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A B S T R A C T

Delirium, an acute confusional state, is unfortunately common in Adult Inten-

sive Care Units (AICUs). Its development heralds increased risk of morbidity,

mortality, increased length of hospital stay, and worse cognitive outcomes

following discharge with cognitive scores not too dissimilar to Alzheimer’s

dementia. In this thesis, we explore the use of machine learning techniques

for the classification of delirium from Electronic Patient Records (EPR) data

routinely collected as part of the patient’s clinical care. We hypothesise that

delirium can be classified by eye-movements as a measurable biological signal

of overt attention as a surrogate marker for covert cognitive attention.

We thus developed, and validated, an eye tracking platform that exceeds

empiric requirements of invasiveness, performance, accuracy, and precision.

Following appropriate approvals, we then deployed the platform across two

hospitals in London. The data gathered facilitated the training of machine

learning algorithms that can classify delirium based on eye-movements and

scene-information with an Area Under Receiver Operator Curve (AUROC) of

0.69 and 0.78 respectively, and an Area Under the Precision Recall Curve

(AUPRC) of 0.8 and 0.83 respectively. These classifiers also provided novel

insights into the visual attention of delirium patients.

To explain these classifier’s findings, we further develop a novel, theory

of mind inspired, architecture composed of multiple hierarchical competing

forward models. Using this architecture, we demonstrate that patients with

delirium have globally reduced levels of visual attention throughout the

visual processing hierarchy to a statistically significant degree (p = 0.044).
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1
I N T R O D U C T I O N

The use of technology in health care is increasing with some implementations

even reaching the attention of mainstream news media outlets. This is in

no small part due to the increasing amount of data available to health care

professionals which had led to the development of sophisticated machine

learning frameworks that have significant predictive power (Miotto et al.,

2016). Adult Intensive Care Unit (AICU), as a medical speciality, is highly

reliant on technology. Patients in AICU are continuously and invasively moni-

tored throughout their stay leading to the generation of massive amounts of

data. Technology has also led to the development of sophisticated treatment

modalities such as ventilators and dialysis machines. AICU is also very wel-

coming to novel technology; for instance, recent work introduced the NAO

robot into AICU (Sarabia and Demiris, 2013). One of the main challenges for

the future of AICU is improving long-term outcomes following the survival

of critical illness. Many patients suffer from psychological sequelae following

their AICU stay that often results in a dramatic impact on their quality of life.

The psychological sequelae often stem from the development of delirium

(Jackson et al., 2004).

Delirium is an acute disorder of cognition and memory, often called con-

fusion. It occurs commonly in acutely unwell patients with an estimated

prevalence between 20 − 80% in AICU. Its development has been associated

with negative outcomes including increased hospital length of stay, worse

cognitive outcomes following discharge, and increased mortality (Ely et al.,

2001b; European Delirium Association and American Delirium Society, 2014;

Holt-Lunstad, Smith, and Layton, 2010; Lin et al., 2004; Lundström et al.,

1
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2007; Meagher, 2001; Meier-Ruge, Hunziker, and Iwangoff, 1991; Palmu,

2011; Pandharipande et al., 2013; Pisani et al., 2006). Consequently, delirium

has been included as a feature into other algorithms and scores that pre-

dict deterioration (e. g.National Early Warning Scores) and diagnostic tools

(e. g.Sepsis-3). The development of delirium also prognosticates future out-

comes (Lin et al., 2004; McCusker et al., 2002; Ouimet et al., 2007; Prytherch

et al., 2010; Singer et al., 2016).

The formal diagnosis of delirium by Diagnostic and Statistical Manual

of Mental Disorders (DSM) criteria requires a thorough investigation and

interview by trained clinicians (European Delirium Association and American

Delirium Society, 2014). This stringent criterium has been operationalised into

bedside scoring systems that aim to diagnose delirium based on heuristics

and surrogate markers. One such scoring system is the Confusion Assessment

Method in ICU (CAM-ICU). This scoring system aims to assess consciousness

and attention as surrogate markers of cognition and memory (Ely et al.,

2001a). However, it requires manual monitoring and awareness from the

clinician to trigger the assessment. The scoring system itself is burdensome

and can miss episodes of delirium owing to the intermittent nature of manual

testing. This has the potential to lead to under-diagnosis (Gaudreau et al.,

2005; Pisani et al., 2006).

In this thesis, we focus on exploring diagnostic avenues for delirium in AICU

starting from time-series Electronic Health Record (EHR) data to incorporating

cognitive models for classification using eye movements as a biological signal.

1.1 research objectives

This work intends to develop a platform for the continuous, automatic, and

non-invasive diagnosis of delirium whilst simultaneously giving insights

into the potential underlying cognitive processes that drive delirium. This
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objective requires the understanding of the clinical pathogenesis of delirium,

time series analysis for classification, as well as the abstract incorporation of

clinical and cognitive processes in a classification model. With these in mind,

this thesis is aimed at addressing the following objectives:

1. Develop a time-series EHR-based classification system for delirium.

For this objective, we aim to collect data from a homogenous AICU

population and use state-of-the-art methods, such as Long-Short Term

Memorys (LSTMs), to model delirium.

2. Identify avenues for novel direct biological signal acquisition. We specif-

ically aim to create a platform that is accurate, precise, non-invasive,

and clinically safe for eye tracking in AICU.

3. Use the biological signals acquired from the platform for the classi-

fication of delirium. For this, we aim to use further state-of-the-art

methods, such as Temporal Convolutional Networks (TCNs) to classify

the acquired biological signals.

4. Explain how these biological signals arise from cognitive processes

that drive delirium. We aim to develop novel biologically-inspired

architectures that can explain the classifiers under established neuro-

cognitive architectures.

We group these objectives into two main categories, namely time-series

analysis, and biological signal processing.

1.1.1 Time-Series Analysis

Whilst much prior work has gone into the clinical prediction, manual diag-

nosis, and prognostic consequences of delirium, little work has been done

on how delirium as a syndrome has changed. This limits the ability to infer

the future burden of disease on the AICU patients and limits the ability to
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plan to cater for the increased demand. We aim to explore, descriptively, how

delirium has changed in the AICU at a population level and then use routinely

collected EHR data for the diagnosis of delirium, at a patient level.

Also using EHR data, we aim to use routinely collected time-series demo-

graphical, biochemical, and observational data on patients in AICU to classify

delirium. Delirium, being a syndrome and not a disease, is heterogeneous

in its cause. Thus, we aim to use limit the analysis to a single homogeneous

disease - namely COVID-19.

1.1.2 Biological Signal Processing

Creating time-series classifiers based on routinely collected EHR data provides

little in the way of understanding the biological and cognitive underpinnings

that drive delirium’s manifestations. The routinely collected EHR data pro-

vides correlations of disease processes that also cause delirium, and whilst

we envisage that these will provide appropriate classification accuracy, they

limit the understanding of the syndrome itself. Hence, we aim to focus on

collecting novel biological signals from patients with delirium. We focus on

visual attention, specifically eye movements as an overt manifestation of covert

cognitive attention where we aim to create a platform for the continuous,

non-invasive acquisition of eye movements. We then aim to deploy this plat-

form on patients in AICU, collect their data and analyse it to understand the

underlying processes that drive in-attention as a surrogate marker of cognition

and memory.

1.2 contributions

The contributions of this thesis are grouped into five main categories: delirium

classification through longitudinal EHR data, development and validation of
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an eye tracking platform suitable for use in AICU, deployment of a feasibility

trial for the use of the eye-tracking platform in AICU, the classification of delir-

ium from eye movement data, and the development of a novel architecture to

explain the visual attention processing in delirium.

1.2.1 Delirium Classification from Electronic Healthcare Records Data

We developed an LSTM-based classification model for the classification of

delirium from routinely collected EHR data in a homogeneous, COVID-19,

AICU population. We demonstrated the model’s performance on a validation

dataset where we achieved state-of-the-art performance compared to existing

models in this population. We also demonstrated that the accuracy of the

classifier increases as more data is available it indicating that time is an

important component for the accurate classification of delirium.

1.2.2 Development and Validation of Eye Tracking Platform

We further developed a non-invasive eye tracking platform for the acqui-

sition of eye movements from patients in AICU in a clinically safe manner.

Empiric requirements of accuracy and precision were measured in a clinical

setting where we then demonstrated that the performance of the eye-tracking

platform exceeded these requirements.

The platform developed required the presence of a robust and fast blinking

classifier. Thus, we developed a novel curriculum learning training regime

for neural networks which we used on the task of blink detection. We demon-

strated that this training scheme reduced the complexity of the required

neural networks and resulted in state-of-the-art performance on challeng-

ing blinking datasets. The reduction in complexity also achieved higher

performance leading to a sampling rate that exceeded Nyquist criteria.
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To ascertain where in the scene the patient is looking, we developed a novel

gaze-scene intersection method which is fast, accurate, and robust to high

noise and sparse inputs.

1.2.3 Feasibility Study

We developed a multi-centre study and gained appropriate regulatory ap-

provals from Health Research Authority (HRA) and Research & Ethics Com-

mittee (REC) to conduct a feasibility study. The study deployed the eye

tracking platform across two AICUs in Chelsea & Westminster Hospital (CWH)

and West Middelsex Hospital (WMH). We gathered 210 recordings from 35

patients between November 2020 – February 2022.

1.2.4 Delirium Classification from Eye Movements

Using the data gathered from the feasibility study using the eye-tracking

platform, we developed two time-series classification models. The first model,

an eye-movement-only model, demonstrated good classification performance

which is improved upon if scene information is also considered. The models

were trained on data from CWH and validated from WMH.

1.2.5 Competing Forward Models for Visual Attention Understanding in Delirium

To explain the classification models in a biologically inspired fashion, we

developed an architecture suitable for the task of predicting the internal

cognitive state from eye-fixation data using multiple competing forward

models.

The models are built hierarchically and compete for attribution in a Winner

Takes All (WTA) fashion. The architecture was validated under simulation,
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Figure 1.1: Outline of the thesis set to the ‘Confused Lady’ meme demonstrating how
eye-movements as a overt signal of covert internal cognitive mechanisms
has permeated popular culture.

then a pre-existing visual search dataset, and then finally used on the data

from the feasibility study.

The results of this analysis from the data gathered from our feasibility

study demonstrated that episodes of delirium are punctuated by global visual

in-attention in a statistically significant manner.

1.3 thesis outline

Figure 1.1 illustrates the outline of this thesis pictorially. In detail:

• Chapter 2 reviews the relevant research to this thesis. Specifically, we

focus on time-series classification using biological signals and previous

work on eye movements for inferring internal cognitive processes.
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• Chapter 3 outlines the data, and model, for time-series EHR classifier of

delirium.

• Chapter 4 presents a camera-based platform for the tracking of eye

movements in patients in AICU.

• Chapter 5 demonstrates our contribution to improved blink classifica-

tion facilitating improved accuracy and inference speed.

• Chapter 6 describes our contribution for a novel gaze-scene intersection

algorithm to estimate the Point of Regard (PoR) in patients using the

eye-tracking platform on AICU.

• Chapter 7 describes the study that we have conducted, its flow, the

patient characteristics, and how the data from each patient’s recording

session was stored and processed for analysis.

• Chapter 8 describes the Temporal Convolutional Network (TCN) model

specification for two models – an eye movement specific model, and a

scene model. We present the architecture, training regime, and results

of the model on the dataset collected.

• Chapter 9 details our proposed architecture for the continuous classifi-

cation of internal cognitive processes where we validate the architecture

under simulation, an external visual search dataset, and then go on to

use the architecture from data acquired from patients in AICU.

• Finally, Chapter 10 summarises the thesis and present the conclusions

of the methodology and results of the work presented. It also highlights

the limitations of the work and possible future directions.

1.4 appendices outline

The thesis has the following appendices:
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• Appendix A presents an algorithm for the comparison of scan-paths

between two participants.

• Appendix B lists the trial documents.
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2
B A C K G R O U N D

Delirium, a cognitive state of confusion, is defined by the Diagnostic and

Statistical Manual of Mental Disorders (DSM) (European Delirium Association

and American Delirium Society, 2014). In its 5thedition, it lays out specific

diagnostic criteria that can be used to diagnose delirium, namely:

1. Disturbance in attention (i. e., reduced ability to direct, focus, sustain,

and shift attention) and awareness (reduced orientation to the environ-

ment).

2. The disturbance develops over a short period of time (usually hours to

a few days) and represents an acute change from baseline attention and

awareness, and tends to fluctuate in severity during the course of a day.

3. An additional disturbance in cognition (e. g., memory deficit, disorien-

tation, language, visuo-spatial ability, or perception).

4. The disturbances above are not better explained by a pre-existing,

established or evolving neuro-cognitive disorder and do not occur

in the context of a severely reduced level of arousal such as coma.

5. There is evidence from the history, physical examination or laboratory

findings that the disturbance is a direct physiological consequence

of another medical condition, substance intoxication or withdrawal

(i. e.due to a drug of abuse or to a medication), or exposure to a toxin,

or is due to multiple aetiologies.

The above criteria thus represent an operationalised definition of an acute

temporally fluctuating disorder of attention and cognition that are not imme-

11
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diately explained by the patient’s pre-existing cognitive disorders (European

Delirium Association and American Delirium Society, 2014).

Two phenotypes of delirium have been show to exist, a hyperactive and

a hypoactive state. Patients can also alternate between the two states with

varying frequency in what has been termed a mixed phenotype (Peterson

et al., 2006).

The hyperactive phenotype is heralded by agitation, disorientation in day-

night cycles, disturbances in sleep, and is usually a dramatic manifestation. It

often attracts the attention of clinical staff and is what most people imagine

when one mentions delirium. However, this has been shown to be the minority

of patients who suffer with delirium accounting for approximately 5% of all

cases of delirium.

By far the most common phenotype of delirium, accounting for the remain-

ing 95%, is hypoactive delirium. This is a quiet, introspective state of cognitive

and in-attention where patients are often have reduced level of consciousness,

attract little attention from busy clinicians and nursing staff, and are often

mistaken for patients who are ‘resting’ or ‘sleeping’. But on formal testing,

they are often found to be covertly delirious. This is the hidden iceberg of

delirium.

2.1 operational diagnosis of delirium

The definition of delirium, as outlined above by DSM, is robust, sensitive,

and specific. However, it requires trained personnel to perform to achieve

its high performance metrics. Operationally, and given the large number of

patients in Adult Intensive Care Unit (AICU) and the limited number of AICU

psychologists that are present, an easy to use, operational diagnostic tools

for delirium were developed. The most popular scoring system is Confusion

Assessment Method in ICU (CAM-ICU) (Ely et al., 2004).
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This is a simple scoring system that attempts to jointly assess consciousness,

through the assessment of the Richmond Agitation Sedation Scale (RASS)

score (a clinical score ranging from −5 to +4 representing the range of

consciousness from coma to agitation), and attention by asking the patient to

remember a task and execute it on demand. The task is usually to squeeze

the operator’s hand when the letter ‘A’ is said by the operator - the operator

then spells out a phrase like ‘SAVE A HAART’ (HAART intentionally spelt

with two A’s to ascertain attention) or ‘CASABLANCA’ (where the BL alters

the rhythm). The scoring system then dichotomises the number of hand-

squeezing errors where ≥ 2 signifies inattention (Ely et al., 2004). This scoring

system has received wide-spread adoption owing to its simplicity and high

inter-operator reliability.

Whilst CAM-ICU has facilitate the diagnosis of delirium on AICU, limitations

of the use of a scoring system still exist - namely that they are snapshots

in time of the cognitive and attentive state of the patient and as delirium is

time-varying, can miss episodes of delirium. The scoring system also places

burden of work on clinicians and nursing staff and is thus not performed as

judiciously as other clinical tasks.

2.2 prediction of delirium

Work has been performed on the prediction of delirium. Similar to mortality

prediction models, such as the Acute Physiology and Chronic Health Evalua-

tion II (APACHE-II) models, mathematical models have been developed that

use data from patient admission variables and predict the development of

delirium. Early PREdiction of DELIRium in ICu patients (E-PRE-DELIRIC) is

one such model that uses demographic, observational, and laboratory data

to to predict the probability of the patient developing delirium during their

AICU stay (Wassenaar et al., 2018).
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Whilst the model has been validated, it does suffer with relatively poor

calibration and has thus received little clinical use beyond informing clinicians

of patients with low-risk of developing delirium.

2.3 outcomes of patients who develop delirium

The development of delirium in AICU carries significant consequences. Pa-

tients who develop delirium have globally worse outcomes compared to

matched cohorts who do not develop delirium, as will be demonstrated

below. The main outcomes that have been studied include mortality, mor-

bidity and complications of the hospital stay, length of stay, cost of stay, and

cognitive performance following discharge.

In a matched case-control series of patients who have suffered a neck of

femur fracture – patients who developed delirium suffered vastly worse

in-patient and post-discharge mortality extending up to 1 year following

discharge (McCusker et al., 2002). This trend also applies to a variety of

patient cohorts from specialities ranging from Cancer to Cardiothoracics

(Bakker et al., 2012; Seiler et al., 2021)

In-hospital length of stay is also significant longer for patients who develop

delirium (Ely et al., 2001b; Han et al., 2011). This is as a result of a large

amount of clinical uncertainty in future outcomes that result from delirium

and thus the patients are deemed unsuitable for discharge. It also relates to

the complication that can occur as a result of delirium - increased rates of

infection, reduced nutritional intake, increased muscle mass loss (sarcopenia)

and ultimately a physiological inability to cope with small pathological

stressors - like infection or metabolic derangement.

Economically, patients who develop delirium costs more to keep in hospital

(Leslie and Inouye, 2011). This is independent of their length of stay and

represents an increased nursing workload, poly-pharmacy, increased cost
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of investigations, and increased multi-disciplinary input from a variety of

allied health professionals including physiotherapists, occupational therapists,

pharmacists and doctors.

Cognitive outcomes following discharge are also worse. In a study, where

patients who were discharged home underwent cognitive testing, patients

who developed delirium had scores similar to patients with mild Alzheimer’s

disease 6 months following Intensive Care Unit (ICU) discharge (Jackson et al.,

2004). This represents a large burden of disease on the patient, their social

network, and on society.

The burden of delirium on AICU is also increasing. To explore how delirium

has changed over time, we used an internal data-set at Chelsea & Westminster

Hospital (CWH) to explore variables associated with delirium. The variables

studied in this dataset relate to factors that are known to cause delirium,

namely Age and Severity of disease through the APACHE-II model. We also

explored the E-PRE-DELIRIC score.

Figure 2.1 demonstrates data from from 2011, the year of the inception of

the dataset, until the analysis date of March 2018. The Age of the patients

being admitted to AICU is increasing slowly which mimics national trends of

changing behaviour towards the admission of the elderly into AICU.

