:II:; i

| MLPClassifier 059 | 042 |048 | 0.41 | 047 | 0.81 |
| LogisticRegression | 0.62 | 041 |051 |0.38 | 046 | 012 |
‘ LinearDiscriminant Analysis ‘ 0.54 ‘ 0.42 ‘ 0.5 ‘ 0.39 ‘ 0.45 ‘ 0.12 ‘
| CalibratedClassifierCV |06 038 [054 |03 | 042|032 |
| BernoulliNB | 056 039 |041 |0.37 | 042 006 |
‘ ExtraTreesClassifier ‘ 0.56 ‘ 0.38 ‘ 0.45 ‘ 0.33 ‘ 0.41 ‘ 0.24 ‘
| RandomForestClassifier 055 | 037 |046 |0.33 | 041 | 036 |
| DummyClassifier |05 | 038 [054 |0.29 | 040 | 0.05 |
| CatBoostClassifier | 058 035 [036 |0.35 1039 |6 |
| AdaBoostClassifier | 052 [ 036 |0.38 |0.34 1039 025 |
| XGBClassifier 053 | 033 [033 |035 037 | 1.03 |
| LGBMClassifier | 057 |03 028 |0.39 036 | 1.07 |
| BaggingClassifier 053 | 031 [032 032 035|018 |
| DecisionTreeClassifier 051 | 025 [o021 [033 029 | 0.07 |
| ExtraTreeClassifier |05 024 |02  [0.32 028 005 |
| QuadraticDiscriminantAnalysis | 0.51 | 0.15 | 0.13 | 0.32 021|012 |
|

| GaussianNB | 052|003 [0.05 |0.42 | 0.07 | 0.06
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Table A.6: DVPRS 11 Classes - Day -Accelerometer, Medications, Demographics and

Clinical

Model igg Sfolre Recall Precision I\}I{]:JA ARN ,%:11:; (:1
‘ LogisticRegression ‘ 0.57 ‘ 0.45 ‘ 0.5 ‘ 0.41 ‘ 0.48 ‘ 0.2 ‘
| MLPClassifier | 058 | 042 [044 |04 | 045 | 261 |
| LinearDiscriminantAnalysis | 0.49 | 042 | 0.46 | 0.43 | 045 | 014 |
| CatBoostClassifier 059 039 [046 |0.33 | 042 659 |
| CalibratedClassifierCV | 058 | 0.38 |054 |0.29 | 041 | 047 |
| LGBMClassifier 056 | 037|043 ]0.35 041|113 |
| XGBClassifier 057 | 037 [044 |0.33 | 041 |11 |
‘ QuadraticDiscriminant Analysis ‘ 0.51 ‘ 0.38 ‘ 0.44 ‘ 0.34 ‘ 0.41 ‘ 0.13 ‘
| RandomForestClassifier | 058 | 037 [051 |0.29 | 041 | 035 |
| DummyClassifier |05 038 [054 |0.29 040 [ 0.05 |
| BaggingClassifier 051 | 037 [045 |0.31 040 017 |
| BernoulliNB | 056 035 [033 [0.37 1039 013 |
| ExtraTreesClassifier 053 | 035 |045 |0.28 038|023 |
| ExtraTreeClassifier 051 033 [032 [0.35 036 | 0.05 |
| DecisionTreeClassifier | 048 | 031 [034 |03 035 | 0.07 |
| AdaBoostClassifier | 045 | 032 [036 |0.28 034|027 |
| GaussianNB |05 002 [005 |0.55 1 0.05 006 |
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Table A.7: DVPRS 11 Classes - Day -Accelerometer, Medications, Demographics, Clinical
and Diseases

Model igg Sfolre Recall Precision I\}I{]:JA ARN ,%:11:; (:1

| LogisticRegression | 057 | 042 |05  |0.38 | 046 | 031 |
| RandomForestClassifier |06 |04 |055 |0.35 | 045 | 034 |
‘ LinearDiscriminant Analysis ‘ 0.53 ‘ 0.41 ‘ 0.43 ‘ 0.43 ‘ 0.45 ‘ 0.19 ‘
| CatBoostClassifier | 057 041 |048 |0.37 | 045 | 756 |
| MLPClassifier | 057 041 |045 |0.38 | 044 | 281 |
| BaggingClassifier 056 |04 |047 |0.36 | 044 | 019 |
| ExtraTreesClassifier | 057 039 [052 |0.33 043 024 |
| BernoulliNB | 058 | 039 |04 |04 | 043 | 012 |
| QuadraticDiscriminantAnalysis | 0.54 | 0.4 | 0.52 | 0.32 | 043 | 014 |
| CalibratedClassifierCV | 057 | 038 [054 |0.29 | 041 | 047 |
| LGBMClassifier | 055 | 037 [046 |0.31 040 | 124 |
| DummyClassifier |05 038 [054 |0.29 040 [ 0.05 |
| XGBClassifier 061 | 036 |041 |0.32 | 040 | 119 |
| DecisionTreeClassifier | 051 034 [036 |0.33 037 007 |
| AdaBoostClassifier | 043 | 035 [042 |03 037|029 |
| ExtraTreeClassifier 049 | 015 [o011 0.3l 019 | 0.05 |
|

| GaussianNB 049 005 [0.07 |042 | 0.10 | 0.06
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Table A.8: DVPRS 11 Classes - Day -Accelerometer, Medications, Demographics

Model igg S(]jolre Recall Precision I\}I{];A ARN TTE:II:; i

| MLPClassifier | 061 | 043 [049 |04 | 047 | 3.01 |
| CatBoostClassifier | 0.61 | 041 [049 |0.38 | 046 | 6.67 |
| LogisticRegression 059 [042 |05  |0.37 | 046 012 |
| ExtraTreesClassifier 055 041 [052 [0.34 | 044|023 |
| LincarDiscriminantAnalysis | 0.49 | 0.41 | 045 |04 | 043 | 012 |
| ExtraTreeClassifier | 054 |04 |041 |04 | 043 | 0.05 |
| RandomForestClassifier | 056 | 038 [054 |03 | 042 | 034 |
| CalibratedClassifierCV 059 038 [0.54 ]0.29 | 042|042 |
| XGBClassifier | 0.56 038 [042 |0.35 | 041 [ 1.06 |
| BaggingClassifier | 056 | 037 [042 |0.33 040 018 |
| DummyClassifier |05 | 038 [054 |0.29 | 040 | 0.05 |
| LGBMClassifier 059 035 [036 |0.37 | 040 [ 123 |
| DecisionTreeClassifier 053 | 036 |038 |0.36 | 040 | 0.07 |
| BernoulliNB | 057 033 [033 |0.34 037 [ 0.08 |
‘ QuadraticDiscriminant Analysis ‘ 0.53 ‘ 0.3 ‘ 0.27 ‘ 0.35 ‘ 0.34 ‘ 0.12 ‘
| AdaBoostClassifier 052 | 015 [013 |0.39 021 |03 |
|

| GaussianNB | 051 003 [0.05 |043 | 0.07 | 0.06
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Table A.9: DVPRS 11 Classes - Day -Clinical

Model Z{Sg Sfolre Recall Precision I\}I_I]:f? ARN TT;lI:; (:1

| ExtraTreesClassifier | 048 | 0.38 [044 |0.35 | 041 | 017 |
| DummyClassifier 050 | 0.38 |054 |0.29 | 041 | 0.05 |
| LogisticRegression 048 | 038 [054 |0.29 | 040 | 010 |
| LinearDiscriminantAnalysis | 0.48 | 0.38 | 0.54 | 0.29 | 040 | 0.06 |
| CalibratedClassifierCV 048 038 [054 ]0.29 | 040 | 0.20 |
| BernoulliNB | 047 038 [054 |0.29 040 [ 0.06 |
‘ RandomForestClassifier ‘ 0.47 ‘ 0.37 ‘ 0.42 ‘ 0.35 ‘ 0.40 ‘ 0.21 ‘
| XGBClassifier | 046 | 037 [o041 |0.35 040 | 071 |
| DecisionTreeClassifier | 046 | 036 |043 |0.34 1039 [0.06 |
| ExtraTreeClassifier | 047 | 036 [041 |0.35 039 | 0.06 |
| AdaBoostClassifier 049 | 036 [043 |0.31 039|019 |
| KNeighborsClassifier 052 | 035 [037 |035 039|007 |
| MLPClassifier 050 | 036 [049 |0.28 039|083 |
| CatBoostClassifier | 046 | 036 |041 |0.33 038|158 |
| LGBMClassifier | 046 | 035 [o042 |0.33 038|059 |
| BaggingClassifier | 045 035 [042 |0.33 038 [ 0.08 |
| GaussianNB 051 | 0.02 |0.06 |0.41 | 0.06 | 0.06 |
|

‘ QuadraticDiscriminant Analysis ‘ 0.00 ‘ 0.01 ‘ 0.06 ‘ 0.00 ‘ 0.00 ‘ 0.01
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Table A.10: DVPRS 11 Classes - Day -Demographics

Model Z{Sg Sfolre Recall Precision I\}I_I]:f? ARN TT;lI:; (:1

| BaggingClassifier | 0.61 | 042 |054 |0.34 | 045 | 0.08 |
| CatBoostClassifier | 0.60 |0.39 [052 [0.32 043|186 |
| MLPClassifier | 059 | 0.40 [050 |0.33 | 043 | 0.84 |
| XGBClassifier | 055 039 [050 |0.33 | 042 065 |
| LinearDiscriminantAnalysis | 0.55 | 0.39 | 0.53 | 0.31 | 042 | 0.06 |
| ExtraTreesClassifier 058 | 0.39 |054 030 | 042 | 016 |
| ExtraTreeClassifier | 055 039 [042 [0.37 042 006 |
| LGBMClassifier 056 | 039 [052 |0.31 | 042 | 0.60 |
| RandomForestClassifier 059 | 0.38 |054 |0.29 | 042 | 020 |
| BernoulliNB 055 | 039 |054 |0.30 | 042 | 0.06 |
| LogisticRegression | 057 | 0.38 [054 |0.29 | 042|012 |
| DummyClassifier 050 | 0.38 |054 |0.29 | 041 | 0.05 |
| CalibratedClassifierCV | 046 | 038 [054 |0.29 | 040 023 |
| AdaBoostClassifier 053 036 |043 |0.30 1039 018 |
| DecisionTreeClassifier 048 033 [036 |0.31 036 | 0.06 |
| KNeighborsClassifier | 050 030 [030 |0.31 034 [ 0.08 |
| QuadraticDiscriminantAnalysis | 0.56 | 0.02 | 0.05 | 0.01 | 0.03 | 0.06 |
|

| GaussianNB | 0.51 [ 0.01 [0.04 |0.00 | 0.01 | 0.06
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Table A.11: DVPRS 11 Classes - Day -Diseases

Model Z{Sg Sfolre Recall Precision I\}I_I]:f? ARN TT;lI:; (:1

| DummyClassifier | 0.50 038 [054 |0.29 | 041 [ 0.05 |
| BaggingClassifier 049 | 038 |054 |0.29 | 040 | 0.08 |
| LGBMClassifier 045 039 [054 ]0.30 | 040 | 042 |
| BernoulliNB | 047 038 [053 |0.30 | 040 [ 0.06 |
| CategoricalNB | 047 | 038 [053 |0.30 | 040 | 0.06 |
| CalibratedClassifierCV | 048 | 0.38 [054 |0.29 | 040 | 021 |
| ExtraTreesClassifier | 047 038 [054 |0.29 040 016 |
‘ RandomForestClassifier ‘ 0.47 ‘ 0.38 ‘ 0.54 ‘ 0.29 ‘ 0.40 ‘ 0.18 ‘
| DecisionTreeClassifier | 046 | 038 [054 |0.29 040 [ 0.05 |
| XGBClassifier 044 | 038 [054 |0.29 039|062 |
| CatBoostClassifier | 044 | 038 [054 |0.29 039 | 13.16 |
| LinearDiscriminantAnalysis | 0.48 | 0.36 | 0.46 | 0.31 039|010 |
| ExtraTreeClassifier | 045 | 036 |045 | 0.30 038 | 0.06 |
| LogisticRegression | 045 036 |046 | 0.29 038 011 |
| MLPClassifier 043 | 036 |046 | 0.29 037|082 |
| AdaBoostClassifier | 043 | 036 |046 | 0.29 037|019 |
| GaussianNB | 046 | 0.04 |0.03 |0.09 | 0.05 | 0.06 |
|