This trend, however, was not present in the severity of disease; Figure 2.2

demonstrated the APACHE-II score over the same date window. There is no

visual discerning trend of increased severity from the periods of 2011 − 2018.

However, Figure 2.3 demonstrates how the expected rates of delirium

using E-PRE-DELIRIC have changed over time – there is a clear visual trend of

an increase in the predicted development of delirium. This has potentially

serious implications as it seems that E-PRE-DELIRIC is also correlated with

outcomes as per Figure 2.4.
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Figure 2.1: Calendar plot of admission age of patients admitted to AICU over time
starting from 2011 until 2018 demonstrating stable age of admission in
the dataset. Grey indicates lack of new admissions and thus no data,
Green indicates low average age and Red indicates high average age.
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Figure 2.2: Calendar plot of the severity of disease as modelled by APACHE-II over
the dataset’s duration of 2011 to 2018 demonstrating stable severity of
disease in the dataset. Grey indicates lack of new admissions and thus no
data, Green indicates low average acuity and Red is high average acuity.

2.4 eye-movements in disease

The role of eye-movements in neuro-psychiatric diseases has a long tradition.

Many developmental and degenerative diseases have pathognomonic changes

on eye-movement analysis. In this section, we review the role of eye tracking

in specific diseases and the techniques used to ascertain those eye-movements.
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Figure 2.3: Calendar plot of the E-PRE-DELIRIC score over the dataset’s duration of
2011 to 2018 demonstrating that risk of delirium is increasing over the
dataset. Grey indicates lack of new admissions and thus no data, Green
indicates low risk of delirium and Red is high risk of delirium.

2.4.1 Eye-Movements in Dementia

Alzheimer’s disease, a form of dementia characterised by loss of cortical

neurons resulting in loss of cognition and memory, is a devastating disease.

Its diagnosis requires observational, radiological, and sometimes histological

investigations, with expertise to interpret the data placing it in a clinical con-

text. Thus, its diagnosis is of paramount importance and carries a significant

impact for the patient, their family, and for society (Lehman et al., 2004).
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Figure 2.4: Violin plots of patient’s outcomes and E-PRE-DELIRIC score demonstrating
that patients who have died have a much higher E-PRE-DELIRIC score
compared to those who were discharged alive.

Eye-tracking was used early in the disease’s history. It was demonstrated

that patients with Alzheimer’s disease didn’t fully explore scenes that con-

tained incongruous or irregular figures compared to ones that contained

congruous or regular figures - e. g., the region of a slide that contained a

horse that had his hind legs painted over was not looked at at all (Daffner et

al., 1992). This in-attention persists even after a 12-month follow-up (Crawford,

2015). A similar finding was demonstrated in patients exploring the visual

features of human faces. In this study, ‘diminished curiosity’ was reported

to be significantly different between the patients with Alzheimer’s disease

compared to the baseline population (Chan et al., 2018).

Similar findings have been reported in patients with Parkinson’s disease

and Parkinson’s dementia. In this population, impairment of rapid eye move-

ments (saccades) and the fixations interspersed between them were patholog-

ical compared to patients without those diseases (Archibald et al., 2013).
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Thus, one can reasonably conclude that neurological degenerative cognitive

disorders have a measurable effect on eye-movements that are consistent and

repeatable.

2.4.2 Eye-Movements in Psychiatric Diseases

Much of the success of eye-tracking in psychiatric diseases stems from the

finding that patients with schizophrenia perform worse on the anti-saccade

test compared to controls (Munoz and Everling, 2004). Other eye-movements,

specifically smooth-pursuit and saccade generation, are also exhibited be-

tween patients with schizophrenia, and affective disorders, compared to

normal controls (Abel, Levin, and Holzman, 1992).

In a more natural natural setting, free-viewing performance of human faces

also demonstrated reduced visual search of faces compared to controls but

also compared to other patients with affective disorders - such as depression

(Loughland, Williams, and Gordon, 2002). This in-attention to facial features

is striking especially given that schizophrenia is not a degenerative disease,

but is classically thought of as a neuronal network connectivity disorder.

2.5 time-series classification

Much of the work in this thesis relies on the classification of time-series

data, often in situation were the entire time-series of a patient (as in the

case of the use of time-series data from Electronic Health Record (EHR) for

the classification fo delirium, see Chapter 3) or a recording (as is the case

for using eye-movements for the classification in delirium, see Chapters 8

and 9) has a single label – a supervised classification scheme. To avoid

feature engineering and variable selection as there isn’t an established method

for feature engineering or variable selection in this field, we opt to use
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models that can use raw data as their input to output the required class

probabilities. Two such models are Long-Short Term Memory (LSTM) and

Temporal Convolutional Networks (TCNs). Here, we give a brief overview of

the underlying architectures that facilitate their time-series performance.

2.5.1 Long Short-Term Memory Modules

An LSTM is a type of Recurrent Neural Network (RNN) that can process arbi-

trary length sequences of data to output a fixed-length vector that represents

that sequence. The LSTM is composed of an input gate, an output gate, and a

forget gate, where they work in unison to regulate the flow of information

in and out of the LSTM. The fixed-length vector can then be used to classify

the time-series data into the required classes. The main advantage of an LSTM

over a classic RNN is the ability of the LSTM to deal with longer sequences

due to tackling the vanishing gradient problem during training through

back-propagation. Formally:

ft = σg(W f xt + U f ht−1 + b f ) (2.1)

it = σg(Wixt + Uiht−1 + bi) (2.2)

ot = σg(Woxt + Uoht−1 + bo) (2.3)

c̃t = σc(Wcxt + Ucht−1 + bc) (2.4)

ct = ft ◦ ct−1 + it ◦ c̃t (2.5)

ht = ot ◦ σh(ct) (2.6)

where −→xt ∈ R
d is the input vector to the LSTM at time-step t, ft ∈ (0, 1)h is the

forget gate’s activation vector, it ∈ (0, 1)h is the input/update gate’s activation

vector, ot ∈ (0, 1)h is the output gate’s activation vector ht ∈ (−1, 1)h is the

hidden/output state vector, c̃t ∈ (−1, 1)h is the cell input activation vector,

ct ∈ R
h is the cell state vector. W ∈ R

h×d, U ∈ R
h×u, and b ∈ R

h are the
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weight and bias matrices learnt during training. Subscripts d and h refer to

the size of the input features and hidden units respectively. Initial values of

c0 = h0 = 0, and ◦ is the element-wise product. σg is the sigmoid function,

and σc is the hyperbolic tangent function (Gers, Schmidhuber, and Cummins,

2000; Hochreiter et al., 1997).

Practically, inputs x0, x1, · · · , xt are fed into the network and the last hid-

den/output vector ht thus encodes all previous inputs. The network is trained

by gradient decent through back-propagation to alter matrices W, U, and b to

minimise the loss function with respect to the inputs. As the main theme of

this thesis is the binary classification of delirium, the loss function employed

is usually binary cross entropy unless otherwise stated. One of the main dis-

advantages of LSTMs is the lack of parallelism – the calculation outlined above

are required to be performed through the entire sequence as information is

propagated through the hidden vector ht.

LSTMs are used in Chapter 3 of this thesis to predict delirium from time-

series Electronic Patient Records (EPR) data.

2.5.2 Temporal Convolutional Neural Networks

Similarly to LSTMs, TCNs aim to convert a sequence of inputs into an output of

fixed-length. However, the architecture that performs this is vastly different

utilising convolutional as the main mechanism and relying on multiple layers

with specific strides to obtain a causal structure. To ensure that each neuron

received information from an appropriately sized receptive field, dilatations

are used. Thus, this architecture enforces a strong inductive bias where each

neuron can only perceived temporally local information. Formally, for input
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sequence x0, x1, · · · , xt ∈ R
n, and a filter f : {0, · · · , k − 1} → R, the dilated

convolution operator F on element s of the sequence is:

F(s) = (x ∗d f )(s) =
k−1

∑
i=0

f (i) · xs−d·i (2.7)

where d is the convolutional layer’s dilation factor, k is the filter size, and

s − d · i creates a causal structure that avoids data leakage from the future. To

increase the receptive field of the TCN, d is is increased exponentially with

the depth of the network (Bai, Kolter, and Koltun, 2018).

To achieve large receptive fields, neural networks with a large number of

layers is required. Thus, residual blocks are used that learn modifications to

the identify mapping are used as this has been shown to facilitate the creation

of massively deep architectures that ultimately improve performance (Bai,

Kolter, and Koltun, 2018; He et al., 2015).

An empiric evaluation of sequence modelling demonstrated the classifi-

cation prowess of TCNs in its ability to attend to inputs with large temporal

distances (Bai, Kolter, and Koltun, 2018). Thus, we use TCNs in Chapter 8 to

predict delirium from time-series data gathered by our proposed eye-tracking

platform.

2.6 performance of classifiers

In order to analyse the performance of the models that will be presented

later on - specifically using LSTMs for the classification of delirium from EHR

data (Chapter 3), and the use of TCNs for the classification of delirium from

eye-movement data (Chapter 8), graphs and summary statistics of the model’s

performance are plotted and calculated.

Specifically, model performance is demonstrated by using Receiver Op-

erator Characteristic (ROC) and Precision-Recall Curve (PRC). Area Under

Receiver Operator Curve (AUROC) is the summary statistic of the ROC curve
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where it demonstrates the accuracy of the model; a number closest to 1.0 in-

dicates perfect classification and 0.5 indicates performance similar to chance.

The PRC curve demonstrates the trade-off between Recall and Precision with

the mean Average Precision (mAP) summarising the curve: the closer the mAP

is to 1.0 the better the model where 1.0 indicates perfect accuracy compared

to a baseline model of 0.0.

The trained models are also evaluated using using normalised calibration

plots. These are isotonic curves that compare the estimated binned proba-

bilities compared to the fraction of observed outcome where the diagonal

line represents perfect concordance between predictions and observations.

This curve’s summary statistic is the Brier score: a unit-less score between

0.0 and 1.0 where the best-calibrated model attains a score of 0.0 which is

calculated as the sum of residual errors between the prediction and the label

(Brier, 1950). Formally:

Brier Score =
1
N

N

∑
i=0

(xi − oi)
2 (2.8)

where oi is whether the patient i developed delirium or not as a 1 or 0

respectively, xi is the calculated probability, and N is the number of patients.

2.7 handling missing data

Often, especially in data from EHR, data can be missing for a wide-range of

reasons. An example of this is the different temporal frequencies of pathology

samples such as blood tests; some, like gas concentration measurements, are

performed almost hourly, whilst other blood tests are performed at a lower

frequency.

This is important for several reasons. The cause of missingness speaks

to the underlying processes that caused the missingness in the first place –

could missing data be attributable to an entirely different clinical management
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that biases results? Secondly, LSTMs and TCNs cannot handle missing data

explicitly and thus, in-order to use them, one much deal with missing data.

One class of techniques aims to fill in the missing data. This is often

not performed to try and predict what those values might be, but instead,

offers a way of using algorithms whilst propagating uncertainty by using

multiply imputed datasets. One popular method of imputation is called

Multiple Imputation using Chained Equations (MICE) (White, Royston, and

Wood, 2011). This is an iterative procedure that builds N complete datasets by

building multiple models that predict the missing variables. By using different

starting random seeds, different predictions are made of the possible values

that those missing values can hold. Then, one can use each imputed dataset

to train a model resulting in N models with N performance characteristics

that can then be pooled for an estimate of the uncertainty that missing values

can hold.

A specific type of imputation strategy, the iterative imputer, performs the

imputation scheme in a round-robin fashion until convergence where the

values to do change within a certain pre-specified limit. The implementation

of the exact algorithm within the iterative imputer can be modified depending

on requirements, such as data type.
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3
D E L I R I U M C L A S S I F I C AT I O N U S I N G R O U T I N E LY

C O L L E C T E D H E A LT H C A R E D ATA

This chapter aims to address the question of whether time-series data can

classify delirium. We focus on routinely collected data rather than a specific

bio-markers or blood-tests in order to generalise our findings. This is of

operational and pragmatic importance – by using routinely collected data, we

reduce the burden of diagnosis on patients and clinicians. We also focus on

modelling the entire sequence of time-series data, rather than what has been

previously attempted in the delirium classification literature of using a single

time-point (usually admission variables). This is advantageous in several ways

- primarily in that there exists more data and therefore using this data should

lead to more accurate classification, but also classical statistical techniques

(e. g., using linear regression) potentially require the modelling of complex

non-linear time-varying relationships between the predictor and the outcome

which requires domain knowledge, for each predictor. Rather than perform

this modelling approach which is fraught with heuristics and uncertainty, we

instead opt to use Long-Short Term Memorys (LSTMs) as time-series estimators

as they can model these complex non-linear interactions implicitly thus

avoiding feature engineering. We begin this chapter by introducing delirium

within COVID-19, what has currently been done on delirium prediction using

Electronic Health Record (EHR) data, followed by our proposed modelling

approach.

The COVID-19 pandemic heralded a vast number of acutely unwell pa-

tients, many of which suffered a severe form of COVID-19 which is recognised

to have a spectrum of neurological complications including delirium in up

27
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to 65% of patients (Mao et al., 2020; Rogers et al., 2020). The pathogenesis

of delirium in Adult Intensive Care Unit (AICU) is traditionally thought to

be due to a combination of disease severity, hypoxia, high inflammatory

response, and thrombosis – all elements present in patients with COVID-19

(Cerejeira et al., 2010; Hirsch et al., 2015; Palmbergen et al., 2012; Tay et al.,

2020). Thus, early delirium prediction models have formed a significant role

as part of a process to improve patient outcomes, benchmark practices and

direct resources, especially if further waves of COVID-19 are to occur.

Prior prediction models, like Early PREdiction of DELIRium in ICu patients

(E-PRE-DELIRIC), have been demonstrated to perform poorly in patients with

COVID-19 (Al-Hindawi et al., 2020; Wassenaar et al., 2015). We hypothesis that

this is because the patient cohort underpinning the model is vastly different

from the more homogeneous COVID-19 cohort. Specifically, E-PRE-DELIRIC

lacks support from patients who have had a long length of stay, severe

respiratory failure, and are young – all elements present in COVID-19.

To address this, we aim to develop and validate an improved model with

the specific aim of predicting delirium in patients with COVID-19. As the

length of stay of patients with COVID-19 on AICU is relatively long, we

hypothesise that in-hospital variables affect the development of delirium and

thus aim to utilise time-series data from the entire patient’s stay for prediction.

To maximise utility and facilitate automatic calculation in Electronic Patient

Records (EPR), we focus on demographic, observational, and pathological

data rather than clinical notes.

3.1 methodology

The study was conducted during the COVID-19 infection outbreak as part

of dynamic evaluation and optimisation of clinical pathways at Chelsea

and Westminster NHS Foundation Trust. As the report involves routinely
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collected, non-identifiable clinical audit data, ethical approval was waived as

per the UK policy framework for health and social care (UK Policy Framework

for Health and Social Care Research 2020).

3.1.1 Data Collection and Transformation

Anonymised data from SARS-CoV-2 positive patients admitted to AICU at the

Chelsea and Westminster Hospital was collected from the 1stof February 2020

to the 1stof February 2021. Data from the first wave (1stof February 2020 to

the 1stof October 2020) were used for model creation, training, and validation

whereas data from the second wave (1stof October to the 1stof February 2021)

were used for external testing. All patients included in the study underwent

assessment by the Confusion Assessment Method in ICU (CAM-ICU) (Ely

et al., 2001a). Patients were defined as having delirium if their CAM-ICU

was positive and were defined to be non-delirious if the CAM-ICU remained

negative throughout their stay in AICU. Patients in whom delirium assessment,

due to precluding factors in CAM-ICU, were excluded from the study.

Patient flow through the study is presented in Figure 3.1 and Table 3.1 lists

the patient characteristics stratified by delirium status and model training

and testing phases.

Variables were selected based on expert domain knowledge to maintain

biological plausibility. Specific attention was given to variables that were

known to exist in both the delirium and COVID-19 literature; specifically

variables that related to physiological response, hypoxia, inflammation, and

thrombosis (Table 3.2) (Klok et al., 2020). Continuous variables were truncated

in time to the first positive CAM-ICU. Categorical variables that are known

to correlate with the development of delirium, namely history of cognitive

impairment, history of alcohol abuse, and history of corticosteroid use were

also included.
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All Patients  
(n=111)

First Wave 
(n=64)

Second Wave 
(n=47)

Died 
(n=10)

Not Delirious 
(n=25)

Delirious 
(n=12)

Testing
(n=37)

Died 
(n=16)

No Assessment  
(n=15)

Not Delirious 
(n=18)

Delirious 
(n=15)

Training 
(n=26)

Validation 
(n=7)

Figure 3.1: CONSORT diagram of patient flow in the study looking at the use of EHR

data for the classification of delirium. Patients in the first wave were used
for model building and validation whereas patients in the second wave
were used for testing.

Raw time-series data from the entire patient’s stay was used without

filtering or outlier removal. As the dataset contained missing values, an

imputation scheme was employed to propagate uncertainty. This strategy

creates N datasets and imputes the missing values using an Iterative Bayesian

Ridge estimation until convergence – as explained in Section 2.7. Training data

was then split into a training (80%) and validation (20%) cohort. Continuous

variables were centred to a mean of zero and a standard deviation of 1 prior

to fitting.
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Table 3.1: Patient Characteristics split across training and testing cohorts for the classification of delirium using routinely collected healthcare data.
Testing cohort (second wave) had reduced severity of disease as demonstrated by a lower mean APACHE-II score and lower Rockwood
Frailty score demonstrating the changing admission criteria landscape between the first wave and second.

Delirious Not Delirious Overall

Testing

(N=12)

Training

(N=15)

Testing

(N=25)

Training

(N=18)

Testing

(N=27)

Training

(N=33)

Age

Mean (SD) 56.5 (20.5) 56.9 (12.9) 62.2 (16.8) 52.4 (14.0) 61.8 (16.7) 54.5 (13.5)

Gender

Female 5.00 (41.7%) 7.00 (46.7%) 8.00 (32.0%) 5.00 (27.8%) 13.0 (35.1%) 12.0 (36.4%)

Male 7.00 (58.3%) 8.00 (53.3%) 17.0 (68.0%) 12.0 (66.7%) 24.0 (64.9%) 20.0 (60.6%)

APACHE II

Mean (SD) 16.9 (1.44) 22.1 (17.3) 24.2 (17.4) 15.5 (9.18) 23.7 (16.9) 18.6 (13.8)

Rockwood Clinical Frailty Score

Mean (SD) 3.00 (1.0) 3.20 (0.775) 3.72 (1.06) 2.94 (0.429) 3.32 (1.04) 3.06 (0.619)
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3.1.2 Analysis and Model

Data Analysis was performed in R version 4.0.1 and Python 3.7. Tensorflow

version 2.2 was used for neural network computation and sckit-learn 0.23 was

used for performance metric calculation. R was used for data cleaning while

Python was used for missing data imputation, hyperparameter optimisation,

model selection, training, evaluation, and testing.