‘ QuadraticDiscriminant Analysis ‘ 0.00 ‘ 0.38 ‘ 0.54 ‘ 0.29 ‘ 0.00 ‘ 0.01
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Table A.12: DVPRS 11 Classes - Day -Medications

Model igg S(]jolre Recall Precision I\}I{];A ARN TTE:II:; i

| LogisticRegression | 0.63 | 042 |055 |0.39 | 048 | 0.09 |
| LinearDiscriminantAnalysis | 0.55 | 0.43 | 0.50 | 0.43 | 048 | 010 |
| MLPClassifier | 0.63 | 043 |o047 |0.39 | 047 | 071 |
| BernoulliNB | 058 | 042 |047 |0.38 | 045 | 0.06 |
| CatBoostClassifier 060 | 039 |o044 |0.36 | 043 | 8.23 |
| CalibratedClassifierCV 062 |038 [054 ]0.29 042 020 |
| AdaBoostClassifier 055 | 0.39 |040 |0.38 | 042 | 019 |
| DummyClassifier 050 | 0.38 |054 |0.29 | 041 | 0.05 |
‘ RandomForestClassifier ‘ 0.55 ‘ 0.36 ‘ 0.41 ‘ 0.33 ‘ 0.40 ‘ 0.29 ‘
| ExtraTreesClassifier 053 036 |038 |0.35 1039 021 |
| XGBClassifier 054 | 033 [034 |033 037|079 |
| LGBMClassifier | 055 032 [034 |031 1036 073 |
| DecisionTreeClassifier 051 | 033 [032 034 036 | 0.06 |
| BaggingClassifier 049 031 [035 |0.29 1035 [0.09 |
| ExtraTreeClassifier | 051 030 [029 |0.33 034 006 |
| GaussianNB | 053 | 0.05 |0.06 |055 010 | 0.06 |
|

| QuadraticDiscriminantAnalysis | 0.00 | 0.00 | 0.01 | 0.00 | 0.00 | 0.03
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Table A.13: DVPRS 11 Classes - Night -Accelerometer

Model Z{Sg Sfolre Recall Precision I\}I_I]:f? ARN TT;lI:; (:1

| MLPClassifier 049 | 036 |052 |0.32 | 041 | 044 |
| LogisticRegression 049 |035 [051 |03 1039 [0.09 |
| LinearDiscriminantAnalysis | 0.5 | 0.36 | 0.51 | 0.28 039 | 0.06 |
| BernoulliNB | 052|035 [049 |0.28 038 [ 0.06 |
| CalibratedClassifierCV |05 | 035 [051 |026 038 |02 |
| DummyClassifier |05 035 [051 |0.26 038 [0.05 |
| AdaBoostClassifier 049 035 [051 |0.26 1037 019 |
| RandomForestClassifier 049 | 034 |05  |026 037 |03 |
| ExtraTreesClassifier | 048 | 033 |047 |0.26 036|021 |
| XGBClassifier | 047 | 032 [043 |026 035 | 0.76 |
| LGBMClassifier 049 | 032 [041 |026 035 | 1.09 |
| KNeighborsClassifier 049 | 032 [043 |025 035 | 0.06 |
| BaggingClassifier 046 | 032 |04  [o027 035 012 |
| CatBoostClassifier | 048 | 031 [038 |026 034 |88 |
| ExtraTreeClassifier 049 | 018 [0.16 |0.24 022 |0.05 |
| DecisionTreeClassifier |05 | 017 [015 |0.25 022 | 0.06 |
| QuadraticDiscriminantAnalysis | 0.48 | 0.09 | 0.08 | 0.18 013 | 0.06 |
|

| GaussianNB | 048 005 |0.04 |O0.21 | 0.08 | 0.06
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Table A.14: DVPRS 11 Classes - Night -Accelerometer and Clinical

Model }:8.8 Sfolre Recall Precision 1\?];} ARN TT;E; Erll

| KNeighborsClassifier 053 |04 051 |0.36 | 044 [ 007 |
| ExtraTreesClassifier 051 | 036 |048 |0.29 1039 [019 |
| AdaBoostClassifier 058 | 035 |049 |0.27 1039 019 |
| BernoulliNB 054 | 035 |048 |0.28 1039 [006 |
| RandomForestClassifier | 0.49 | 0.35 | 048 | 0.29 038 [029 |
| CatBoostClassifier |05 | 035 |046 |0.28 038 [ 861 |
| LinearDiscriminantAnalysis | 0.51 | 0.35 | 0.51 | 0.26 038 [ 006 |
| DummyClassifier |05 | 035 |051 |026 038 [ 005 |
| LogisticRegression |05 035 |051 |0.26 038 [0.09 |
| MLPClassifier 049 | 035 |051 |0.26 1037 047 |
| CalibratedClassifierCV 049 | 035 |051 |0.26 1037 |02 |
| XGBClassifier 052 033 |04  |0.29 037 065 |
| BaggingClassifier 052 | 028 |029 |0.27 032 011 |
‘ DecisionTreeClassifier ‘ 0.47 ‘ 0.27 ‘ 0.3 ‘ 0.26 ‘ 0.31 ‘ 0.06 ‘
| LGBMClassifier 052|026 |027 |0.28 031 073 |
| ExtraTreeClassifier | 047 | 023 [022 ]025 027 005 |
|

| GaussianNB | 051 [ 0.03 [005 |O0.1 | 0.06 | 0.06
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Table A.15: DVPRS 11 Classes - Night -Accelerometer and Demographics

Model igg S(]jolre Recall Precision I\}I{];A ARN TTE:II:; i

| LinearDiscriminantAnalysis | 0.45 | 0.38 | 0.53 | 0.37 | 042 | 0.06 |
| ExtraTreesClassifier 053 | 039 |05  |033 | 042 | 019 |
| BaggingClassifier | 048 | 038 [046 |0.35 | 041|012 |
| CatBoostClassifier |05 038 [047 ]033 | 041 | 7.83 |
| BernoulliNB | 051 037 [049 |03 040 [ 0.06 |
| XGBClassifier 051 | 036 |048 |0.29 039 | 0.68 |
| RandomForestClassifier 051 | 035 [051 |026 038|027 |
| DummyClassifier |05 | 035 [051 |026 038 | 0.05 |
| AdaBoostClassifier 056 | 032 |028 |0.42 037 |02 |
| CalibratedClassifierCV 043 035 |051 |0.26 036 023 |
| LogisticRegression 041 | 035 [051 |026 036 |01 |
| DecisionTreeClassifier 052 | 029 [029 |03 033 | 0.06 |
| LGBMClassifier 054 | 028 [029 |0.29 032 | 087 |
| ExtraTreeClassifier 048 | 025 [025 |0.26 029 | 0.05 |
| MLPClassifier 037 022 [023 |02 024 051 |
| GaussianNB |05 | 0.01 |006 |0.01 | 0.02 | 0.06 |
|

| QuadraticDiscriminantAnalysis | | 0.01 ]0.07 |o0.01 | 0.01 | o0.01
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Table A.16: DVPRS 11 Classes - Night -Accelerometer and Diseases

Model igg S(]jolre Recall Precision I\}I{];A ARN TTE:II:; i

| BernoulliNB 061 | 038 |04 |037 | 042 | 0.06 |
| LinearDiscriminantAnalysis | 0.45 | 0.39 | 0.51 | 0.31 | 040 | 0.06 |
| CatBoostClassifier 051 036 [051 ]028 039 | 12.74 |
| XGBClassifier 054 034 [043 [031 039 |07 |
| MLPClassifier 043 037 |05  |0.29 038 048 |
| DummyClassifier |05 | 035 [051 |026 038 | 0.05 |
| RandomForestClassifier 049 | 035 [051 |026 037|028 |
| AdaBoostClassifier | 045 | 035 |051 |0.27 037|019 |
| CalibratedClassifierCV | 042 | 035 [051 |026 036|021 |
| LogisticRegression 037 035 [051 |0.28 1036 |01 |
| ExtraTreesClassifier 046 | 033 |o042 |0.27 035 |02 |
| DecisionTreeClassifier 049 | 031 |o037 |027 034 | 0.06 |
| LGBMClassifier | 047 | 026 |03  |023 029 | 087 |
| BaggingClassifier | 047 | 025 |027 |025 029|012 |
‘ ExtraTreeClassifier ‘ 0.5 ‘ 0.17 ‘ 0.14 ‘ 0.28 ‘ 0.22 ‘ 0.05 ‘
| QuadraticDiscriminantAnalysis | 0.41 | 0.15 | 0.12 | 0.23 | 018 | 0.06 |
|

| GaussianNB 038 015 [012 |02 | 0.18 | 0.06
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Table A.17: DVPRS 11 Classes - Night -Accelerometer and Medications

Model igg S(]jolre Recall Precision I\}I{];A ARN TTE:II:; i

| MLPClassifier 069 | 041 |05  |0.39 | 047 | 051 |
| XGBClassifier |07 | 042 |048 |0.39 | 047 | 0.7 |
| LGBMClassifier 071 | 042 [048 | 0.38 | 047 | 0.95 |
| LinearDiscriminantAnalysis | 0.66 | 0.39 | 0.44 | 0.41 | 046 | 012 |
| CatBoostClassifier 069 | 039 |046 |0.35 | 044|521 |
| BaggingClassifier 061 |04 [042 ]0.39 | 044|012 |
| DecisionTreeClassifier | 056 039 [0.38 |043 043 006 |
| ExtraTreeClassifier 056 | 039 |o042 |0.37 | 042 | 0.05 |
‘ RandomForestClassifier ‘ 0.66 ‘ 0.36 ‘ 0.46 ‘ 0.33 ‘ 0.42 ‘ 0.27 ‘
‘ LogisticRegression ‘ 0.71 ‘ 0.36 ‘ 0.5 ‘ 0.3 ‘ 0.42 ‘ 0.1 ‘
| CalibratedClassifierCV 071 035 [051 |o027 | 040 | 0.22 |
| AdaBoostClassifier 062 | 036 |052 |027 | 040 |02 |
‘ ExtraTreesClassifier ‘ 0.67 ‘ 0.35 ‘ 0.44 ‘ 0.29 ‘ 0.40 ‘ 0.2 ‘
| BernoulliNB | 0.64 034 [041 |03 1039 006 |
| DummyClassifier |05 035 [051 |0.26 038 [0.05 |
| QuadraticDiscriminantAnalysis | 0.48 | 0.04 | 0.08 | 0.22 009 013 |
|

| GaussianNB | 049 | 0.03 [004 |0.03 | 0.04 | 0.06
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Table A.18: DVPRS 11 Classes - Night -Accelerometer, Medications, Demographics and