Building upon a clinically validated neural network architecture, the pro-

posed model is composed of a multilayer shallow fully connected neural

network starting with a LSTM module (Abdulaal et al., 2020). The last hidden

output from the LSTM module is used to encode the data series into a single

latent variable of fixed size where this vector is then used for classification

through 6 fully connected dense layers resulting in a single prediction per

time series. Rectified Linear Unit (ReLU) were used as non-linearity func-

tions with the exception being the last layer’s activation being a Sigmoid

to normalise the output between 0 and 1 as the probability of the patient’s

variables belonging to a non-delirious or delirious label, respectively. Binary

Cross-Entropy was used for the loss function. AdamW optimiser was used

with hyper-parameters β1 = 0.9 and β2 = 0.99 (Loshchilov and Hutter, 2018).

As patients had differing lengths of stays, a batch size of 1 was used to avoid

padding. Training occurred over 30 epochs. Extensive regularisation was

employed to reduce over-fitting and improve generalisation of the model;

specifically, dropout layers, ℓ2 weight regularisation, and early stopping.

A random search optimisation strategy was utilised to find the optimal set

of hyper-parameters to maximise accuracy. A nested cross-validation scheme

was used where the training dataset was split into 10 folds where 9 folds

were used to train a model with specific hyper-parameters and the last fold

was used for validation repeated 10 times and the results averaged (Browne,

2000). The hyper-parameter optimisation random search was bounded within
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the accepted range of each hyper-parameter. The tuned hyper-parameters

were: learning rate, ℓ2 regularisation, and dropout rate (Bergstra and Bengio,

2012; Gal and Ghahramani, 2016). The best performing model’s parameters

were stored and used for validation with the best-validated model used for

testing.

The performance of the model are presented using Receiver Operator Char-

acteristic (ROC) and Precision-Recall Curve (PRC) curves with their summary

statistics of Area Under Receiver Operator Curve (AUROC) and mean Average

Precision (mAP). Calibration is presented using the Brier score. Further details

of these were presented in Section 2.6.

To understand the effect of time on the accuracy of the models, the external

testing datasets (following imputation of missing features) were truncated in

time at fractions of the entire sequence of variables and the performance of

the model was assessed using AUROC and mAP criteria. The shortest sequence

length was 1 at the earliest time – akin to estimating delirium from admission

variables.

3.2 results

For model creation and validation, a total of 66 patients were screened

between the 1stof March and the 1stof October 2020. Patients who died

prior to a delirium assessment was possible were excluded from the dataset

(n = 16, 24.2%). Following a notes search, 15 (22.7%) patients were excluded

as their delirium status was undetermined. This resulted in a dataset of 35

patients: 23 (65.7%) patients with delirium and 12 (34.2%) patients without

delirium (Figure 3.1). These were split into a training (n = 28, 80%) dataset

and a validation (n = 7, 20%). The patients in the second wave were used

for external testing (n = 47) but 10 patients were excluded as they died

before an assessment of delirium was possible (Richmond Agitation Sedation
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Figure 3.2: Receiver Operator Characteristic (ROC) curves and Precision-Recall Curve
(PRC) for classification of delirium from time-series data. The proposed
model demonstrates an AUROC of 0.77 with tight confidence. The mAP in
the PRC is 0.80 demonstrates an adequate trade-off between sensitivity
and positive predictive value. In the ROC curve, the lower triangle demon-
strates an area where classification is worse than chance (flip of a coin)
and the upper triangle demonstrates better than chance classification.

Scale (RASS) < −3 throughout the duration of their AICU stay) thus leaving

37 patients for testing. Table 3.1 demonstrates the demographics of patients

in both the training and testing cohorts.

The random hyper-parameter search resulted in a Dropout probability

of 0.2, ℓ2 layer weight penalty strength of 1 × 10−3 and a learning rate of

1 × 10−4. This resulted in the best performing model during validation that

was then tested on the second wave of patients with COVID-19. The final

network architecture is presented in Figure 3.3. Table 3.2 lists the variables

that were extracted per patient across their stay on AICU and then used within

the model. The table also lists population means and standard deviations

used to centre inputs.

The ROC curve for the proposed model using the testing dataset is demon-

strated in Figure 3.2. The ROC curves are calculated for each imputed dataset

(n = 20) achieving an AUROC of 0.77. The Recall-Precision curve also demon-

strates good accuracy with a mAP of 0.80 indicating good trade-off between

recall and precision. The presented model is adequately calibrated with a

Brier score of 0.32.
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Figure 3.3: The architecture of the neural network used for the analysis of EHR data
to classify delirium presented pictorially. The inputs (X at time t) consist
of the 17 variables outlined in Table 3.2. Each layer’s output then forms
the input into the next layer. The first module, a causal LSTM extracts
temporal features into a fixed vector. The Feature Embedding Module
then embeds these features in higher dimensional space followed by a
final linear transformation layer to output the probabilities that this time
series corresponds to a Delirious or Non-Delirious patient.

Figure 3.4 demonstrates the increase in accuracy over time when increasing

fractions of the data available is presented to the model. The AUROC increases

by 0.1 (Wilcoxon Rank Sum Exact Test, W = 318, P < 0.00001) and the mAP

increases by 0.12 from initial admission (Wilcoxon Rank Sum Exact Test,

W = 90, P < 0.00001) to when the entire patient’s length of stay is available

for the model to predict from.
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Figure 3.4: The effect of time, considered as a fraction of the total data available, on
the accuracy of the model at classifying delirium from EHR data. As more
data is available, the model’s accuracy monotonically increases from an
AUROC of 0.67 to 0.77 and a mAP of 0.68 to 0.80. Gray lines are individual
models with the Black line indicating the average accuracy gain. Blue
arrows demonstrate the accuracy uplift.

3.3 discussion

The development, internal validation, and testing of a neural network model

was presented which accurately predicts the development of delirium in

patients with COVID-19 using time-series data. To maximise learning from the

data and avoid placement of empiric domain specialist knowledge through

feature engineering, an LSTM neural network was used on raw time-series

data. The neural network, during the training, will decide on which features

are important at which time points through altering the weights and biases

of the artificial neurons to minimise the loss function (binary cross-entropy)

through back-propagation. While this methodology does not shed light on

biological machinery or causality, it does provide state-of-the-art performance

to an AUROC of 0.77 and a mAP of 0.80 compared to E-PRE-DELIRIC’s 0.48

(Figure 3.2).

As with many clinical data sets, the clinical reason and the timing of

tests including the recording of the results is varied and thus will contain

missing data as the temporal frequency of tests and measurements do not
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match. For example, haemoglobin oxygen saturation (SpO2) is measured

continuously but is recorded on EPR hourly whilst D-Dimer is only measured

and recorded daily. Thus, missing data was imputed as neural networks

cannot handle missing data explicitly. This imputation procedure was carried

out multiple times to propagate uncertainty in the value of the missing

variable. To understand the effect of imputation on model performance,

20 datasets were imputed which resulted in 20 independent models. The

individual performance of each model demonstrates that the imputation

procedure produces negligible effect on the overall model performance.

To evaluate the hypothesis that variables within the patient’s stay in AICU

influence the development of delirium, we investigated the accuracy of the

models over time. With increasing data, the model increases its accuracy

in its predictions with a 0.1 increase in AUROC and a 0.12 increase in mAP

in a statistically significant manner. This findings suggests two possible

hypotheses; either that delirium prediction benefits from learning about

patient trajectories during their AICU stay, or that the classification of delirium

is in-determined until more data is available - both hypotheses provide early

proof that adding in more data from the patient’s stay leads to more accurate

classification. While the accuracy of the model using only the first set of

observations is adequate (AUROC 0.67 and mAP 0.68), the model’s accuracy

improves as more data becomes available throughout the patient’s stay in

AICU.

The use of the second wave of patients as a testing cohort adds credence to

the validity of this model. These prediction models can be clinically useful in

multiple ways – by using the proposed model as the denominator, the model

acts as a way of standardising practice as an index which can then be used

for comparison between different interventions. This model specialises in

predicting delirium in COVID-19 patients which is prudent should further

waves of COVID-19 occur. The second, and most appealing, use of this model



38 delirium classification using routinely collected healthcare data

is to provide insights into the likely trajectory of patients as they move from

the acute phase of illness and into rehabilitation. This rehabilitation period’s

success largely relies on patient involvement which can only reliably occur if

the development of delirium is considered, and clinical actions are taken to

reduce the impact of delirium.

There are a number of limitations to the study, the primary limitation is

the limited number of patients that the neural network model was able to

learn from. This limitation was mitigated by extensive regularisation through

ℓ2 layer weight penalisation, drop out, and early stopping. This ensured that

the model does not simply memorise the data, hence its performance on the

testing dataset which it has never seen. Recent theoretical work suggests that

the number of parameters of the neural network is a poor indicator of network

complexity and that over-parametrisation with extensive regularisation leads

to better unbiased estimators with low variance (Belkin et al., 2019; Zhang et

al., 2021). The second limitation is that the data originated from a single-centre

and validity in other centres is yet to be determined.

3.4 conclusion

The development of an artificial neural network-based model was presented

with superior performance using shared variables between delirium and

COVID-19 literature. Patients with COVID-19 exhibit a long duration of stay

in AICU thus making the prediction of delirium from admission variables (as

per E-PRE-DELIRIC) biologically implausible. This model thus uses values from

the patient’s entire stay to achieve state-of-the-art performance compared to

pre-existing techniques.

Future work aims to couple the probability of delirium from this model

into clinical actions to demonstrate any potential clinical impact on predic-
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Table 3.2: Parameters used in the time-series model for the classification of delirium
from routinely collected healthcare data. The mean and standard devi-
ations of each variable are used to centre continuous variables during
training. At testing, the means and standard deviations are used to centre
the values prior to inference.

Population Standardising Parameters

Parameter Mean Standard Deviation

Age (years) 57.8 10.5

FiO2 (%) 43.7 14.8

PaO2 (kPa) 10.3 3.4

PaCO2 (kPa) 6.3 2.0

SpO2 (%) 95.3 3.7

Lactate (mmol/L) 1.2 0.5

D-Dimer (mmol/L) 4148.0 1039.5

Ferritin (µg/L) 1273.9 201.0

Sodium (mmol/L) 142.6 2.7

Potassium (mmol/L) 4.5 0.5

Creatinine (µg/L) 149.4 29.2

Urea (mmol/L) 10.3 3.5

C-Reactive Protein (mg/L) 149.4 52.1

White Cell Count (×109) 13.2 3.4

Neutrophil Count (×109) 12.9 2.5

Lymphocyte Count (×109) 1.2 0.3

PaO2/FiO2 Ratio 26.3 12.6

History of Cognitive Impairment NA

History of Steroid Use NA

History of Alcohol Abuse NA

tion. Further work would also aim at reducing the number of features to a

minimum set of informative variables.
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4
A N E Y E - T R A C K I N G P L AT F O R M F O R PAT I E N T S I N

I N T E N S I V E C A R E

As outlined in Chapter 2, eye-tracking technology has had success in infer-

ring covert internal mental states (Amadori et al., 2020; Wang, Amadori, and

Demiris, 2018). Clinically, eye-tracking is established in the numerous fields

where its success has led to the suggestion that it can be used for the diag-

nosis of delirium through inattention (Exton and Leonard, 2009; Trillenberg,

Lencer, and Heide, 2004). The application of eye-tracking in Adult Inten-

sive Care Unit (AICU) has been held-back by the technological limitations of

currently available systems. To our knowledge, no suitable system has been

developed or implemented that facilitates the acquisition of eye movements

from delirious patients in a clinical setting.

This chapter details the empiric requirements of an eye-tracking platform

on AICU, the challenges that are faced by clinical and environmental factors.

We then describe our proposed platform, its development and validation,

and preliminary results on clinical safety and posterior predictive checks.

4.1 empiric system requirements

AICU presents a challenge for eye tracking technology. The mixture of patient,

disease, environment, staff and medical equipment regulations all coalesce

together placing the following clinical empirical requirements:

non-invasive Due to the nature of patients and their disease in AICU, a

non-invasive system is required owing to the need for clinical hands-on care.

41
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Having a device that instruments the patient will interfere with clinical care

and is thus potentially unsafe. This also suggests that a device that facilitates

free-viewing is required – a system that does not restrict the patient for signal

acquisition.

calibration-free In delirium, patients are unable to follow commands

making calibration through command-following difficult. The system must

be able to track the patient’s gaze without an explicit calibration step that

maps eye movements to scene gaze positions.

accurate The accuracy of the system must be adequate for use in AICU.

A formal definition of accuracy is presented in Equation (4.5).

precise Precision, defined as the reproducibility of measurement, is

important as low precision leads to uncertainty on the gaze estimate. Low

uncertainty facilitates subsequent analysis through the reliable classification

of eye movements. A formal definition of precision is shown in Equation (4.6).

performant Eye movement research suggests that fixations typically

last between 0.1 – 0.5 seconds giving a minimum required frequency of

20Hz by Nyquist criteria (Feng, 2006). This system would ideally run on

commercially available hardware.

4.2 design and performance analysis

To meet the challenges set out by the empirical requirements, we have de-

signed a system that decouples the regression of the patient’s eye and head

pose from where they are looking in the scene through the use of a dual

camera system as per Figure 4.1. One camera located in-front of the patient at
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Figure 4.1: An overview of the proposed system for eye tracking in AICU. Two
cameras are used: a patient facing camera (head-camera, blue) and a
patient-perspective facing depth camera (scene-camera, green) connected
to a laptop (outside the viewpoint) running Robot Operating System (ROS).
The flow of information through the system is demonstrated with the
head-camera and scene-camera running concurrently.

the foot end of the bed facing the patient (termed the head-camera) and an-

other behind the patient facing the same direction as the patient (termed the

scene camera). The head-camera is a Red-Green-Blue (RGB) camera whereas

the scene-camera is required to be a Red-Green-Blue-Depth (RGBD) camera.

The decoupling of the eye gaze regression and gaze inference through the

use of two cameras satisfies the first requirement of Non-invasiveness as per

Section 4.1.

scene-camera The scene-camera performs head-camera pose estima-

tion and gaze vector-scene intersection. The head-camera’s pose is measured

using a ChAruCo board which is fixed above the head-camera – a once only

calibration procedure yields a static pose between the head-camera and its

board (An et al., 2018). The resolution of the scene-camera is dependent

on its ability to resolve this marker reliably - we utilise a 1920 × 1080 pixel

resolution at 30Hz.
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Once the gaze-vector has been estimated from the head-camera, it is the

scene-camera that resolves that vector as a point in the scene. This is done

using a ray-octree intersection that is created from the point-cloud received

from scene camera (Glassner, 1984).

head-camera The patient facing head-camera carries out multiple steps

that ultimately result in the head-pose and gaze-vector of the patient relative

to the head-camera. The head-camera’s pose as estimated from the scene-

camera creates a transformation tree that facilitates the location of the patient’s

gaze relative to the scene-camera which acquires the point of view of the

patient.

The first step is face detection. Following experimental evaluation between

various face detectors, the Single Shot Scale-invariant Face Detector (S3FD) face

detector was used for its robust detection at extreme head poses (Zhang et al.,

2017). The output is a bounding box around potential faces and confidence

of each detection. The camera specification is linked to its ability to reliably

produce a high resolution image of the face - we utilise a 1024 × 768 pixel

resolution at 50Hz. To facilitate an appropriately focused image for further

downstream computation, an open-loop focusing technique was employed.

Focus was calculated as the variance of the laplacian of the gray-scaled image;

the intuition is that an appropriately focused image will contain a large

amount of edges and thus high variance, formally:

Laplace( f ) =
∂2 f

∂x2 +
∂2 f

∂y2 (4.1)

f ocus( f ) = variance(Laplace( f )) (4.2)

where f is the gray-scale image.

In our implementation, and to ease the burden of setup, the focus of the

patient’s face is communicated to the operator by a set of beeps which vary

in their frequency between beeps as a surrogate marker of how focused the
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image was: the greater the lack of focus, the shorter the time-span between

beeps, which increase in their time-span as the focus is altered towards an

image with high laplacian variance. A function that satisfies this is:

f requency( f ) =











max(1, ξ − f ocus( f ))0.5, i f f ocus( f ) ≥ ξ

0, otherwise

(4.3)

where ξ is a pre-defined threshold. Thus the operator would alter the focus

manually until the beeping as ceased below ξ; the value of which was found

empirically to be 50.

The entire pipeline commences following image acquisition from the head-

camera followed by face-detection. For each detected face, facial-landmarks

are extracted in order to estimate the patient’s head-pose (Ohayon and

Rivlin, 2006). Facial landmark extraction can be performed by several well-

established methods, the most popular of which are Multi-Task Cascaded

Convolutional Networks for Joint Face Detection and Alignment (MTCNN),

Fine-Grained Head Pose Estimation Without Keypoints (HopeNet), and Face

Alignment in Full Pose Range: A 3D Total Solution (3DDFA). These were

evaluated for head-pose estimation using a composite score comprised of

accuracy, computational performance at inference time, and utilisation of GPU

Memory (Ruiz, Chong, and Rehg, 2018; Zhang et al., 2016; Zhu et al., 2019).

As 3DDFA had the lowest composite score, it was chosen as the landmark

extractor. By knowing the camera calibration matrix and having a predefined

model, a direct least squares method is utilised following a Random Sample

Consensus (RANSAC) scheme to obtain the pose of the patient’s head relative

to the head-camera (Fischler and Bolles, 1981; Hesch and Roumeliotis, 2011).

This step is then followed by an iterative algorithm to solve the perspective-n-

point problem which refines the first, RANSAC direct least-squares, approach

which results in negligible degradation of performance by a large up-lift in

accuracy and stability of the estimated head-pose. The static 3D model’s size
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is parametrised by the user’s inter-pupillary distance with 0.06 metres used

as the default.

The landmarks extracted from the previous stage also result in the ex-

traction of two image patches of the patient’s eyes which are then used

for gaze regression. Real-Time Eye Gaze Estimation in Natural Environ-

ments (RT-GENE), a neural network based model that regresses gaze vector

from eye patches, was chosen for its published accuracy in natural viewing

environments. For blink-detection, Real-Time Blink Estimation in Natural

Environments (RT-BENE) was used following improvement through a data

augmentation scheme and the use of a ResNet-18 as the backbone for in-

creased speed and accuracy (see Chapter 5) (Cortacero, Fischer, and Demiris,

2019; Fischer, Chang, and Demiris, 2018). RT-GENE was modified in this work

to optimise inter-process communication and reduce latency between image

capture and gaze estimation by removing publishers of intermediate calcula-

tions. The neural networks in RT-GENE were also retrained using a ‘Smooth-L1’

loss, formally:

ℓ(x, y) =











0.5(x − y)2/β, i f |x − y| < β

|x − y| − 0.5β, otherwise

(4.4)

where x is the estimate of the ground-truth y, and | ∗ | is the absolute function

of its parameter ∗. This loss function creates a criterion where the mean

absolute error is used if the error between the output of the neural network

and the ground truth is above a predefined threshold (β), or a mean squared

term if the error is below β. This loss function is thus less sensitive to outliers

than the original mean squared error loss term used in RT-GENE and has been

shown to stabilise training by the prevention of exploding gradients (Girshick,

2015).

The resolution of the head-camera (1024× 768), with a sufficiently zoomed-

in lense that results in the patient’s face occupied most of the image resolution,
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results in eye-patches that are down-sampled for the consumption through

the pipeline at a clinically safe distance of approximately 2 metres. The use of

RT-GENE and RT-BENE in this pipeline satisfies the requirement for the system

being Calibration-Free as per Section 4.1.

The required empiric accuracy and precision of an eye tracker in AICU were

estimated based on trigonometric measurements of information in the scene.

Measurements of the scene from the point of view of 5 patient from 5 differ-

ent environments were undertaken across our AICU. Empiric accuracy was

defined as the average angular resolution required to differentiate between

objects in the scene. This led to the measurement of angles between objects

from the perspective of a patient.

To measure an empiric requirement for precision, the angular size of objects

from the perspective of a patient were measured. In this context, the size

of the object in the scene correlates to repeatability – the smaller the size of

object, the higher the precision required for the identification of the object

the patient is looking at.

4.3 measurements of accuracy and precision

To measure the achieved accuracy and precision of the system, six healthy,

vision-corrected, volunteers were recruited to undergo testing of the system

(Table 4.1 lists their characteristics). An AICU replicated environment was

created under laboratory conditions and the bed was inclined at 30 degrees.

The participant’s head pose and gaze vector were regressed from the head

camera placed in the bottom left hand side of the screen. Each participant

was asked to look at the centre of an AruCo marker that would appear

at a random location of the screen that was 0.1 metres in size for a screen

placed 2 metres away from the participant’s head measuring 0.55 metres

in height and 0.89 metres in width. For each marker shown, 40 gaze vector
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Table 4.1: Demographics data of participants in the validation experiment and the
preliminary patients in Continuous Non-Invasive Eye Tracking for the
Diagnosis of Delirium (CONfuSED).

Variable
Validation

(n=6)

CONfuSED

(n=5)

Age 25 - 32 18 - 73

Gender (male = 1) 5 3

Vision Corrected (Glasses = 1) 2 2

measurements were taken and then marker moved to a new random location

on the screen that is yet to be measured. Experimental end point was defined

as full coverage of the screen by target markers.

For each marker location, the first 10 and last 10 (temporal) measurements

were discarded concentrating on the middle 20 measurements. For each

marker location, the accuracy and precision were calculated as:

Accuracy =
1
N

N

∑
i=1

cos−1(|gazei| ◦ |target|) (4.5)

Precision =

√

√

√

√

1
N

N−1

∑
i=1

cos−1(|gazei+1| ◦ |gazei|)2 (4.6)

where ◦ is the vector dot product and | ∗ | returns a normalised vector from its

potentially non-normalised vector argument ∗. The gaze vector is measured

to start from the head pose’s transform and extends to a unit length. Target

vector is measured to also start from the head pose transform and extends to

the target.

For visualisation, median accuracy for each marker is then rasterised onto

an image with the resolution of the screen which is then smoothed with a

Gaussian kernel.

As part of a clinical feasibility pilot trial that aims to look at at the use of

this system on the detection of delirium in AICU, the system was deployed

on 5 patients (see Table 4.1). We report aggregated descriptive statistical plots
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to demonstrate the performance of the system in patients suffering from

episodes of delirium compared to episodes without delirium.

In assessing the acceptability of the system clinically, a questionnaire was

deployed to the staff that were nursing the patients recruited into CONfuSED

as shown in Table 4.2 (MacMurchy et al., 2017).

4.4 results

The platform for gaze regression presented above hinges on the dichotomisa-

tion of the head-camera from the scene-camera, and by utilising two cameras

placed at a clinically safe distance, the system meets the clinical requirement

of being non-invasive. The use of neural networks to regress the gaze-vector

(RT-GENE) and classify blinking (RT-BENE) ensure that patient calibration is not

required for the accurate and continuous measurement of gaze throughout

the patient’s AICU stay.

Figure 4.3 demonstrates the distribution of empiric requirements of accu-

racy and precision as measured from several AICU bed-spaces. The required

accuracy and precision resulted from measurements of objects from the per-

spective of the patient in an AICU bed-space. Empiric accuracy was a result

of measurement of the angular distance between objects in the scene from

the perspective of the patient whilst precision was the angular size of those

Table 4.2: The questionnaire used assess the acceptability of the use of cameras on
day to day activities of the nursing staff on AICU.

Question Answer

Did this study affect your ability to care for your patients? Yes/No

Did this study affect your interactions with patients/families? Yes/No

Did this study affect your interactions with other nurses? Yes/No

Did this study affect your interactions with doctors? Yes/No
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(a) Accuracy result per marker aggregated over all participants

(b) Precision result per marker aggregated over all participants

Figure 4.2: Aggregated results for all participants demonstrating the accuracy and
precision per marker where X and Y axes represent the ArUco marker
location on screen in Pixels. The sensitivity of the camera’s position
relative to the viewer is evident where the highest accuracy and precision
is when the user’s head pose is directed at the camera.

objects. This reveals that an accuracy of 15.4° and a precision of 6.4° is thus

required for a clinically useful system.

Figure 4.3 also demonstrates the accuracy and precision results from the

replicated laboratory AICU across all participants pooled across all marker

locations. Median accuracy is 4.4° with a median precision of 2.7° as defined

by Equations (4.5) and (4.6) respectively. The results of the laboratory vali-

dation demonstrate that the system’s accuracy and precision exceed what is

required in an AICU and thus the platform is suitable for use in AICU.
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Figure 4.3: Results of the empiric requirements of accuracy and precision compared
to achieved accuracy and precision of our proposed eye tracker in AICU.
Density plots demonstrating the required accuracy and precision from
empirical measurements and the system’s metrics as evaluated in the
replicated environment in the laboratory.

We also explored how the accuracy of the system changes as the placement

of the camera relative to the participant’s head changes. In the laboratory

experiment, grouping by markers, Figure 4.2 displays aggregated results

across all participants where each marker’s median accuracy and precision

are rasterised as an image the size of the marker and then smoothed with

a Gaussian kernel. As the utility of this eye tracking system is in AICU, a

median error of 4.4° is lower than the 15.4° . The figure demonstrates the

sensitivity of the camera’s placement relative to the user’s head as the error of

the system is not uniform; median accuracy is lowest at the bottom left which,

from the perspective of the head-camera, represents the most challenging eye

image to regress as the eye is mostly closed. Median precision is worse in the

top-right where the eye is the most open but the head is rotated giving only

1 eye to regress a gaze vector thus giving the least precision.

Optimisation of the pipeline through internal validation experiments has

lead to acceptable performance on commercially available hardware. Total

rate of 28Hz is of sufficient performance to yield to eye movement analysis.

To ensure that the platform maintains external validity, distributions of mea-

sured patient collected data were checked against that of the distribution of

the training data. The system was successfully deployed on 5 patients where
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some of them developed episodes of delirium Figure 4.4 demonstrates the

measurements that the platform facilitates on those patients in AICU. Blinks,

eye and head angles are displayed as aggregated density plots. Extreme head

angles are as a result of occlusions of the patient’s face - examples of such

occlusions are the patient’s hands occluding their face, nurses interrupting

line of sight between the camera and the patient and nasogastric tubes. These

periods of occlusions could be mediated by increasing the threshold for face

detection above the current value of 0.6 thus increasing the specificity of

detections ignoring periods of occlusion. The figure also demonstrates the

aggregate statistics from the datasets used to create RT-GENE and RT-BENE

along side. The distributions of blinks and gaze data is similar across the

patients and the dataset indicating likely accurate acquisition.

The questionnaire outlined in Table 4.2 was conducted on 11 nursing staff,

all of whom reported "No" to every question indicating acceptability of the

system in clinical practice.

Reflecting on the performance of the platform, it has clearly met the system

requirements. Whilst more accuracy and precision is always welcome, this

would likely come at the cost of to requirements - such as non-invasiveness

if the cameras are to be placed closer to the patient, or the use of deeper

neural networks resulting in higher computational requirements for realtime

inference.
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Figure 4.4: Posterior density checks for our proposed eye tracking platform in AICU demonstrating similar ranges of data when compared to the
training datasets. Density plots of aggregated data from 5 patients stratified by delirium status. Eye and Head refer to Eye and Head
pose angles from the system while subscripts y, p and r refer to yaw, pitch and roll respectively. Blink is classified as per RT-BENE. Blink
and Gaze statistics are of similar distributions between RT-GENE/BENE and that of non-delirious patients. Of note, no Headr data is
present in RT-GENE-RT-BENE datasets as faces processed to remove roll prior to inference.
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5
I M P R O V I N G B L I N K I N G C L A S S I F I C AT I O N B Y

C U R R I C U L U M L E A R N I N G B Y AU G M E N TAT I O N

This chapter aims to introduce specific improvements to the blink detection

module of the eye-tracking platform presented in Chapter 4. We outline the

utility of blinking as a biological signal, previous work on blink classification

and our proposed training regime to improve blinking classification accuracy.

Blink detection is a useful biological signal. It is used in multiple ap-

plications including for the assessment of drowsiness whilst driving, as a

human-computer interface, and for the estimation of cognitive work-load

(Królak and Strumiłło, 2012; Rahman, Sirshar, and Khan, 2015; Wilson, 2002).

Blink detectors are also used to gate deep convolutional neural network gaze

regressors as these will regress the gaze regardless if the eye is open or closed.

A state-of-the-art blink detector achieves a mean Average Precision (mAP) of

0.757 on a challenging and realistic data set (Cortacero, Fischer, and Demiris,

2019).

Data augmentations have been demonstrated to increase the accuracy of

neural networks in various domains (Cubuk et al., 2020; Moreno-Barea, Jerez,

and Franco, 2020; Romero et al., 2018). Tailored data augmentations are

thought to inject specialist prior domain knowledge leaving augmentation-

invariant features as the signal to model, e. g.by augmenting the colour

of a picture of dog in a classification task, the creator of the network is

indirectly imbuing knowledge that the colour of the dog is not important for

the classification task as dogs can come in a variety of colours. These data

augmentation schemes thus expand the generalisability of the model into

55
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inputs that the original dataset did not contain (Dao et al., 2019; van der Wilk

et al., 2018).

Similarly, curriculum learning has been demonstrated to increase the per-

formance of classification (Bengio et al., 2009). The original idea is inspired

by the way humans have been taught – a teacher presents a student with

a curriculum which increases in difficulty as the student learns the simple

basics and expands their knowledge. The difficulty of the data presented in-

crease at a particular pace throughout the training period – akin to a teacher’s

curriculum (Bengio et al., 2009; Hacohen and Weinshall, 2019). The result

of such a process is an increase in accuracy of the model trained (Bengio

et al., 2009). However, creating custom curricula requires the manual labelling

of data points which is an arduous task. Thus, automated techniques for

labelling the difficulty of each data point have been proposed. These can be

categorised into Curriculum Learning by Transfer (CLbT) and Curriculum

Learning by Bootstrapping (CLbB). The rate of increase in difficulty, termed

the pacing function, has also been under investigation; linear, trigonometric

and exponentially increasing difficulty functions have been employed in the

literature (Sarafianos et al., 2018; Vijjini, Anuranjana, and Mamidi, 2021).

In this chapter, we aim to combine curriculum learning and data augmentation

in a scheme we are terming Curriculum Learning by Augmentation (CLbA). This

training scheme parametrises augmentations by a strength parameter that

can then be utilised to increase the difficulty of the data points presented to

the neural network using curriculum learning. This method thus removes

the requirement for manual labelling of each data point’s difficulty or the

use of a pre-trained neural network to label difficulty as is required by

CLbT and CLbB (Hacohen and Weinshall, 2019). We demonstrate this training

scheme on a classification task of blink detection using a frequency and

difficulty imbalanced dataset where our classifier outperforms pre-existing
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curriculum learning techniques setting a new state of the art in blink detection

performance.

5.1 related works

Curriculum learning takes inspiration from human learning of data X =

{(xi, yi)
N
i=0} where xi ∈ R

d corresponds to a data point with label yi is

presented to a learning algorithm at a certain difficulty and pace (Hacohen and

Weinshall, 2019). A pre-trained guide expands X into {(xi, yi, di)
N
i=0} where di

is the difficulty assigned to xi.

Previous curriculum learning techniques require a pre-trained neural net-

work. Curriculum Learning by Transfer (CLbT) relies on a pre-trained teacher

neural network as a guide to the difficulty of the data point; the teacher, a

non-curriculum trained neural network, scores each data point’s difficulty

proportionally to the magnitude of that data point’s confidence across all

classes. Curriculum Learning by Bootstrapping (CLbB) is a similar concept -

the same neural network is trained twice, the first time without a curriculum

where the first network is used to score the difficulty of each data point prior

to the training of the second network. The difficulty score is given as the

magnitude of the loss function of each data point. In either cases, a previously

trained neural network is required, such neural networks will be referred to

hereon as guides.

Focusing on CLbB, the difficulty of each sample x can then be used to mask

a classification loss function by:

CLbB Loss =
1
|X | ∑

∀(x,y)∈X
loss(x, y)×



















1, if ∥G(x)− y∥ ≤ γ

0, otherwise

X ⊂̃X

(5.1)
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where X is a random subset of dataset X, | ∗ | is the cardinality function

of its argument ∗, loss is any classification loss function (e. g.binary cross

entropy), G(∗) is the output of the guide, and γ is the current difficulty paced

during training. Thus, predictions that are easy are learnt first followed by

increasingly difficult samples.

5.2 method

5.2.1 Blink Datasets

We focus our efforts on the Real-Time Blink Estimation in Natural Environ-

ments (RT-BENE) dataset (Cortacero, Fischer, and Demiris, 2019). It consists of

243, 714 eye images of which 10, 444 were closed and 218, 548 were open. The

rest (n=14, 722) were uncertain and hence were excluded from the dataset

resulting in an imbalanced dataset. In training a classifier, Cortacero et. al

used a weighted binary cross-entropy loss function that penalised incorrect

classification of blinking eyes heavily proportionally to class balances. The

dataset was used to train a neural network that achieved state-of-the-art mAP

of 0.997 on the Eyeblink8 dataset. However, on its own dataset, which is more

challenging, it achieved a mAP of 0.757 while utilising DenseNet-121 as the

Convolutional Neural Network (CNN) backbone with subsequent reduction

in computational performance due to the use of a large model.

We hypothesise that the lower accuracy achieved on RT-BENE’s dataset is

due to inadequate coverage of the data distribution - Eyeblink8’s dataset is

of participants sitting in front of the camera in a well-lit environment but

RT-BENE’s dataset originates from more subjects, across a wider variety of

lighting conditions while the subjects are unconstrained and are thus free to

look around which dramatically increases the difficulty of the problem.
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5.2.2 Curriculum by Augmentation

To avoid the requirement of a guide, we instead parametrise the strength of

augmentations by parameter δ as a surrogate to difficulty. This leads to the

simplification of the loss function to:

CLbA Loss =
1
|X | ∑

(x,y)∈X
loss(x+, y) x+ ∼ A(x, δ) X ⊂̃X (5.2)

where X is a random subset of dataset X, | ∗ | is the cardinality function

of its argument ∗, and loss is any classification loss function (e. g., binary

cross entropy). Function A(x, δ) = (a1(x, δ), a2(x, δ), ..., an(x, δ)) is a stochastic

process that applies a sequence of transformations an on input x with strength

δ to generate a view x+. Function A(x, δ) thus transforms the image x whilst

preserving its major semantic characteristics. The proposed loss function thus

removes the requirement for a guide and a mask.

We create a set of data augmentations that are aimed at solving specific

problems in the existing dataset (Karras et al., 2020). In RT-BENE, the eye

patches used for blink classification are extracted using a landmark extractor

which has its own accuracy profile and thus the eye patches extracted are

inherently temporally and spatially noisy, and subject to camera and lens char-

acteristics such as resolution, signal-to-noise, distortion and focus. The data

augmentation schemes proposed are thus aimed at improving the robustness

of the classifier to inaccuracies of the eye patches. The data augmentations

used are:

1. Resize and Crop

2. Perspective Transform

3. Colour augmentation of Brightness, Contrast, Hue, and Saturation
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4. Gaussian Blur

These augmentations are aimed at tackling the weaknesses in RT-BENE’s

dataset - those of a limited set of lighting conditions and skin tones. To protect

against classification failure at inference time, we also augment the dataset

with transformations that alter the quality of the eye patches due to camera

or lens characteristics.

The strength of the set of augmentations A is controlled by δ ∈ [0, 1] where

0 indicates no data augmentation and 1 indicates maximal augmentation. The

parameters of each transformation are tuned such that the maximal values

(i. e., δ = 1) are representative of a possible eye patch. Each transform is thus

able to randomly transform an eye patch up to the strength given by δ. As

there are many possible augmentations from the transformations pipeline,

even small values of δ make it unlikely that the classifier is presented with

the same image again.

In detail, the strength of augmentations related to resize and cropping was

controlled as deviations from 1 − δ where low values of δ ensure that little

resizing and cropping is possible but higher values deviate from 1 resulting

in larger cropping and resizing. Similarly, augmentations of perspective was

implemented to increase with δ
2 . This maintains a level of plausibility to the

perspective shifts that the model could expect.

Brightness and Contrast increased linearly with δ. Here, 0 indicates that

no change to the original image whereas 1 indicates maximal change. Hue

and Saturation were set to δ
2 . Gaussian blur (radius of 1) was controlled

with δ being a probability that the blur would be applied (or skipped with a

probability of 1 − δ).