Clinical

Model igg Sfolre Recall Precision I\}I{]:JA ARN ,%:11:; (:1
| XGBClassifier 062 |04 |046 |0.37 | 044 | 0.76 |
| LinearDiscriminantAnalysis | 0.64 | 0.39 | 0.45 | 0.37 | 044|012 |
| BaggingClassifier 061 |04 049 |0.34 | 044 | 013 |
| LogisticRegression 063 |04 |052 032 | 044|011 |
| MLPClassifier 053 039 [044 |0.36 | 042|154 |
| DecisionTreeClassifier 056 | 038 [039 |0.39 | 042 | 0.06 |
| BernoulliNB | 0.65 | 037 [043 |0.33 | 042 ] 0.06 |
| LGBMClassifier | 0.65 | 036 |046 |0.32 | 042 | 093 |
| ExtraTreesClassifier 0.6 | 036 [051 031 | 042 | 019 |
| CatBoostClassifier | 0.68 | 036 |047 |0.29 | 041 [ 539 |
| AdaBoostClassifier | 063 | 036 [052 |0.28 | 041|022 |
| RandomForestClassifier 061 | 035 [049 |0.28 | 040 | 026 |
| CalibratedClassifierCV |0.64 | 035 [051 |026 039|028 |
| DummyClassifier |05 035 [051 |0.26 038 [0.05 |
‘ QuadraticDiscriminant Analysis ‘ 0.51 ‘ 0.34 ‘ 0.42 ‘ 0.29 ‘ 0.37 ‘ 0.12 ‘
| ExtraTreeClassifier |05 | 032 [038 |028 035 | 0.05 |
| GaussianNB | 047 002 [0.04 |0.02 1 0.03 006 |
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Table A.19: DVPRS 11 Classes - Night -Accelerometer, Medications, Demographics, Clin-

ical and Diseases

Model igg Sfolre Recall Precision I\}I{]:JA ARN ,%:11:; (:1
| DecisionTreeClassifier 0.6 | 044 |04 051 | 048 | 0.06 |
| BaggingClassifier | 0.65 | 041 |049 | 0.37 | 046 | 0.14 |
| BernoulliNB | 0.67 | 041 |o044 |0.39 | 046 | 0.06 |
| LogisticRegression 056 |04 053 |0.32 043 011 |
‘ QuadraticDiscriminant Analysis ‘ 0.58 ‘ 0.39 ‘ 0.42 ‘ 0.38 ‘ 0.43 ‘ 0.12 ‘
| XGBClassifier 061 | 037 [045 |0.34 | 042 | 079 |
| CatBoostClassifier | 0.67 036 |048 |0.31 | 042 658 |
| AdaBoostClassifier 063 036 [052 [028 041|022 |
| CalibratedClassifierCV | 057 036 |052 |0.29 040 028 |
| LGBMClassifier | 0.65 | 035 [045 |0.29 | 040 097 |
‘ ExtraTreesClassifier ‘ 0.6 ‘ 0.35 ‘ 0.5 ‘ 0.27 ‘ 0.39 ‘ 0.2 ‘
| RandomForestClassifier 063 | 035 [051 |026 039 | 026 |
| LinearDiscriminantAnalysis | 0.53 | 0.34 | 0.36 | 0.35 038|014 |
| DummyClassifier |05 035 [051 |0.26 038 [0.05 |
| ExtraTreeClassifier 055 | 033 [028 |0.44 037 | 0.05 |
| MLPClassifier 043 | 026 [031 |023 029 | 151 |
| GaussianNB 039 016 |013 |o0.21 019 ] 0.06 |
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Table A.20: DVPRS 11 Classes - Night -Accelerometer, Medications and Demographics

Model igg S(]jolre Recall Precision I\}I{];A ARN TTE:II:; i

| DecisionTreeClassifier |06 044 [045 |0.44 | 047 | 0.06 |
| LinearDiscriminantAnalysis | 0.65 | 0.4 | 045 | 043 | 047 | 011 |
| MLPClassifier 056 |04 |045 | 0.37 | 043 | 149 |
| XGBClassifier | 0.64 |04 |046 | 0.37 | 045 | 071 |
| LogisticRegression | 0.65 |04 |053 032 | 044 |01 |
| ExtraTreesClassifier 062 | 039 [053 |0.31 | 043 | 019 |
| ExtraTreeClassifier 054 | 039 [043 |0.36 | 042 | 0.05 |
| BaggingClassifier | 067 | 038 [046 |0.35 | 044 | 013 |
| CatBoostClassifier | 0.67 038 [049 |0.33 | 044 | 522 |
| LGBMClassifier | 0.66 | 037 [044 |0.32 | 042 089 |
| CalibratedClassifierCV | 065 |037 [052 |03 042 | 0.26 |
| AdaBoostClassifier 062 | 036 |052 |028 | 040 | 021 |
| BernoulliNB 064 | 036 |042 |0.31 | 040 | 0.06 |
| RandomForestClassifier 062 | 035 |05  |0.27 039 | 026 |
| DummyClassifier |05 035 [051 |0.26 038 [0.05 |
| QuadraticDiscriminantAnalysis | 0.49 | 0.34 | 042 | 0.28 037|012 |
|

| GaussianNB 049 | 0.01 |0.03 |o0.01 | 0.02 | 0.06
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Table A.21: DVPRS 11 Classes - Night -Clinical

Model Z{Sg Sfolre Recall Precision I\}I_I]:f? ARN TT;lI:; (:1

| ExtraTreesClassifier 052 | 037 |047 |0.39 | 043 | 016 |
| XGBClassifier | 054 | 0.36 | 047 | 0.37 | 042 | 0.61 |
‘ RandomForestClassifier ‘ 0.51 ‘ 0.36 ‘ 0.45 ‘ 0.37 ‘ 0.41 ‘ 0.19 ‘
| CatBoostClassifier 054 | 037 [044 | 0.34 | 041 | 146 |
| LGBMClassifier 055 | 036 |044 | 0.34 | 040 | 058 |
| DecisionTreeClassifier | 052 [ 035 [046 |0.31 1039 005 |
| MLPClassifier | 054 035 [051 |0.26 038 059 |
| BaggingClassifier 052 | 034 [o042 |0.30 038 | 0.08 |
| LinearDiscriminantAnalysis | 0.51 | 0.35 | 0.51 | 0.26 038 | 0.05 |
| LogisticRegression 051 | 035 [051 |026 038 | 0.08 |
| BernoulliNB | 051 035 [051 |0.26 038 [0.05 |
| DummyClassifier 050 | 035 [051 |0.26 038 | 0.05 |
| ExtraTreeClassifier 049 | 034 [045 |0.29 038 | 0.05 |
| CalibratedClassifierCV 043 035 [051 |0.26 1037 019 |
| KNeighborsClassifier 052 | 033 [038 |029 036 | 0.06 |
| AdaBoostClassifier | 051 026 [025 |0.38 1032 016 |
| GaussianNB 049 |0.08 |o0.10 |0.17 | 014 | 0.06 |
|