For each image in the dataset, the resulting image is thus a combination of

possible augmentation expanding the available dataset significantly. Figure 5.1

demonstrates how a subjects’ eye patches changes with increasing δ and the

resulting data augmentations available.
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Figure 5.1: The role of the δ as the strength operator for our proposed CLbA training
regime. Original image patch (δ = 0) and a sample of the possible
data augmentations with increasing strength (and thus difficulty) of
augmentation (δ = 0.5 and δ = 1.0 respectively).

We compare our proposed algorithm with CLbB with a linear pacing func-

tion. To maintain equipoise between the proposed algorithm and CLbB, we

utilise the same augmentation scheme for CLbB but with maximal strength

(i. e., δ = 1).

5.2.3 Pacing

To utilise curriculum learning under the proposed CLbA architecture, one sets

a pacing function that would increment δ from 0 to 1 throughout training. This

strategy couples the strength of the data augmentation with the progression

of training. Early epochs of training thus learn simple non-transformed eye

patches which slowly increase in difficulty. The rate of increase of δ can be
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Figure 5.2: Three possible pacing functions that increase the difficulty (δ) of the
data-points as training progresses in a curriculum fashion as part of our
proposed CLbA training regime.

incremented at particular rates, for CLbA, we experiment with the following

pacing functions:

Linear → δ =
ℓ

L
(5.3)

Exponential → δ = 1 − (1 + λ)ℓ (5.4)

Trigonometric → δ = sin(
ℓ

L
× π

2
) (5.5)

where ℓ is the current epoch, L is the maximum number of epochs for training,

and λ is the shape of the exponential function (empirically set to 5 × 10−3) –

Figure 5.2 demonstrates those pacing functions visually.

To maintain fair comparison with the CLbB baseline experiments, we incre-

ment γ in Equation (5.1) linearly between 0 to 1 throughout training.
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5.2.4 Neural Network Architecture and Training

Augmented images of the eyes are fed through an ImageNet pre-trained

backbone (ResNet-18 in our experiments), the outputs of which are then

flattened and concatenated into a fully connected layer followed by batch

normalisation and drop-out (p = 0.2) followed by a final linear layer that

outputs the class probabilities.

The neural network was trained using PyTorch (Paszke et al., 2019). Adam

was used as the optimiser with β1 = 0.9 and β2 = 0.99 (Kingma and Ba,

2017). Eye patch images were resized to 36 × 60 in pixel size and a batch size

of 1024 was used. Learning rate was set to 1 × 10−3. Weighted Binary Cross

Entropy was used for the loss function where data points belonging to the

blink class were weighed ×24 compared to the non-blinking class.

Three-fold cross-validation was used for model building with the model

achieving the lowest validation loss retained for testing. Four subjects were

withheld for testing and were not used for training, validation or model

creation. We report performance on those four subjects.

We train four neural networks with different initialisation using a different

random seed. We then use the ensemble of these networks and average the

outputs for maximal performance.

5.2.5 Assessment of Model Performance

To assess the performance of the trained network, Receiver Operator Char-

acteristic (ROC), Precision-Recall Curve (PRC), and their respective summary

scalars of Area Under Receiver Operator Curve (AUROC) and mAP are used,

whilst model calibration is demonstrated using normalised calibration plots

and the Brier score as per Section 2.6.
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At inference time, the networks’ final layer is passed through a sigmoid

function that outputs the likely probability that the eyes are closed. However,

as blinking is a binary outcome, the threshold which maximises accuracy is

of significance. We report the threshold that maximises the F1-score, which is

the harmonic mean of the precision and recall. For the latter, we sweep across

thresholds calculating the F1-score at each threshold and pick the threshold

with the maximum F1-score.

5.3 results

Figures 5.3 and 5.4 demonstrates that CLbA produced models that are accu-

rate beating existing state-of-the-art blink detectors and existing curriculum

learning techniques; the mAP of the ResNet-18 ensemble model is 0.971 which

is significantly higher than the previous state-of-the-art DenseNet-121 score

of 0.757 whilst using simpler architecture.

Meanwhile, pre-existing curriculum learning techniques, specifically CLbB,

produce worse results than simple augmentation. This is due to class difficulty

imbalance; the blinking class is more difficult to predict with a larger error

between the bootstrapped network and the label. It is thus presented late in

the training process at which point, the neural network has already reached

a degenerate solution and fails to predict the blinking class.

Figure 5.5 demonstrates the calibration of the models as a normalised

calibration graph. The Brier-score was calculated for each model which

demonstrated that the ResNet18 Ensemble models, trained using our pro-

posed CLbA approach, are not only the most accurate but also exhibit the best

calibration with a score of 0.01 which is also mirrored in the threshold for the

highest F1-score at 0.81. The curriculum data augmentation also improves the

model calibration significantly providing tangible evidence that this training

methodology improves out of sample performance.
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Table 5.1 demonstrates the computational performance of the architec-

tures at inference time on an NVIDIA Titan V. GPU and CPU clocks were

synchronised and 1000 runs were performed and their mean presented. An

inference rate of 102Hz on commercially available hardware is of sufficient

computational speed to satisfy Nyquist criteria presuming a blink duration

of 100-150milliseconds, thus aiding real-time acquisition (Bristow et al., 2005;

Vaidyanathan, 2001).

The previous state-of-the-art blink detector required the use of DenseNet-

121, a powerful but computationally heavy network (Cortacero, Fischer, and

Demiris, 2019). Through the use of the CLbA, simpler and more performant

architectures, such as ResNet-18, can be used with higher accuracy.
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Figure 5.3: The performance of the blinking classifier trained using our proposed
CLbA training scheme. An ensemble of ResNet-18 models achieves state-
of-the-art mAP of 0.971 compared to CLbB of 0.122. Ensemble CLbA using
a trigonometric pacing function and one that uses an exponential pacing
function are completely overlapping indicating identical performance.
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Figure 5.4: The performance of the blinking classifier trained using our CLbA training
regime. The AUROC of the CLbA approach is near maximal whilst the CLbB

scheme performs poorly. Ensemble CLbA using a trigonometric pacing
function and one that uses an exponential pacing function are completely
overlapping indicating identical performance.
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Table 5.1: Performance of our proposed deep neural networks for blink detection and the previous state-of-the-art. ResNet-18 provides the fastest
inference time. Previous work (namely Cortacero, Fischer, and Demiris, 2019) does not meet Nyquist criteria and is thus not suitable for
real-time inference. Accuracy of ResNet-50 and VGG-16 are not presented in Figures 5.3 to 5.5 to avoid clutter.

Model Name Depth Parameters Inference Rate Meets Nyquist

Criteria?

Densely Connected Convolutional Networks
(Cortacero, Fischer, and Demiris, 2019)

121 7.2M 17.6Hz N

Residual Networks (Ours) 18 11.4M 102.3Hz Y

Residual Networks (Ours) 50 23.9M 43.4Hz Y

Visual Geometry Group (Ours) 16 134.7M 38.1Hz Y
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5.3.1 Ablation Studies

We investigate the accuracy contribution of each component of the pipeline

including data, augmentation, curriculum learning, and pacing functions to

elucidate the effect of each component.

Figures 5.3 and 5.4 demonstrate the results of the ablation studies using

ResNet-18. Removing any component of the pipeline achieves an accuracy of

0.744, inline with previous work. Using the augmentation scheme presented,

CLbA results in a mAP increase of +0.177 to 0.921. The performance of various

pacing functions within CLbA make marginal differences - a linearly paced

curriculum performs the best whilst having the best calibration. Trigonometric

and exponential functions are similar in performance where they both beat

simple augmentation in performance and calibration.

Adding in curriculum learning, the mAP increases by a further +0.036,

inline with previous studies on the use of curriculum. Using a 3 model

ensemble of ResNet-18 results in a further increase to the state-of-the-art of

0.971.

There were failures of prediction in the testing dataset (n = 388, 1.01%).

The majority of such failures (n = 247, 0.9%) were due to ambiguous labelling

where the eye is slightly open with visible sclera but without any visible

cornea. The rest of the failures (n = 141,0.4%) were of genuine failures to

predict the eyes-closed class - no failure cases exist in predicting the eyes-open

class.

5.4 conclusion

We presented a curriculum-based data augmentation scheme that we are

terming CLbA. The training scheme implicitly handles frequency and dif-

ficulty imbalanced data by increasing augmentation strength as training
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Figure 5.5: Normalised model calibration curve for blinking classification models
trained using CLbA against baseline models. Models trained with CLbA

produce the best calibrated models whilst CLbB produces poor calibration.
Ensemble CLbA using a trigonometric pacing function and one that uses
an exponential pacing function are completely overlapping indicating
identical performance.

progresses. This results in a increased accuracy and calibration compared

to no-curriculum baselines and compared to pre-existing curriculum learn-

ing training schemes. We applied the training scheme to improve upon the

state-of-the-art accuracy on blink detection using a realistic and challenging

dataset.
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model. Models trained using our proposed CLbA approach produce ap-
propriately high thresholds maximising the F1-Score whilst baseline
models produce lower F1-Scores across all thresholds.
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Figure 5.7: Example outputs of the model with respective probabilities in two subjects
demonstrating an eyes open and blinking scenarios are classified with
high discriminatory power.
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6
W H AT I S T H E PAT I E N T L O O K I N G AT ? R O B U S T

G A Z E - S C E N E I N T E R S E C T I O N

This chapter focuses on the the development of a novel gaze-scene intersection

method to estimate the Point of Regard (PoR) – this is the location in the scene

that the eye-tracked participant is looking at. We outline the importance of PoR

as a concept, the current state-of-the-art in this problem and how our setup

mandates a novel solution. We propose an image-based architecture, validate

it on a realistic dataset and compare against previous baseline methods.

Following the regression of the gaze vector from the patient’s eye patches,

finding the specific part of the scene that they are looking at - often called the

PoR or the gaze cue - is of importance. This is of interest in the continuous

detection of the location of gaze targets in an eye tracked user in an environ-

ment where the scene view is offset/parallaxed from the user’s perspective.

Such environments have been deployed in hospitals but similar environments

exist in other healthcare environments, vehicles, marketing, and human-robot

interactions (Al-Hindawi, Vizcaychipi, and Demiris, 2021; Amadori et al.,

2020; Cortacero, Fischer, and Demiris, 2019; Fischer and Demiris, 2016; Ohm

et al., 2014).

The location of the user’s gaze in the scene provides cues that facilitate

further analysis of internal cognitive states and attention behaviour. Cumu-

lative gaze locations can then be used to generate a temporal heat map to

indicate attention in objects in the scene or further analysed into scan paths

(Brockmann and Geisel, 2000; Špakov and Miniotas, 2007).

Fixed offset points of view, such as ones in eye-tracking glasses, resolve PoR

estimation through calibration. This procedure creates a mapping between a

73
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user’s eye direction and the location in the scene. This mapping, usually a

polynomial function with learnable parameters, provides sufficient accuracy

due to the low and fixed offset between the user’s viewpoint and the scene

camera’s viewpoint (Morimoto, Amir, and Flickner, 2002; Nyström et al.,

2013). This calibration procedure is participant and session-specific and can

be prone to error, drift and failure (Morimoto, Amir, and Flickner, 2002).

However, in situations where the user’s head pose and the scene camera’s

pose are not static, and thus exhibit dynamic parallax, such mappings become

highly non-linear and become intractable to find as existing mappings do not

exist or, worse, produce incorrect results (Ramanauskas, 2006). Thus, these

solutions do not work if used in circumstances where the head-pose of the

participant has a dynamic offset from the scene camera, such as free-viewing

conditions without instrumentation.

If a scene depth map and a gaze vector are given a-prior, a brute-force

solution is to project R
u,v,d → R

x,y,z using the camera’s intrinsics matrix to a

point cloud which can then be used to find the point closest to the gaze ray

(Wei et al., 2018). However, the step to convert the depth image into a point

cloud and then initialising an appropriate dichotomisation scheme is compu-

tationally expensive. Thus, image-space techniques have been developed that

are aimed at not using point clouds but using depth images directly.

A similar problem, has been tackled in the literature where the PoR was

estimated from the 3rd person perspective (Fang et al., 2021). A synthetic

depth map was generated from a single Red-Green-Blue (RGB) image which

is then reformulated to facilitate an intersection between the depth map and

a generated Field of View (FOV) map. This intersection is then used as an

input to two neural networks that regress the location of gaze vector in the

scene. The algorithm has two key hyper-parameters, the width (σ) of the FOV

generator and the depth subsection parameter δ which were empirically set

to 6 (representing 60◦ FOV) and 0.3 respectively. The architecture’s reliance on
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synthetic depth data, and the requirement of the presence of the participant

to be present in the frame, makes its immediate use unsuitable for use in an

environment where the scene camera is located in a quasi-egocentric manner.

Our contributions are:

1. A geometrically inspired approach to scene dichotomisation that facili-

tates the calculation of the intersection between gaze vector.

2. Hyper-parameters that are intrinsically explainable and linked to the

performance and accuracy of the gaze tracker.

3. A fixed performance envelope of O(J) complexity using subsampling

of J points in the cone of gaze.

We demonstrate that this approach is accurate under sparse depth images

and is robust to large parallax between the head pose and scene camera

position from data obtained in a deployed gaze tracking, clinical, environ-

ment. Figure 6.1 demonstrates the results of the proposed architecture on an

example scene.
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Head Pose

Target

Corresponding
RGB Image

Proposed Method

Head Pose and Gaze
Regression Camera

Figure 6.1: A pictorial result of our proposed PoR estimation method. An in-painted
and rectified depth image with head position and gaze direction indi-
cated as the blue circle and arrow respectively. The red cross is the target
label with the detected gaze-scene intersection point labelled as a yellow
triangle (RGB image blurred to preserve privacy) with near 100% accu-
racy.
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Figure 6.2: The proposed architecture for PoR regression. Scene information including depth image (RGB image blurred) is provided where the
Head Pose H and Gaze vector G are estimated. A planar cone is then rasterised starting at H with direction G with a central angle of θ

and subsamples J. This rasterised image intersects the depth image. Gaze vector
−→
HG then intersects the set where candidate pixels are

then classified whether they are inside the cone of gaze. The successful candidates are sorted and the intersection point selected.
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6.1 method

As per Figure 6.2, the first stage of the architecture requires the RGB and

depth images, the head location and gaze direction of the participant in scene

coordinates to be known. The second stage involves rendering a planar cone

map emanating from the viewpoint of the participant which is parametrised

by the accuracy of the gaze tracker. This map then subsets the depth map

resulting in a small number of pixels tested to intersect with the gaze vector

in the third stage. This third, and final stage, intersects each point with the

gaze vector, classifies potential candidates as being inside or outside the gaze

cone, and selects the most promising candidate to output.

Let ID ∈ R
h×w represent a optionally sparse and optionally rectified depth

image with width IDw , height IDh
with a single channel representing depth.

This depth image, as acquired by depth cameras, can contain ‘holes’ that

are as a result of background occlusions by foreground objects. In-painting

of the depth image, where the holes are then ‘filled’, is often performed for

further down-stream processing. We use one such algorithm for in-painting

of depth images when mentioned (Bertalmio, Bertozzi, and Sapiro, 2001).

This map is to be acquired from a quasi-egocentric viewpoint with known

camera intrinsics matrix K. The inverse of this matrix (K−1) is used to convert

world points to pixels in camera-space assuming a Pinhole camera model

(Dawson-Howe and Vernon, 1994):

K =















fx 0 cx

0 fy cy

0 0 1















(6.1)

where ( fx, fy) are focal lengths and (cx, cy) are the image coordinates of the

camera’s centre measured during calibration.
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In a rectified image, the focal lengths in K can be the width and height of

the image and image centre is half the width and height respectively.

Let
−→
HG be a vector that defines to start of the gaze at the head-pose H in

coordinates relative to the scene-camera and with direction G. This is given

a-priori from an eye tracker that also outputs the position of the head relative

to the scene camera.

6.1.1 Planar Viewpoint Generator

The Planar Viewpoint Generator (PVG), parametrised by a central angle θ

representing the gaze vector of the user from the perspective from the scene-

camera starting at
−→
HG , rasterises a subset of the scene that is viewable by

the participant into set SL. Geometrically, θ represents the accuracy of the eye

tracker. Then, SL is used to create a limited set of 3D world points such that:

SL = {i1, i2, ..., im} ⊆ ID (6.2)

Id = ID ∩ SL (6.3)

where im is the index of ID and m is the number of elements of the rasterised

image and can be intersected with ID such that the resulting image Id is a

subset of ID.

As the number of elements in Id ultimately dictate the performance of the

architecture, rather than using the entire set, we instead choose to subsample

J points. A 2D Gaussian distribution centred on H is drawn and multiplied

by the result of the PVG and then sampled from. We empirically set the scale

of the Gaussian distribution to be half the maximal depth, i. e. max(ID)
2.0 . This

ensure that points closer to H are sampled at a higher density.
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Figure 6.3: Our PoR estimation algorithm’s performance compared to Dual Attention Module with increasing noise and thus decreasing precision
of the eye-tracker demonstrating that our proposed method surpasses the previous method at all noise levels. Fractions below each plot
represent the failures in each technique as a fraction of the overall number of runs. Notches in the box plot that do not overlap indicate
statistical significance. Plots are split according to reduction strategy where the Sampling strategy N was set to 5.
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6.1.2 Intersection

Using a Pinhole camera model with intrinsics matrix K (Dawson-Howe and

Vernon, 1994), the world coordinates of pixels in Id can then be calculated:

WL = {K−1 · [u, v, IDu,v ]
T} ∀(u, v) ∈ Id (6.4)

where u and v are pixel indices and Idu,v is the depth of the pixel at u,v. WL

now contains a set of points in the same coordinate system as the gaze vector
−→
HG. The distance between the gaze vector

−→
HG and each point p in set WL

can be found by first reformulating the vector
−→
HG to be a line in the form

of HG = H + tG where t is a scalar that gives the locus of the line along

direction vector G and is set to max(Id). The distance between p and
−→
HG can

thus be given as the normalised projection onto that line:

distance(p, HG) = ∥(p − H)− ((p − H) · G)G∥ (6.5)

Each potential candidate is then classified as lying inside the cone of gaze

into set Cl :

Cl = {distance : distance ≤ sin(θ)× ∥p − H∥} ∀p ∈ WL (6.6)

Multiple candidates in Cl could be the potential intersection point but

only one is required. Several plausible reduction strategies exist, the simplest

is to pick point p with the smallest distance in set Cl . However, this has

the potential effect of aliasing whereby a gaze vector skimming the actual

intersection point to land on a much further location (i. e.a wall) which

has a smaller distance. To tackle this potential problem, a further reduction

strategy is explored where set Cl is sorted in ascending order and the top N

candidates are selected. The point p with the shortest ∥p − H∥2 is chosen as
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Figure 6.4: The effect of depth in-painting on the performance of the proposed
PoR estimation algorithm. Depth in-painting has negligible effect on
accuracy but does reduce the number of failures. Noise is set to 0 in this
experiment.

the intersection point potentially alleviating the aliasing issue. The second

strategy collapses into the first strategy when N = 1.

6.2 dataset

The above algorithm is validated using depth images acquired from a Stereo-

Labs ZED2 camera in an Adult Intensive Care Unit (AICU) setting at Chelsea

and Westminster Hospital NHS Foundation Trust (HRA and REC Approval

20/LO/0162) (Al-Hindawi, Vizcaychipi, and Demiris, 2021). Dual Attention

Guided Gaze Target Detection in the Wild (DAM)’s estimated depth map was

replaced with the actual depth map in the dataset. The resolution of the

depth image is 1920 × 1080. The dataset consists of 23 recordings of depth

from a quasi-egocentric view each lasting 10 minutes. The depth image of

first frame is taken from each recording in this experiment. Due to lacking

ground truth data of the PoR of each participant, for each recording, we chose

to simulate head pose H and gaze vector G.
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Figure 6.5: Ablation study for optimal number of closest samples for PoR estimation.
The number of potential candidates to sample from set Cl relating to
accuracy. The naive strategy of picking the voxel closest to the the ray has
the highest accuracy under experimental conditions whereas the sample
strategy (N > 1) decreases accuracy.

Gaze target location in pixels was sampled randomly as Gt ∼ Uu,v(0, LDwidth
:

LDheight
) whilst the head-pose, located in world coordinates is sampled into

pixel space by Hu,v = K−1 · [∼ N (0, 0.2),∼ N (1, 0.2), 1]T. These distributions

are sufficiently wide enough to induce high random offsets between the gaze

direction of the participant and the scene camera. Experimentally, increas-

ing Gaussian noise (∼ N (0, 1)× diag(LD)) is added to Gt to ascertain the

reliability of the proposed algorithm against noise. Image locations where

either algorithm failed were recorded. A random seed of 0 was used for

reproducibility.

For each recording, 1, 000 Gt gaze locations are sampled and processed to

result in the proposed gaze-scene intersection point p. The Euclidean distance

in pixels between Gt and p normalised by the maximal possible distance was

taken as:

accuracy = 1 − ∥Gt − p∥2
√

IDw
2 + IDh

2
(6.7)
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Figure 6.6: Ablation study for optimal number of samples of the planar-viewpoint
generator for PoR estimation. The number of samples J tested against

−→
HG

against normalised accuracy. As J increases, the number of successful
queries increases.

where ∥ ∗ ∥2 is the ℓ2 norm operator of its argument vector ∗, IDw and IDh
are

the width and height of the image ID. This accuracy term can then be used

to evaluate our proposed algorithm.

Comparison interval on box plots were calculated for statistical significance

by:

Comparison Interval = median ± 1.57 × IQR√
n

(6.8)

where IQR is the inter-quartile range defined by the 25th and 75th percentiles

and n is the number of data points. Non-overlapping notches thus suggest

non-parametric statistical significance (Chambers, 2017).

6.3 results

Figure 6.3 demonstrate the accuracy of the proposed algorithm at increas-

ing noise levels. At low levels of noise, the proposed algorithm provides

near-perfect accuracy in a statistically significant manner which naturally
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converges to the accuracy achieved by (Fang et al., 2021) whilst also increasing

the number of answered queries compared to DAM. The statistical significance

is demonstrated by the non-intersection of Figure 6.3 median’s notch.

6.4 ablation studies

In testing the accuracy of our proposed algorithm against depth images

as acquired directly from the sensor and thus without hole in-painting,

Figure 6.4 demonstrates that in-painting does not increase the overall accuracy

but does reduce the number of failures.

The number of candidates considered following classification (N) was

experimentally validated. Figure 6.5 demonstrates that as the number of

samples (N) increases, the normalised accuracy decreases. It is worth noting

that the median increase of accuracy results from points increasing from

areas of low accuracy to high accuracy, rather than a general decrease of

accuracy. This suggests the simplest strategy of the closest point to vector
−→
HG is the one that provides the highest accuracy and thus aliasing is not a

likely scenario in this dataset.

The number of samples J dictates the number of intersections between
−→
HG

and p ∀p ∈ Wl and the size of set Cl which can be tuned for performance

and accuracy. Figure 6.6 demonstrates the normalised accuracy achieved with

increasing the number of J samples across two cone angles. A J value of 1000

is an optimal trade-off between performance and accuracy with only 1% of

simulated runs not producing a result

6.5 conclusion

We presented an algorithm for the estimation of PoR that is accurate and

robust under a variety of difficult situations in a quasi-egocentric manner.
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Extensive ablation studies demonstrate the importance of each sub-module

while the architecture’s hyper-parameters being derived from system require-

ments.

This chapter proposed a solution to a specific problem of PoR estimation

using our unique eye-tracking platform. The architecture proposed in this

chapter culminates all the requirements of an eye-tracking platform. In the

next chapter, we outline a feasibility study that uses the entire platform for

data acquisition from patients in AICU.
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F E A S I B I L I T Y S T U D Y D E TA I L S A N D D ATA P R O C E S S I N G

Following the development and validation of the eye tracking platform

outlined in Chapter 4 and the improvements made in Chapters 5 and 6,

appropriate regulatory approvals were sought for the deployment of the plat-

form in Adult Intensive Care Unit (AICU). The aim was to conduct a feasibility

trial looking at the role of eye movements for the diagnosis of delirium in

AICU. This chapter outlines the details of the study conducted, including how

consent was handled given that delirium is a capacity losing state, inclusion

and exclusion criteria, and patient characteristics of the patients recruited.

This chapter also outlines how the data was handled prior to subsequent

analysis. Appendix B provides all of the trial documents including the study’s

protocol and information sheets.

7.1 study details

As the platform requires two cameras and a laptop, we sought to balance the

cohort of patient’s in the dataset to comprise of patients that are representative

of the general AICU population but also avoid including a large number of

patients who do not develop delirium. Thus, we performed study enrichment

by including patients at moderately high risk of developing delirium through

the calculation of each patient’s Early PREdiction of DELIRium in ICu patients

(E-PRE-DELIRIC) score – Figure 7.1 demonstrates the study design and flow of

each patient.

87
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Arrival

Yes

No
Meets Criteria Excluded

No

No
Consent

Normal Clinical Care

Exclude

Discharge

Eye-Tracking + 
CAM-ICU

Daily

Figure 7.1: Flow of patients through our pilot feasibility study titled Continuous Non-
Invasive Eye Tracking for the Diagnosis of Delirium (CONfuSED). Upon
arrival, patients are checked for eligibility and if they meet the criteria,
appropriate consent/advice is sought from the patient if capacitous of
from their next of kin or a nominated consultee if not capacitous. Upon
inclusion into the study, at least daily measurement of delirium through
Confusion Assessment Method in ICU (CAM-ICU) is performed alongside
measurement of the patient’s gaze as per Figure 7.2.

Following recruitment, patients underwent a daily assessments of delirium

through CAM-ICU with concurrent measurements of eye movements for 10

minutes daily until discharge from AICU (Ely et al., 2001a).

7.1.1 Ethics Approval and Consent to Participate

The study protocol was approved by Health Research Authority (HRA) and

Research & Ethics Committee (REC) (20/LO/0162) and was conducted in

accordance with the Helsinki declaration. It was registered and adopted

by the National Institute of Health Research (NIHR) facilitating the use of

research nurses and registered on ClinicalTrials.gov (Al-Hindawi, Vizcaychipi,

and Demiris, 2021).
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Upon admission to AICU, consent to enter this study was obtained in one of

two ways; as the trial studied delirium, a capacity losing state, an assessment

of capacity was performed and if present, fully informed consent was gained

from the patient directly. Should the participant’s mental state, competence

and capacity mean that they were unable to provide consent, the patient’s

relatives/friends were approached for advice using the same procedure. In

situations where a relative/friend was not available, a nominated consultee

was sought which was one of the Intensivists who are not involved in the care

of the patient at the time of advice. Should the patient recover their capacity,

fully informed consent was undertaken to ensure that their participation in

the study is in-line with their wishes.

Documents pertinent to the study, including the Protocol and relevant

information sheets are presented in Appendix B.

7.1.2 Inclusion Criteria

We aim to include patients that are representative of the overall patient

population in AICU, thus, with the above criteria for enrichment, our inclusion

criteria is:

• Age ≥ 18 years

• E-PRE-DELIRIC score ≥ 20%

• Expected Length of Stay ≥ 2 days

7.1.3 Exclusion Criteria

Owing to the difficult diagnostic nature of delirium-on-dementia, we chose

to exclude patients with a pre-existing diagnosis of dementia. We also aim to

exclude patients in which the eye tracking platform would fail either due to
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equipment reasons (failure to track) or due to patients reason where the gaze

location does no represent their covert attention. Thus, our exclusion criteria

is:

• Lack of Consent

• Pre-existing diagnosis of Dementia

• Significant Visual Impairment

• Non-concordant eyes

• Inability for facial recognition and eye tracking to be performed reliably

Figure 7.1 illustrates the flow of patients throughout the study.

7.1.4 Sample Size

Given that we are proposing a feasibility study, and owing to the exploratory

nature of the study without prior effect size, a preliminary patient size was

set to 30 as per (Lancaster, Dodd, and Williamson, 2004).

To avoid im-balanced data, we enriched our cohort by pre-selection avoid-

ing patients at low-risk of delirium. To maximise external validity of the

classification models, we used data from Chelsea & Westminster Hospi-

tal (CWH) for training whilst data from West Middelsex Hospital (WMH) was

used for external validation. However, the entire dataset was used for the

biologically inspired architecture as parameter optimisation was performed

under simulation and external datasets.



7.1 study details 91

Table 7.1: Patient Characteristic enrolled in the feasibility trial titled CONfuSED. Per-
tinent variables related to outcomes of interests as well as variables that
predict the development of delirium are stratified by data collection centre.

Chelsea and

Westminster
West Middlesex Overall

Sessions 186 (71.0%) 76 (29.0%) 210

Patients 27 (77.1%) 8 (22.9%) 35

CAM-ICU

Positive 75 (40.3%) 39 (51.3%) 114 (43.5%)

Negative 69 (37.1%) 27 (35.5%) 96 (36.6%)

Unable to
measure

42 (22.6%) 10 (13.2%) 52 (19.8%)

Gender

Female 8 (29.6%) 3 (37.5%) 11 (31.4%)

Male 19 (70.4%) 5 (62.5%) 24 (68.6%)

Age (Years)

Mean (SD) 57.3 (19.3) 58.0 (14.7) 57.5 (18.1)

Frailty Score

Mean (SD) 3.48 (1.05) 1.50 (0.535) 3.03 (1.27)

APACHE-II

Probability (%)

Mean (SD) 23.5 (14.1) 29.5 (20.7) 24.9 (15.7)

Urea (mmol/L)

Mean (SD) 10.9 (7.08) 10.8 (5.96) 10.9 (6.76)

Corticosteroids

No 26 (96.3%) 8 (100%) 34 (97.1%)

Yes 1 (3.7%) 0 (0%) 1 (2.9%)

Admission

Type

Elective 5 (18.5%) 0 (0%) 5 (14.3%)

Emergency 22 (81.5%) 8 (100%) 30 (85.7%)

ICU Length of

Stay (Days)

Mean (SD) 22.2 (25.9) 27.3 (24.1) 23.4 (25.2)

Unit Outcome

Alive 23 (85.2%) 7 (87.5%) 30 (85.7%)

Dead 4 (14.8%) 1 (12.5%) 5 (14.3%)
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Figure 7.2: An outline of the eye tracking system used in CONfuSED alongside the origin of the data used in the each experiment.
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7.2 data processing

The camera set-up was deployed across CWH and WMH between the periods

of November 2020 to February 2022. The setup, as illustrated in Figure 7.2,

captures multiple biological signals in real-time asynchronously. Each bio-

logical signal contains a header of the time that that signal was acquired

which can then be used to synchronise the data into a coherent dataset. The

biological signals acquired were:

1. Facial landmarks. These are 68 points, in camera-space, located on

the patient outlining their jaw, nose, eyes, and eye-brows. These are

ultimately used for head-pose estimation, eye-angle estimation, and

blink estimation. The latter two roles are performed following extraction

of the two sub-images of the patient’s eyes. These patches undergo de-

rotation.

2. Head-pose. The extracted landmarks are then compared against a

predefined 3D model of a generic head and the re-projection error

between extracted landmarks and the 3D models. The result is the

translation of the patient’s head relative to the camera and the patient’s

heads rotation relative to the camera.

3. Eye angles. The eye patches extracted are then used to estimate the

vertical and horizontal eye angles relative to the patient’s head.

4. Blinking. The same eye patches are used to estimate the probability of

whether the patient is blinking or not.

Each of the above biological signals, as well as the Red-Green-Blue-Depth

(RGBD) data from the scene camera and the transformations tree, are each

stored in a message, a data structure composed of a header which outlines

the time the signals was acquired and the data itself. Each data-structure is

typed, facilitating the correct reading of the data from storage.
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Un-ordered Temporal Storage Ordered Typed Storage

Figure 7.3: Data preparation performed in an offline stage following data acquisition.
Raw un-ordered sequential messages are ordered into ordered temporal
storage facilitating analysis.

Each of the acquired biological signals, as well as the RGBD data from the

scene camera and the transformations tree, are each stored in a message, a

data structure composed of a header which outlines the time the signals

was acquired and the data itself. Each data-structure is typed, facilitating the

correct reading of the data from storage.

However, non-ordered sequential data storage is not appropriate for ma-

chine learning. Thus, the an offline processing stage takes the raw data

messages and coverts them to a format suitable for digestion, this is depicted

in Figure 7.3. The un-ordered sequential data is thus temporally ordered and

validated.
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7.3 fixation classification

Following the conversion of the measured data into ordered temporal data, a

post-processing stage performs data cleaning which removes gaze and scene

data where the blink classifier deems that the patient was blinking as per

Chapter 5. Following this, gaze data is converted to fixations based on a

dispersion filter. This filter calculates the pair-wise cosine distances across a

set of gaze vectors and the inverse cosine of the maximum pair-wise distance

is taken to the angle of that set of dispersion, formally:

gv = {g1, g2, · · · , gt} (7.1)

dist = 1 − (|gt| ◦ |gt+1|) ∀(gt, gt+1) ∈ gv (7.2)

dispersion = cos−1(1 − max(dist)) (7.3)

where ◦ is the vector dot product and | ∗ | returns a normalised vector from

its potentially non-normalised vector argument ∗. The result is a dispersion,

measured in radians, of the set gv. The set is composed of gaze vectors where

the number of elements in the set comprise a duration of 600ms (Irwin,

1992; Kotval and Goldberg, 1998). If the dispersion of the set gv is below a

threshold, that set is deemed to be a fixation, this is depicted pictorially in

Figure 7.4. The dispersion threshold is set to the precision of the gaze tracker

as per Chapter 4.

Following fixation classification, the Point of Regard (PoR) is measured by

the intersection of the fixation vector with the scene as as per Chapter 6. This

results in a complete dataset per recording session per participant. We use

the High-performance data management and storage suite (HDF5) storage

format for its performance, scalability, and provability upon deployment in

wide-ranging tasks (Collette, 2013).
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High Dispersion Low Dispersion

Figure 7.4: Two scenarios presented illustrating fixation classification. Consecutive
gaze angles are placed in a set and the maximum angle between succes-
sive gaze vectors is taken as the dispersion. Areas of low dispersion are
deemed to be fixations.

7.4 conclusion

This chapter outlined the conduct of a feasibility study and the characteristics

of the patients enrolled. It also outlined how data from the study was handled

and stored.

The following chapters will use the data gathered and prepared in this

chapter for further analysis.
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D E L I R I U M C L A S S I F I C AT I O N U S I N G E Y E T R A C K I N G

D ATA

This chapter aims to outline the development of a classifier that uses eye track-

ing data from our eye-tracking platform as previously outlined in Chapter 4

and processed as per Chapter 7.

As our data is large time-series in nature, with variable length, a causal

classification technique that can attend to distant time points is required

for optimal classification. Whilst both Long-Short Term Memory (LSTM) and

Temporal Convolutional Network (TCN) can both handle arbitrarily long

sequences, multi-layer TCN have been shown to be superior to LSTM for long

sequences and thus form the basis of our classification models (Bai, Kolter,

and Koltun, 2018).

The TCN acts as a time-series encoder outputting a fixed-length vector that

represents the time series in multi-dimensional space. The TCN ’s last hidden

output thus forms an encoding of the entire time series. This encoding is

then fed into a set of fully connected linear layers that output a logit. This

logit is then converted to a probability using the softmax function, indicating

whether the networks classify the patient’s time series as being delirious or

not.

We propose two models: the first model aims to use the temporal data of

eye movements, i. e.horizontal and vertical eye angles relative to the patient’s

head, to predict delirium whilst the second model aims to use temporal Point

of Regard (PoR) data, representing the gaze-scene intersection, as inputs to

predict delirium. We present the models specifications, the training regime,

and the performance of the models on the data collected from patients in

97
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Adult Intensive Care Unit (AICU) as part of Continuous Non-Invasive Eye

Tracking for the Diagnosis of Delirium (CONfuSED) (see Chapter 7).

Dropout

ReLU

Dilated Conv

Weight Norm

Dropout

ReLU

Dilated Conv

Weight Norm

Fully Connected Layer

Causal Temporal Convolutional
Network (TCN)

Output

Linear

ReLU

Batch Norm

Figure 8.1: The architecture for delirium classification from our eye tracking platform.
Time-series inputs are encoded to a fixed-sized vector using a TCN where
a set of fully connected layers are used to convert the encoded vector
to the probability of delirium. Xt represents the input at time point t.
ht represents the hidden latent fixed vector size that encodes previous
time points. N and ℓ are the number of layers of the TCN and the fully
connected layers respectively.
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8.1 delirium classification from eye movements model

The TCN for the task of predicting delirium from temporal eye movement

data is composed of 8 temporal layers followed by 6 fully connected linear

layers; Figure 8.1 illustrates the architecture. Each temporal block consists of

a 1 dimensional convolutional filter, with a channel size of 256 and a kernel

size of 7 followed by a non-linear activation function (ReLU) and dropout

(p = 0.05) for regularisation. The output of the network is thus the probability

of delirium given the labelled sequence of temporal eye-movements.

8.2 delirium classification from point of regard model

Similar to the above model, this TCN aims to predict delirium from the

temporal PoR data. The part of the scene that the patient is looking at, the PoR,

was extracted as per Chapter 6. A crop of the scene, a 224 × 224 patch, was

then encoded into a 1024 length vector using a ResNet-52 neural network

pre-trained on ImageNet (He et al., 2015). Thus, the inputs into the TCN (Xt

in Figure 8.1) are thus the fixed-length vectors.