‘ QuadraticDiscriminant Analysis ‘ 0.00 ‘ 0.01 ‘ 0.08 ‘ 0.01 ‘ 0.00 ‘ 0.01
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Table A.22: DVPRS 11 Classes - Night -Demographics

Model Z{Sg Sfolre Recall Precision I\}I_I]:f? ARN TT;lI:; (:1

| ExtraTreesClassifier | 058 | 037 [052 |0.29 | 041 | 015 |
| LGBMClassifier 050 | 036 |052 |0.31 | 040 | 055 |
| LinearDiscriminantAnalysis | 0.49 | 0.37 | 0.52 | 0.29 | 040 | 0.06 |
| BernoulliNB | 046 | 037 [052 |0.29 1039 005 |
| BaggingClassifier 042 | 036 |052 |0.31 039 | 0.07 |
| RandomForestClassifier 053 | 035 |051 |0.26 038|018 |
| DummyClassifier | 050 035 [051 |0.26 038 [0.05 |
| CalibratedClassifierCV | 047 | 035 [051 |0.26 037|021 |
| AdaBoostClassifier | 046 | 035 |045 | 0.29 037 | 016 |
| LogisticRegression | 044 | 035 [051 |026 037|010 |
| XGBClassifier | 047 033 [045 | 0.26 1035 055 |
| CatBoostClassifier 048 | 032 [035 |0.30 035 | 1.63 |
| MLPClassifier 041 033 [046 |025 035 | 0.60 |
| DecisionTreeClassifier 041 | 030 [040 |0.24 032 | 0.05 |
| KNeighborsClassifier | 042 |0.21 [o023 |0.19 | 024 | 0.06 |
| ExtraTreeClassifier | 047 | 020 |o017 |0.22 023 | 0.05 |
| GaussianNB | 046 | 0.01 |0.07 |o0.01 | 0.01 | 0.05 |
|

‘ QuadraticDiscriminant Analysis ‘ 0.00 ‘ 0.01 ‘ 0.07 ‘ 0.01 ‘ 0.00 ‘ 0.01
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Table A.23: DVPRS 11 Classes - Night -Diseases

Model igg S(]jolre Recall Precision I\}I{];A ARN TTE:II:; i

| CatBoostClassifier 051 037 [045 [0.31 | 040 | 1216 |
| BernoulliNB 056 | 0.35 [039 |033 039 | 0.05 |
| MLPClassifier 043 | 038 [050 | 0.31 039 | 059 |
| AdaBoostClassifier 042 038 [045 [0.34 039 016 |
| CalibratedClassifierCV | 054 035 [051 |0.26 038 018 |
| DummyClassifier 050 | 035 [051 |026 038 | 0.05 |
| LogisticRegression 038 037 [052 |0.29 1037 010 |
| LinearDiscriminantAnalysis | 0.37 | 0.37 | 0.52 | 0.29 037 | 0.06 |
| XGBClassifier | 046 033 [0.36 |0.31 036 051 |
| DecisionTreeClassifier 041 | 034 [044 |0.28 036 | 0.05 |
| BaggingClassifier 041 | 034 |o044 |028 036 | 0.08 |
| RandomForestClassifier 042 | 033 |o044 |0.27 035|017 |
| ExtraTreesClassifier 041 | 033 |o044 |0.27 035|014 |
| ExtraTreeClassifier 038 | 033 |044 |0.27 034 | 0.05 |
| LGBMClassifier 035 032 [045 |0.25 1033 033 |
| GaussianNB 039 | 013 [o011 |0.18 | 016 | 0.06 |
|

| QuadraticDiscriminantAnalysis | 0.00 | 0.35 | 0.51 | 0.26 | 0.00 | 0.01
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Table A.24: DVPRS 11 Classes - Night -Diseases

Model Z{Sg Sfolre Recall Precision I\}I_I]:f? ARN TT;lI:; (:1

| XGBClassifier | 0.66 | 044 |048 | 0.41 | 048 | 0.67 |
‘ RandomForestClassifier ‘ 0.64 ‘ 0.44 ‘ 0.47 ‘ 0.42 ‘ 0.48 ‘ 0.25 ‘
| BaggingClassifier | 0.64 | 043 [045 |0.44 | 048 | 0.08 |
| LGBMClassifier | 0.61 | 044 [048 |0.41 | 047 | 0.68 |
| DecisionTreeClassifier | 057 | 043 |046 | 0.42 | 046 | 0.05 |
| CatBoostClassifier | 0.66 | 040 |046 |0.37 045 634 |
| ExtraTreesClassifier | 0.68 | 040 |046 | 0.36 045 018 |
| MLPClassifier | 0.68 | 039 [050 |0.33 | 044 | 050 |
| LinearDiscriminantAnalysis | 0.64 | 0.37 | 0.44 | 0.34 | 042 | 0.06 |
| LogisticRegression 071 | 036|051 |028 | 041 | 0.09 |
| CalibratedClassifierCV |0.70 [ 035 |051 |0.27 040 018 |
| AdaBoostClassifier 059 | 035 [051 |0.26 039|016 |
| BernoulliNB | 0.64 | 034 [o042 |028 038 | 0.06 |
| DummyClassifier 050 035 [051 |0.26 038 [0.05 |
| CategoricalNB 050 | 035 [051 |0.26 037 | 0.06 |
| ExtraTreeClassifier 050 034 [035 [0.33 037 [ 0.06 |
| GaussianNB | 048 |0.02 |o0.04 |0.02 | 0.03 | 0.06 |
|