The model is composed of an 8-layer TCN followed by 5 fully connected

linear layers. Each temporal block consists of a 1 dimensional convolutional

filter, with a channel size of 512 and a kernel size of 7 followed by a non-linear

activation function (ReLU) and dropout (p = 0.05) for regularisation (Bai,

Kolter, and Koltun, 2018).

8.3 training regime

AdamW optimiser was used with hyper-parameters β1 = 0.9, β2 = 0.99

and a learning rate of 1 × 10−3 (Loshchilov and Hutter, 2018). Nested cross-

validation was used for hyper-parameter optimisation with early stopping for
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further regularisation. Given that our data is balanced, non-weighted binary

cross-entropy was used for the loss function.

A random search optimisation strategy was utilised to find the optimal

set of hyper-parameters to maximise performance. A nested cross-validation

scheme was used where the training dataset was split into 10 folds where

9 folds were used to train a model with specific hyper-parameters and the

last fold was used for validation repeated 10 times and the results aver-

aged (Browne, 2000). The hyper-parameter optimisation random search was

bounded within the accepted range of each hyper-parameter. The tuned

hyper-parameters were: TCN layers, channel size, kernel size, number of fully

connected layers, learning rate, ℓ2 regularisation, and dropout rate (Bergstra

and Bengio, 2012; Gal and Ghahramani, 2016). The best performing model’s

parameters were stored and used for validation with the best-validated model

used for testing.

The performance of the models are presented using Receiver Operator

Characteristic (ROC) and Precision-Recall Curve (PRC) curves with their sum-

mary statistics of Area Under Receiver Operator Curve (AUROC) and mean

Average Precision (mAP). Calibration is presented using the Brier score. Fur-

ther details of these were presented in Section 2.6.

8.4 threshold selection

To identify the threshold at which to dichotomise the probabilistic output

of the models, we plotted a sweep of the threshold between 0 → 1 and

calculated the F-1 score, the harmonic mean of the precision and recall at

each threshold.
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Figure 8.2: Receiver Operating Characteristic Curve as a performance indicator of the
TCN for the binary classification task of diagnosing delirium. Two models
are presented, an eye-movements only model, and a PoR model. The eye-
movements model classifies delirium based on time-series eye movement
data, namely the horizontal and vertical eye angles of each fixation with
an AUROC of 0.69. Whereas the scene model classifies delirium from time-
series PoR data to an AUROC of 0.78. Both classification models use the
architecture in Figure 8.1.

8.5 results

A total of 169, 941 fixations across 262 sessions between Chelsea & West-

minster Hospital (CWH) and West Middelsex Hospital (WMH) were recorded.

Data from CWH was used for training and hyper-parameter optimisation

whereas data from WMH was used for external validation only. Results in the

following sections are reported using validation data from WMH only.

8.5.1 Eye movement differ between patients with and without delirium

If visual attention is a good surrogate marker of cognitive attention, then eye

movement behaviour would be different between patients who are delirious

and those who are not. To test this hypothesis, we trained a model to clas-
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Figure 8.3: Precision-Recall Curve as a performance indicator of the TCN for the bi-
nary classification task of diagnosing delirium. Two models are presented,
an eye-movements only model and a PoR model. The eye-movements
model classifies delirium based on time-series eye movement data achiev-
ing an Area Under the Precision Recall Curve (AUPRC) of 0.80. Whereas
the scene model, that contains time-series PoR data, achieves an AUPRC of
0.83. Both classification models use the architecture in Figure 8.1.
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Figure 8.4: The proposed classifier’s recall split by patient’s Early PREdiction of
DELIRium in ICu patients (E-PRE-DELIRIC) score. Both the eye movements
model and the scene model demonstrate good re-call throughout the
range of potential risk as calculated by E-PRE-DELIRIC. Probability thresh-
old for recall calculation was set to maximise the F1-Score.
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Figure 8.5: The proposed classifier’s precision split by patient’s E-PRE-DELIRIC score.
Both the eye movements model and the scene model demonstrate ade-
quate precision throughout the range of potential risk as calculated by
E-PRE-DELIRIC. Probability threshold for precision calculation was set to
maximise the F1-Score.
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Figure 8.6: Normalised Calibration Plots of the mean predicted risk against the
observed fractions for the two models tasked with delirium classification
by eye movements or PoR time-series data. Numbers in brackets represent
the Brier calibration score.

sify delirium purely based on the angles of the patient’s eye fixations. The

intuition is that, if a model, acting as a universal approximation function,
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Figure 8.7: Threshold sweep against the F1 score at that threshold where the thresh-
old at the maximum F1 Score is the optimal point to dichotomise the
probabilistic output of the classification models. Numbers in brackets
represents the F1 score and the thresholds at that F1-Score.

can identify temporal differences of eye movements through its classification

validation accuracy, then, a difference exists in the eye movements of delirious

and non-delirious patients. The blue plots in Figures 8.2 and 8.3 demonstrates

that the model achieves adequate discriminatory validation performance

with an AUROC of 0.69 and a mAP of 0.80 indicating that eye-fixation-angle

statistics differ between delirious and non-delirious patients.

8.5.2 Point of Regard differs between patients with and without delirium

Eye movement behaviour differences could either be a result of the intrinsic

cerebral activity or a result of extrinsic visual information. To answer the

question as to what is driving eye movements in delirious and non-delirious

patients, we trained another model that uses scene information. The intuition

here is that if eye movements are not reactive to the environment, then a

model would not be able to classify delirium from scene information coming

from a delirious episode or a non-delirious episode.
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Thus, a crop of the scene that forms the PoR of the participant’s fixation

was extracted and a model was then trained on the time series of PoRs. This

model demonstrates an increase in the discriminatory performance of the

classifier to an AUROC of 0.78 and a mAP of 0.83, a 9% increase in the ROC

and a 3% increase in the PRC curve when compared to the eye-fixation-angle

classifier as per the orange plots in Figures 8.2 and 8.3. This suggests that

the different eye movements of delirious and non-delirious recordings can be

accounted for, at least in part, by extrinsic scene information.

Stratifying by predicted delirium risk, our classifier is stable across a variety

of predicted delirium risk (Figures 8.4 and 8.5). The threshold to calculate the

recall and precision in Figures 8.4 and 8.5 was chosen so as to maximise the

F1-Score which was obtained in Figure 8.7. Figure 8.6 presents raw calibration

plots without post-hoc calibration.

8.6 conclusion

In this chapter, we have presented two models that classify delirium based on

eye-movements and PoR. These time-series models are simple in architecture

but provide robust classification performance on an external validation data-

set.

Using TCNs, we conducted two experiments. The first study looked at

eye movement fixation characteristics between delirium episodes and non-

delirium episodes where a time-series classifier was able to dichotomise

the data suggesting a significant difference. The second study answered the

question as to whether those eye movement differences could be explained

by scene information. If eye movements were intrinsic - i. e.originating from

internal mechanisms without any external influence, then a classifier trained

on scene information would not be able to discriminate between delirious

and non-delirious episodes. This study found that scene information, through
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the extraction of PoRs, increased classification accuracy suggesting that scene

information contributes to the eye movements characteristics of delirium.

The significance of these classifier is of wide importance to the AICU and

delirium clinicians. The classifiers, running on commercially available, low-

cost hardware, demonstrate that visual attention is diagnostic of delirium.

Specifically, the models, following appropriate regulatory approvals, could

be readily deployed across AICU automating the diagnosis of delirium where

they are envisaged to aid in the timely diagnosis and prompt treatment of

delirium and its underlying causes. By utilising two cameras, working in

unison around the bed-space, the patient is left un-instrumented ensuring

clinical safety while the delirium status of a patient is continuously and

non-invasively measured and recorded. Naturally, these classification models

would require further evaluation in a prospective setting to aid in the wide-

spread adoption of this platform. Architectural improvements including

feature engineering are left for future work which is aimed at maximising

classification performance.

Despite these successes, this finding requires further understanding - what

scene information differs between session with delirium compares to ones

without? This is discussed in the following chapter.



9
C O M P E T I N G F O RWA R D M O D E L S A S A S O L U T I O N T O

T H E I N V E R S E YA R B U S P R O B L E M

Whilst Chapter 8 demonstrates that we can classify delirium based on eye-

movements and scene-information, the models themselves provide no ability

to explain their reasons for their outputs - specifically, the differences between

the eye-fixation-angle characteristics of episodes of delirium compared to

episodes without delirium. To achieve this explainability, we draw analogy

between delirium and the Inverse Yarbus problem. This chapter outlines

what that problem is and how we aim to solve it using a biologically inspired

approach.

9.1 the inverse-yarbus problem

The finding that eye movements are an overt manifestation of an internal

covert cognitive task being undertaken was a crucial finding of Yarbus’s

experiment, and has been termed ‘top-down’ attention (Yarbus, 1967). The

inverse Yarbus process, where the objective is to infer the internal cognitive

task from eye movements has had significant scientific attention with mixed

results. Work has called into question the validity of such an objective as a

particular gaze-pattern could map to several internal cognitive tasks, none of

which can be accurately measured (Greene, Liu, and Wolfe, 2012).

However, success has been had in applying a wide range of computational

algorithms in specialist domains and data sets. An ensemble of Support

Vector Machines (SVMs) was used to classify task given gaze patterns and a

Fisher Kernel Learning method was used to reinterpret the inverse Yarbus

107
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problem (Greene, Liu, and Wolfe, 2012; Kanan et al., 2014; Kumar et al.,

2019). Hidden Markov Models (HMMs) were also developed for the task of

probabilistic inference under a Bayesian framework (Haji-Abolhassani and

Clark, 2014). Top-down causal network analysis was also carried out in an

effort to study the influence of specific tasks on distinct gaze statistics with

specific effort made to identify the most important eye-movement specific

statistic (Boisvert and Bruce, 2016). Lastly, inference of potential targets given

a specific search pattern was also attempted where given a-priori knowledge

of the object to be search, it was shown that it is possible to infer gaze patterns

specific to those objects. (Borji, Lennartz, and Pomplun, 2015).

Conversely to top-down attention, bottom-up gaze influences have also

been explored. These are image features that draw gaze fixations. Compu-

tational models under under free-viewing conditions, and thus without an

internal covert task, were developed resulting in a computational model that

models gaze patterns given the scene that the participant is looking at (Itti

and Koch, 2001; Koch and Ullman, 1987). Early models took inspiration from

biological findings of cerebral visual processing and output a saliency map

of what the viewer is likely to look at given the presented scene in a proba-

bilistic manner (Itti, Koch, and Niebur, 1998). Many other forms of saliency

computational models have been developed, each with their interpretation of

saliency (Borji and Itti, 2013).

Combining ‘top-down’ and ‘bottom-up’ attention has had little success.

Bayesian frameworks have been employed to integrate the two mechanisms

and while theoretical frameworks exist for the joint analysis, many stop short

at identifying key ‘top-down’ mechanisms and offer a uniform prior (Zhang

et al., 2008).

Focussing on eye-movement statistics, it has been demonstrated that par-

ticipants exhibit different distributions of fixation amplitudes and directions

under different tasks (Le Meur and Coutrot, 2016). Viewing natural scenes
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when the participants are freely viewing the scene results in a specific sac-

cade amplitude and direction while viewing a conversation between two

people results in significant attention given to the persons’ faces. These

context-dependent fixation behaviour as been termed ‘Saccade Biases’. Multi-

ple attempts have been made at modelling these biases with different data

sets providing evidence for the best fit for Gaussian, Cauchy and Laplace

distributions (Le Meur and Coutrot, 2016; Liu et al., 2013; Meur and Coutrot,

2016).

Building upon the theory of mind, and the computational architectures that

built upon it, namely Hierarchial Attentive Multiple Models for Execution and

Recognition (HAMMER), Hierarchical Modular Selection and Identification for

Control (HMOSAIC), and prior work on biologically inspired saliency models,

we propose an architecture that aims to infer the internal cognitive task given

time series Point of Regard (PoR) data in a probabilistic manner using multiple

competing forward models. (Demiris and Khadhouri, 2006; Gallagher and

Frith, 2003; Haruno, Wolpert, and Kawato, 2001, 2003; Le Meur and Liu,

2015). Forward models have been shown to be empirically present in the

visual processing hierarchy of humans under experimental conditions (Mehta

and Schaal, 2002). Our proposed architecture formulates multiple competing

forward models that are parametrised by the current PoR of the participant

and the scene which they are viewing. The models output a set of PoRs and

their likelihoods according to in-built parameters that are unique to each

forward model. Each forward model is then sampled and the Euclidean

distance between the predicted PoR and the actual PoR is calculated. This

results in a continuous measure of the correctness of that forward model. The

distances are normalised and a converted into probabilities. The forward

model with the highest probability ‘wins’ the fixation under a Winner Takes

All (WTA) scheme. We demonstrate the architecture’s utility under simulated

conditions where we tune the hyper-parameters of the models, followed by
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the exploration of the architecture’s validation accuracy in a visual search

task. We finally use the architecture on the data acquired as part of our

feasibility trial (see Chapter 7)

9.2 overview of architecture

Multiple competing forward models are built each using a pipeline composed

of saliency, saccade biases, and inhibition of return modules where the output of

one module is the input into the next. The first module is a saliency model

that, given a raw image, would output a probabilistic map of where fixations

are likely to result given an intrinsic definition of saliency. Coupled to each

saliency module is a simulation of eye gaze movement which is parametrised

by the current PoR and consists of two sub-modules. The first sub-module,

termed saccade biases, is a probability distribution that jointly encompasses

the amplitude and direction of the next fixation given the location of the

current fixation, which are often task-specific. The second module, inhibition

of return, captures the statistical probability that the current fixation inhibits

future fixations due to visual processing of the scene at that fixation. These

two sub-modules constrains the saliency model into an area of the scene that

the next fixation could plausibly reach. The result of each forward model

module is thus a list of possible fixations and their respective likelihood.

Given the list of fixations and their respective likelihood per forward model,

a Monte-Carlo sampling module outputs the correctness of the forward model

given the next gaze measurement from the participant PoRt+1. The correctness

of the forward model is thus the average distance the simulation’s predictions

are from the next fixation point PoRt+1. However, due to the errors of mea-

surement of the fixation point, simply outputting the density of the forward

model under fixation PoRt+1 would result in erroneous measurements. To
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alleviate this, the Euclidean distance between fixation PoRt+1 and the sample

from the set of simulated fixations is used instead of the Euclidean distance.

The result is a set of scores for each forward model with the forward model

that is most in-line with fixation PoRt+1 having the highest score. These

scores are then converted to probabilities using a modified soft-max function.

9.2.1 Saliency Models

One of the inputs into the forward model, part of the state, is the scene

image. This is used to that is used to calculate saliency, which is defined

as a two-dimensional discrete probability mass function that places density

in locations where fixations are expected. The mapping between the image

to probability mass function is heterogeneous in definition with multiple

saliency models defining the mapping according to different metrics. For this

architecture, no restriction on the metrics is placed but a selection of saliency

models should be coupled to potential tasks that the participants would be

undertaking and highlight potential areas of interest in the scene.

9.2.2 Saccade Biases

Rather than utilise pre-existing best fit distributions that aims to cover the

different tasks, we choose to not restrict the distribution of saccade biases and

thus use the least informative distribution – a Gaussian distribution centred

at the fixation with a 2◦ full-width-half-maximum.

9.2.3 Inhibition of Return

Once a participant has landed a fixation on a location, they are not likely to

look at that same location again shortly. This phenomenon has been termed
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of 0 in all image location except at fixa-
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(b) Inhibition of Return module demonstrat-
ing three fixations under decay. Probabil-
ity of fixation at all locations is 1.0 except
where fixations have occurred in the past.

Figure 9.1: Eye-movement specific modules used in the forward models as a solution
to the inverse Yarbus problem. Saccade Bias modelled in Figure 9.1a and
Inhibition of Return in Figure 9.1b. Saccade Biases are modelled as a
distribution with a baseline probability of 0.0 that extends to 1.0 within
the standard deviation set by the field of view. Inhibition of Return is
modelled as a cumulative distribution where the baseline inhibition is
1.0 indicating that no inhibition takes place following multiplication. At
each fixation, a Gaussian is placed that inhibits return to that location
where its probability decays back to 0.0. Three fixations are demonstrated
in various states of decay.

inhibition of return and can be modelled by a decaying inverse Gaussian

function over previous fixations (Le Meur and Liu, 2015), formally:

ior(x, t)=



















1, t = 0,
⌊

ior(x, t−1)− Φ(∥y − xt∥2) +
ξ

∑
k=1

Φ(∥y−xt−k∥2)
T

⌋

otherwise, ∀y ∈ Ω

(9.1)

where y ∈ Ω represents all locations in image Ω. x is the gaze point at time t,

Φ represents a Gaussian distribution parametrised by a standard deviation set

to 2◦ reflecting the width of the human fovea. ∥.∥2 is the Euclidean distance,

⌊.⌋ clips the values between [0, 1]. ξ is the number of fixations to consider

and is equal to min(T, t − 1) where T is nominally set to 8 (Le Meur and Liu,

2015).
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9.2.4 Prediction Error

Given the list of fixations and their probabilities per forward model, a Monte-

Carlo sampling module outputs the correctness of the forward model given

the next gaze measurement from the participant PoRt+1. The correctness of

the simulation encompasses the average distance the simulation’s predictions

are from the next fixation point PoRt+1. However, due to the errors of mea-

surement of the fixation point, simply outputting the density of the forward

model under fixation PoRt+1 would result in erroneous measurements. To

alleviate this, the Euclidean distance between fixation PoRt+1 and the sample

from the set of simulated fixations is used. A single forward model can be

represented mathematically as:

pGM = p(S) ∗ p(TOSM) ∗ p(IOR) (9.2)

where p(S), p(TOSM), p(IOR) are the probability mass functions for saliency,

saccade biases and inhibition of return respectively, and pGM represents

probability mass function resulting from forward model GM. pGM can then

be sampled using a Monte-Carlo sampling scheme and the expectation of

that sample is then:

d(PoRt+1)GM = En∼pGM
[1 − ∥n − PoRt+1∥2

√

Ωw
2 + Ωh

2
] (9.3)

where E is the expectation operator that samples n from set pGM for forward

model GM. ∥ ∗ ∥2 is the Euclidean distance operator of the argument ∗. To

normalise these measurements, the distances are normalised to the maximum

possible value (the diagonal of the scene image Ω). As smaller distances are
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more inline with measurement, and to covert these into probabilities, 1 minus

the quantity is used as the input into a softmax function:

σ(dh) =
e−βdh

∑
K
j=1 e−βdj

(9.4)

This results in a normalised distribution where the forward model that

is most in-line with fixation PoRt+1 has the highest probability. Parameter

β dictates the sharpness of the softmax function. A grid search strategy

was used to find a value for β that maximises separation while minimising

uncertainty. This is advantageous in a situation where a gaze point is between

two forward model predictions and the expected result is a stable softmax

result rather than one that oscillates.