‘ QuadraticDiscriminant Analysis ‘ 0.00 ‘ 0.00 ‘ 0.01 ‘ 0.00 ‘ 0.00 ‘ 0.03
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Table A.25: DVPRS 11 Classes - Night -Medication

Model Z{Sg Sfolre Recall Precision I\}I_I]:f? ARN TT;lI:; (:1

| XGBClassifier | 0.66 | 044 |048 | 0.41 | 048 | 0.67 |
‘ RandomForestClassifier ‘ 0.64 ‘ 0.44 ‘ 0.47 ‘ 0.42 ‘ 0.48 ‘ 0.25 ‘
| BaggingClassifier | 0.64 | 043 [045 |0.44 | 048 | 0.08 |
| LGBMClassifier | 0.61 | 044 [048 |0.41 | 047 | 0.68 |
| DecisionTreeClassifier | 057 | 043 |046 | 0.42 | 046 | 0.05 |
| CatBoostClassifier | 0.66 | 040 |046 |0.37 045 634 |
| ExtraTreesClassifier | 0.68 | 040 |046 | 0.36 045 018 |
| MLPClassifier | 0.68 | 039 [050 |0.33 | 044 | 050 |
| LinearDiscriminantAnalysis | 0.64 | 0.37 | 0.44 | 0.34 | 042 | 0.06 |
| LogisticRegression 071 | 036|051 |028 | 041 | 0.09 |
| CalibratedClassifierCV |0.70 [ 035 |051 |0.27 040 018 |
| AdaBoostClassifier 059 | 035 [051 |0.26 039|016 |
| BernoulliNB | 0.64 | 034 [o042 |028 038 | 0.06 |
| DummyClassifier 050 035 [051 |0.26 038 [0.05 |
| CategoricalNB 050 | 035 [051 |0.26 037 | 0.06 |
| ExtraTreeClassifier 050 034 [035 [0.33 037 [ 0.06 |
| GaussianNB | 048 |0.02 |o0.04 |0.02 | 0.03 | 0.06 |
|

‘ QuadraticDiscriminant Analysis ‘ 0.00 ‘ 0.00 ‘ 0.01 ‘ 0.00 ‘ 0.00 ‘ 0.03
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Table A.26: Mild vs Moderate - Day -Accelerometer

Model Z{Sg Sfolre Recall Precision I\}I_I]:f? ARN TT;lI:; (:1

| MLPClassifier | 052 | 056 |0.68 | 0.67 | 0.60  [0.62 |
| BaggingClassifier | 052 | 058 |0.66 | 0.59 | 058 [ 0.05 |
| GaussianNB 049 055 [0.64 ]053 | 055 | 0.01 |
| BernoulliNB | 049 | 055 [0.62 |0.53 | 0.54 001 |
| DecisionTreeClassifier | 048 | 055 [061 |0.53 | 054 | 0.01 |
| KNeighborsClassifier 049 | 053 [0.64 | 0.50 053 001 |
| ExtraTreeClassifier | 048 | 055 |0.60 |0.53 053 [0.01 |
| CalibratedClassifierCV | 050 | 0.54 | 067 |0.45 | 053 | 0.04 |
| DummyClassifier | 050 | 054 |0.67 |045 053 [ 0.01 |
| CatBoostClassifier | 050 | 053 [0.66 |0.45 052 | 1.02 |
| LogisticRegression | 049 | 053 |0.66 |0.44 052 001 |
‘ AdaBoostClassifier ‘ 0.54 ‘ 0.48 ‘ 0.48 ‘ 0.60 ‘ 0.52 ‘ 0.11 ‘
| LinearDiscriminantAnalysis | 0.49 | 0.53 | 0.65 | 0.44 052 |0.01 |
| RandomForestClassifier 052 | 049 | 048 | 0.57 | 052|023 |
| ExtraTreesClassifier | 048 | 052 |0.64 |0.44 051|012 |
| LGBMClassifier | 046 | 052 |0.61 |0.46 | 051 | 0.50 |
| XGBClassifier | 046 | 051 [0.60 | 0.46 | 050 012 |
|

| QuadraticDiscriminantAnalysis | 0.52 | 0.33 | 0.40 | 0.62 | 044 | 0.03




128

Table A.27: Mild vs Moderate - Day -Accelerometer and Clinical

Model Z{Sg Sfolre Recall Precision I\}I_I]:f? ARN TT;lI:; (:1

| CatBoostClassifier | 0.58 | 0.64 |0.66 |0.63 | 0.62 098 |
| LGBMClassifier | 0.60 | 0.62 |0.62 |0.64 | 0.62 | 0.05 |
| AdaBoostClassifier | 0.64 | 057 [057 |0.72 062 010 |
| CalibratedClassifierCV | 051 | 055 |0.68 |0.78 | 0.61  [0.04 |
| RandomForestClassifier | 056 | 0.61 |0.62 |0.61 | 0.60 | 020 |
| ExtraTreesClassifier | 055 | 0.61 |0.64 |0.61 | 0.60 | 011 |
| KNeighborsClassifier | 052 | 059 |0.64 |0.58 | 058 [0.02 |
| BernoulliNB | 052 | 0.58 |0.65 |0.58 | 058 | 0.01 |
| DecisionTreeClassifier | 053 | 058 | 059 | 0.58 | 057 001 |
| GaussianNB 049 055 [0.64 |053 | 055 | 0.01 |
| ExtraTreeClassifier | 050 | 056 | 057 | 0.56 | 0.55 [ 0.01 |
| QuadraticDiscriminantAnalysis | 0.55 | 0.52 | 0.51 | 0.60 | 054 | 0.03 |
| DummyClassifier | 050 | 0.54 |0.67 |0.45 | 053 | 0.01 |
| XGBClassifier | 047 | 054 |058 | 0.53 053 [0.09 |
| LogisticRegression | 050 | 0.53 |0.66 |0.45 052 |0.01 |
| LinearDiscriminantAnalysis | 0.49 | 0.53 | 0.66 | 0.44 | 052 | 0.01 |
| MLPClassifier 049 | 053 |0.66 |0.44 | 052 | 0.69 |
|

| BaggingClassifier | 047 052 [052 |0.53 | 0.51 ] 0.05
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Table A.28: Mild vs Moderate - Day -Accelerometer and Demographics

Model igg S(]jolre Recall Precision I\}I{];A ARN TTE:II:; i

| RandomForestClassifier 062 | 059 |058 |0.67 |0.61 | 018 |
| LinearDiscriminantAnalysis | 0.54 | 0.60 | 0.67 | 0.62 | 0.60 | 0.01 |
| LogisticRegression | 054 | 0.60 |0.67 |0.62 | 0.60 | 0.03 |
| XGBClassifier | 057 059 [058 |0.61 | 059 | 0.08 |
| LGBMClassifier 053 ] 059 [0.62 |0.59 | 058 [ 0.05 |
| ExtraTreesClassifier | 052 | 0.58 |0.65 |0.58 | 058 | 011 |
| GaussianNB | 050 | 055 |0.64 |0.55 | 0.55 001 |
| MLPClassifier 051 | 0.56 | 055 | 0.57 | 055 | 0.98 |
| CatBoostClassifier | 048 | 0.54 |0.62 |0.52 | 054 | 1.06 |
| DummyClassifier | 050 | 054 [0.67 |045 053 001 |
| CalibratedClassifierCV | 050 | 0.54 |0.67 |0.45 | 053 | 0.04 |
| BaggingClassifier | 055 048 [048 | 0.61 053 005 |
| BernoulliNB | 047 | 052 [052 |053 | 051 | 0.01 |
| ExtraTreeClassifier | 045 | 052 [052 |0.51 | 0.50 | 0.01 |
| AdaBoostClassifier 052 | 042 [044 | 0.58 | 048 | 011 |
| DecisionTreeClassifier 051 043 [044 | 057 | 048  |0.01 |
|

| QuadraticDiscriminantAnalysis | 0.42 | 0.44 | 0.42 | 0.49 | 044 | 0.04
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Table A.29: Mild vs Moderate - Day -Accelerometer and Diseases

Model igg S(]jolre Recall Precision I\}I{];A ARN TTE:II:; i

| XGBClassifier 052 | 054 | 053 | 057 | 054 | 0.08 |
| CatBoostClassifier | 048 | 0.54 |0.62 |0.52 | 054 | 1.08 |
| BaggingClassifier 052 | 053 | 052 |0.57 | 053 | 0.05 |
| CalibratedClassifierCV | 050 | 0.54 |0.67 |0.45 | 053 | 0.04 |
| DummyClassifier | 050 | 054 |0.67 |045 053 [ 0.01 |
| DecisionTreeClassifier | 048 | 054 [053 |0.54 052 |0.01 |
| AdaBoostClassifier | 0.53 | 046 | 046 | 0.60 051 011 |
‘ ExtraTreesClassifier ‘ 0.44 ‘ 0.51 ‘ 0.56 ‘ 0.48 ‘ 0.50 ‘ 0.11 ‘
| RandomForestClassifier | 044 | 051 |054 |0.49 | 049 | 021 |
| MLPClassifier | 0.44 | 050 |056 | 047 1049 080 |
| GaussianNB | 044 050 [056 | 047 | 049 | 0.01 |
| LogisticRegression | 045 050 |0.60 |0.43 | 048 [ 0.07 |
| LinearDiscriminantAnalysis | 0.44 | 0.50 | 0.59 | 0.43 | 048 | 0.01 |
| LGBMClassifier 049 | 045 |044 | 0.54 | 048 | 0.06 |
| ExtraTreeClassifier 043 049 |048 | 0.50 | 047 [ 0.01 |
| QuadraticDiscriminantAnalysis | 0.38 | 0.45 | 0.44 | 0.45 | 043 | 0.03 |
|

| BernoulliNB 038 | 045 |044 | 045 043 | o0.01
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Table A.30: Mild vs Moderate - Day -Accelerometer and Medications

Model igg S(]jolre Recall Precision I\}I{];A ARN TTE:II:; i

| RandomForestClassifier | 0.64 | 0.66 |0.66 |0.68 | 0.66 | 020 |
| AdaBoostClassifier | 0.62 | 0.64 |0.64 |0.66 |0.64 | 012 |
| XGBClassifier | 0.61 | 0.64 |0.64 |0.65 | 0.64 | 010 |
| LGBMClassifier | 0.60 | 0.64 |064 |0.65 | 0.63 | 0.06 |
| CatBoostClassifier | 058 | 0.64 |0.65 |0.63 062 [ 115 |
| BaggingClassifier | 0.61 | 0.60 |059 |0.66 | 0.61 | 0.06 |
| LinearDiscriminantAnalysis | 0.51 | 0.58 | 0.64 | 0.58 | 057 | 0.02 |
| BernoulliNB 051 | 0.57 | 065 | 057 | 057 | 0.01 |
| ExtraTreeClassifier | 0.53 | 055 |054 | 0.59 055 001 |
| ExtraTreesClassifier | 049 | 056 |0.60 | 0.55 055 011 |
| DecisionTreeClassifier 053 | 052 [051 |0.58 | 053 | 0.01 |
| DummyClassifier | 050 | 054 [0.67 |045 053 [ 0.01 |
| CalibratedClassifierCV | 050 | 0.54 | 067 |0.45 | 053 | 0.04 |
| MLPClassifier | 048 | 053 [0.63 |048 052 079 |
| LogisticRegression | 049 | 053 |0.65 |0.44 052 007 |
| QuadraticDiscriminantAnalysis | 0.52 | 0.27 | 0.38 | 0.66 | 041 | 0.02 |
|

| GaussianNB 042 026 [032 |0.40 034 | o0.01
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