9.2.5 Competition

Given that each forward model is imbuing a simulation of an expected

external observer, the forward model with the highest probability, and thus

the lowest error, is awarded the fixation in a Winner Takes All (WTA) strategy.

This results in counts of each forward model which can then be compared

across forward models.

9.3 validation

9.3.1 Experiments in Simulation

To test the accuracy of the architecture at classification, a 480 × 270 pixel

image composed of a red and blue circle aligned horizontally with a radius

of 50px was generated as illustrated in Figure 9.2. Two saliency images



9.3 validation 115

Figure 9.2: Illustration of the scene of the simulated environment under for validation
of the architecture using synthetic data. Two experiments were performed,
the first is a a constant task where fixations originated from the red circle,
and a switch task where fixation started in the red circle and then switched
to the blue.

were calculated from that image, one places all support under the red circle

whereas the other places it under the blue circle.

Fixation data was then simulated to originate from the centre of one of

the circles; in the first experiment, the gaze was simulated to originate from

the red circle constantly while in a second experiment, the gaze was set to

originate from the red circle and then switch to the blue circle. For each

experiment, a noise term to simulate gaze measurement error. Field of view

is set to equal the field of view of a human’s; 210◦ horizontally and 150◦

vertically.

Saccade biases were modelled empirically as a Gaussian distribution with

a full width at half maximum of 2◦. Inhibition of return is modelled as per

Section 9.2.3.

Figure 9.3 demonstrates the results. The constant task in Figure 9.3a is

reliably and consistently classified with high probability. The second task,

Figure 9.3b, where the gaze would switch between two forward models is

also detected with a sharp and immediate switch in probabilities. The ripple

in probabilities is due to the added noise term to the gaze. This experiment
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(a) Results for the biologically inspired architecture as a solution to to the inverse Yarbus
problem experiments. In this experiment, fixations are simulated to originate from the red
circle for 100 fixations.
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(b) Results for the biologically inspired architecture as a solution to to the inverse Yarbus
problem experiments. In this experiment, fixations are simulated to originate from the red
circle for 50 fixations and then switch to the blue circle for the remaining 50 fixations.

Figure 9.3: Simulation results for the architecture as a solution to the inverse Yarbus
problem. Two eye movement strategies are presented, a fixed strategy, and
a switch strategy. Various β parameters are explored aiming to maximise
the range of the softmax operator in Equation 9.4. Small values of β result
in encroachment of the two simulations’ probabilities while larger values
maximise classification distance but lose sensitivity to small changes.

also served as a method to grid-search a suitable value for β; a value of 50

was chosen for all subsequent experiments.

9.3.2 Visual Search Dataset

Zhang et al. ’s work on zero-shot invariant visual search produced a dataset

of fixations from participants looking for a target – a cartoon character that is

often hidden in a complex scene (Zhang et al., 2018). We use the oracle subset

of this dataset which truncates the list of fixations across subjects such that

the last fixation is the one closest to the target. This serves as the ground truth
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– the last fixation should be near target in sufficient proximity for the subjects

to declare that they have located the target. The objective of this experiment

is to ascertain the performance of the architecture in correctly classifying the

fixations on the target during a visual search task where multiple switches

between forward models occur.

Five saliency models were utilised that aim to explain the fixation strategies:

1. The ground truth bounding box around the target – this represents the

object in the scene that the participants are searching for.

2. A synthetic Not-Target dataset that is the binary opposite of the ground

truth supplied – this would represent any other search target for all

other objects

3. Itti’s saliency model aims to explain fixations in free-viewing in a

biologically plausible manner (Itti, Koch, and Niebur, 1998)

4. Spectral Residual Approach saliency model that uses aggregate image

data from an information gain perspective to highlight proto-objects

(Hou and Zhang, 2007).

5. Centre Bias model that places a two dimensional Gaussian distribution

on the centre – this model is used to demonstrate a control.

Rather than placing a restrictive prior on the task through modelling

specific saccade biases, we have chosen to model the saccade biases using

a non-informative Gaussian prior. This places the least restriction on the

possible eye movements that could occur. Inhibition of return is modelled as

per Section 9.2.3.

Figure 9.5 demonstrates the fixation and the outputs of the architecture for

all participants in the dataset viewing the same image. As the participants

search for the target, the score of each forward models change, all culminating

in the score of the target model being the highest – in line with the ground
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Figure 9.4: A box-plot of the last fixation scores across all subjects across all images.
Outliers presented with an open circle. Last fixation of the Target is cor-
rectly classified across all images and all subjects leading to the collapse
of the box-plot into a single line.

truth. Figure 9.4 demonstrates the probabilities of the last fixation where the

expectation is that the target saliency model is the highest as the ground

truth dictates that this should be the case.

9.3.3 Saliency Models for Delirium Understanding

Five saliency models were used, namely Itti, Spectral Residual Approach

for Saliency Detection (SRA), an Objects map, a Persons map, and finally a

Motion map. These correspond to a pyramidal increase in visual processing

complexity. Specifically, Itti’s saliency map was chosen as it proposes a

neurologically inspired approach that aims to explain which features in the

images draw the attention and has been found to map to a similar neuronal

representation in the primate superior colliculus (Itti, Koch, and Niebur,

1998; White et al., 2017). Increasing in visual processing complexity, SRA

was chosen as it focuses on frequency deviations in spectral space and is

thus a purely image-centric approach and has been shown to encompass

proto-objects (Hou and Zhang, 2007). Lastly, FasterRCNN is a deep-neural

network that detects objects and their corresponding bounding boxes in the
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Figure 9.5: Forward model probabilities for the subjects viewing the same image. All
fixations at the end of the search land on the target where the forward
model for the target correctly classifies the viewing patterns.

scene and thus represents the most complicated visual-processing saliency

map (Ren et al., 2015). The object detection saliency map consists of using

FasterRCNN as a backbone of object detection, where, object detections are

then rendered as a Gaussian blob centred on the centre of the object with a

full-width-half-maximum of the diagonal of the object’s bounding box.

The final two saliency maps detected are persons and motion respectively

as those are known to have specific neuronal encodings.

Examples of saliency alongside original images are presented in Figure 9.6.

9.4 forward models explain underlying attention mecha-

nisms in delirium

This section serves to outline how the proposed architecture was used for the

analysis of the data recorded as per Chapter 7. We explore the results and

discuss how the results fit with pre-existing work in delirium.
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As per Chapter 4, and as outlined in Figure 9.6, images from the scene

camera were used to calculate saliency maps. Five saliency maps were chosen

based on a hierarchy of increasing visual processing complexity – low-level

saliency that which places density on lines, edges, and areas of high contrast;

mid-level saliency which places density on shapes and proto-objects; and high-

(a) Demonstration of the setup around the bed-space, the scene camera located behind the
bed-space and the head-camera is facing the demonstrator. Saliency models are calculated
from the scene-camera images.

(b) View from the
Scene Camera

(c) Itti saliency

(d) Itti saliency
presented as
a probability
mass function
demonstrating
high frequency
details.

(e) SRA saliency

(f) SRA saliency as
a probability mass
function demon-
strating medium
frequency details.

(g) Object saliency

(h) Object saliency
as a probability
mass function
demonstrating
low frequency
details.

Figure 9.6: Original scene image and corresponding saliency maps as calculated by
Itti, SRA, and Object detection respectively. Note that the scene images
are blurred for privacy but saliency calculations occur at full resolution
without blurring. Note the finer saliency details of Itti’s saliency model
compared to SRA and Object respectively. SRA saliency produces proto-
images, shapes that can be objects or part of objects whilst Object saliency
produces only objects.
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level saliency which places density on complete objects (Hou and Zhang, 2007;

Itti, Koch, and Niebur, 1998; Ren et al., 2015). The final two saliency maps

detected persons and motion representing further higher-level functional

processing.

Each saliency map is then element-wise multiplied by the saccade bias

parametrised by the patient’s current fixation. The saccade biases are task-

dependent and form part of the top-down signal (Meur and Coutrot, 2016).

To avoid placing restrictive priors on the expected task that patients might

be performing per recording, a non-informative Gaussian prior was chosen

that has its centre at the fixation point with a full-width-half-maximum set

to 2◦ as demonstrated in Figure 9.1a. Lastly, to encourage scene exploration,

an inhibition of return module (Figure 9.1b) is used to avoid the exploration

of a scene that has already been viewed recently. The final result of the

pipeline is a set of possible fixations and their probabilities encoded as a

two-dimensional map.

A Monte-Carlo scheme samples from the predicted fixation map and

calculates the Euclidean distance between the sampled point and the patient’s

fixation and the expectation over those samples is then used as the accuracy

of the forward models’ prediction. Thus, the forward model with the highest

score is most in-line with the current viewing behaviour of the participant;

the pipeline is presented in Figure 9.7.

For each fixation of each recording session per participant, the forward

model’s probability is tallied in a WTA scheme. A table stratified by the label

of the recording session is then created. Null hypothesis testing using the

χ2 test was used where the null hypothesis is that the expected frequencies

of fixations do not differ between delirious and non-delirious patients with

significance set to P < 0.05.

Table 9.1 demonstrates the results of applying the forward models on our

dataset. Stratifying by delirious and non delirious episodes, all visual features
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Figure 9.7: A schematic of the proposed architecture as a solution to the inverse
Yarbus problem. Multiple forward models are stacked, each containing
a saliency, saccade bias, and inhibition of return modules which are
parametrised by the current fixation at time t. Each forward model’s cor-
rectness is then measured at the next fixation at time t + 1. The prediction
error is then normalised using a modified soft-max as per Equation (9.4).
Following normalisation, the forward model with the highest probability
is deemed the winner and allocated a point.
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received fewer fixations in the delirium patients compared to non-delirium

patients in a statistically significant manner. Testing across forward models

results in χ2 = 9.80 (p = 4.40 × 10−2).

Following on from Chapter 8 where we demonstrated that delirious and

non-delirious episodes have different eye-movement characteristics driven,

at least in-part, by extrinsic scene information, the question remained as to

what visual differences exist between delirious and non-delirious episodes. In

order to understand this, we developed a novel architecture that simulates

future fixations given the current scene and fixation. The forward models

demonstrated that delirious episodes are punctuated by visual in-attention to

many parts of the visual processing hierarchy. This finding is in keeping with

Electroencephalogram (EEG) findings of loss of high frequency power and

predominant low frequency (theta and delta bands) power in patients with

delirium (Koponen et al., 1989a; Numan et al., 2017; van der Kooi et al., 2015).

Our findings are also consistent with the network disconnectivity hypothesis

of delirium where, previously connected networks become disconnected thus

limiting the transfer of information between areas of the brain (Maldonado,

2013). Our results are also consistent with pre-existing Magnetic Resonance

Image (MRI) and Computed Tamography (CT)-Angiography literature on

delirium where occipital, parietal, and temporal lobe pathologies exist in

keeping with pathology in the visual processing hierarchy (Fong et al., 2006;

Koponen et al., 1989b; Yokota et al., 2003). Other radiological findings of

periventricular and deep white matter hyperintensities, and cortical atrophy

have not been accounted for by our results as our forward models were

restricted to the visual processing hierarchy (Figiel et al., 1989).
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Table 9.1: The tallied fixations for each forward model stratified by delirium and non-delirium episodes. Statistical significance testing using the χ2

test between the tallied probabilities of delirium vs non-delirium with the null hypothesis being of no difference.

Forward Model Delirium Fixations No Delirium Fixations χ
2 df P value

Low-Level 11282 14014 294 1 < 2.2 × 10−16

Mid-Level 11282 14011 295 1 < 2.2 × 10−16

High-Level 13729 16441 244 1 < 2.2 × 10−16

Persons 12596 15126 231 1 < 2.2 × 10−16

Motion 12531 15532 321 1 < 2.2 × 10−16

Total 61453 75162 9.80 4 = 4.40 × 10−2
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9.5 conclusion

This chapter focused on our proposed architecture for the inverse Yarbus

problem. By generating multiple hypotheses with saliency maps specified

a-priori, we can then simulate future fixations and then score the accuracy of

each forward model’s correctness. The forward model with the highest score

is most in-line with the current cognitive processes.

We validated this architecture in under simulation where we also found

optimal hyper-parameters. The hyper-parameters are then used for further

validation experiments from a visual-search dataset where the proposed

architecture correctly identified the task in all participants with high accuracy.

These experiments validated the architecture’s prowess for the understanding

the cognitive processes in patients with delirium.

The forward models were then used to analyse the eye movement data

gathered and where the results demonstrate that delirium episodes are

punctuated by global visual in-attention to low, mid, and high level visual

features, but also to persons and motion.
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10
C O N C L U S I O N S A N D F U T U R E W O R K

In this chapter, we will summarise our contributions, discuss the limitations

of our findings and provide direction for future work.

10.1 overview and contributions of the thesis

In this thesis, we outlined the clinical problem of delirium in Adult Intensive

Care Unit (AICU), the ramifications related to the development of delirium,

and how delirium has been changing throughout the years as intensive care,

as a speciality, has evolved.

We demonstrated that delirium can be classified from routinely collected

healthcare data of demographic, observational, and pathological variables.

However, the resulting model was merely an association engine without

significant explanatory power.

Thus, with the finding that in-attention is used in clinical scoring systems,

we sought to automate this process. This led to the development of a non-

invasive eye tracking platform that can regress the gaze-vector of a patient,

whether their eyes are open, and estimate the Point of Regard (PoR) in the

scene. This is all performed at a frequency that meets the Nyquist criteria, is

calibration free, and is clinically safe. We validated the accuracy and precision

of the platform compared to empiric requirements showing that it exceeded

requirements.

To do this, we developed a novel curriculum learning method that led

to state-of-the-art accuracy and performance in blink detection. We also

127
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developed a novel screen-space PoR estimation technique that is state-of-the-

art under rigorous conditions.

We then deployed the platform across two AICU, namely Chelsea & West-

minster Hospital (CWH) and West Middelsex Hospital (WMH), were we col-

lected daily recordings of recruited patients which were labelled with the

current delirium state of the patient. Then, in a supervised learning scheme,

trained two Temporal Convolutional Networks (TCNs) – one classified delir-

ium purely based on eye movements whilst the second used the estimated

PoR. These two networks demonstrated that eye-movements differ between

episodes of delirium and non-delirium which are driven, in-part, by scene

information.

To understand the results of these classifiers, we developed a novel archi-

tecture that uses a biologically inspired approach to fixation prediction. The

architecture consists of multiple competing forward models that are ran in

parallel and each output a distribution of possible next fixation which the

actual fixation is then measured against. The correctness of each generative

model is then tallied in a Winner Takes All (WTA) scheme.

The architecture was validated under stimulation, and, following hyper-

parameter tuning, was also validated using a visual search dataset. We then

used the architecture on the collected AICU dataset where we demonstrated

that episodes of delirium are punctuated by visual in-attention to low-level,

mid-level, high-level, persons and motion in a statistically significant manner.

10.2 limitations

In this section, we outlined the limitations of this thesis.
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10.2.1 Hypothesis

The definition of delirium requires the presence of cognitive and memory

dysfunction but scoring systems have been built and validated which replace

cognition and memory with consciousness and in-attention. Whilst these

scoring systems have been shown to be accurate, reliable, and easy to perform,

our entire hypothesis of visual in-attention is shouldered by the link of task

in-attention to visual in-attention. Anecdotally, and based on our clinical

experience, this hypothesis holds – many patients on AICU who are delirious

are also visually in-attentive (Exton and Leonard, 2009).

10.2.2 Longitudinal Healthcare Data

We responded to a call for research into mental health diseases as result

of the COVID-19 pandemic (Holmes et al., 2020). We thus used routinely

collected healthcare data to train a Long-Short Term Memory (LSTM) neural

network for the classification of delirium. The homogeneity of the disease

demonstrated the feasibility of approach. We used the first wave of COVID-19

at CWH to train the model and the second wave to perform validation. The

networks validated well with excellent performance and calibration. However,

the training of the network was limited by the relatively small number of

patients. A larger number of patients would increase the confidence of the

findings and facilitate prospective evaluation of the model.

10.2.3 Eye Tracking Platform

The eye tracking platform developed was accurate and precise, far exceeding

empirical requirements in AICU. However, its use was limited to facially normal

patients owing to the use of a face-detector and a facial-landmark extractor
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that was trained on an annotated dataset of celebrity faces. The faces of

patients in AICU are vastly different compared to the face of celebrities owing

to the medical equipment used on patients in AICU that change the appearance

of faces. Oxygen tubing, invasive venous access lines, and feeding tubes,

were all found to interfere with the platform either through an intermittent

failure to detect a face, and/or, incorrect facial landmark extraction. This

limitation was mitigated by tuning the facial-detection threshold prior to

every-recording but did result in the exclusion of a small number of recording

sessions due to failure of the system to track them adequately. This was

checked daily and recordings resumed when the platform was deemed to be

accurate again.

10.2.4 Delirium Classification using Temporal Convolutional Networks

Following the development and validation of our eye-tracking platform,

we deployed the platform across two hospitals and gathered recordings of

delirious and non-delirious patients. The dataset was used to train a TCN from

data collected from CWH and use data gathered from WMH for validation.

The number of recording sessions is a limitation to the external validity of

our models. Whilst one use would be the continuous classification of delirium

from eye-movement data, they served a purpose to understand if there is a

difference in eye-movements between delirious and non-delirious recordings

and the biological source of the difference.

In order to fully utilise the networks developed here, they would require

further recordings and prospective evaluation.
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10.2.5 Delirium Classification using Competing Forward Models

In order to explain the differences in visual-processing between delirious

and non-delirious episodes, we developed and validated a competing for-

ward models architecture ensuring a consistent baseline between participants.

We took inspiration from what is currently known about the neuronal rep-

resentations of the visual processing hierarchy in humans. The biological

inspiration was not a simulation, but a computational representation of the

functional units in the visual hierarchy. Thus, the immediate applicability of

the findings of our competing forward models architecture to neurology and

neuronal-circuitry is not possible. This would require further development of

computational models that further span higher cortical centres.

10.3 future directions

There are several directions in which this work can be built upon. In this

section, we aim to highlight a few.

10.3.1 Prospective Evaluation

The neural networks trained for the classification of delirium from eye-

movement or scene data could be prospectively evaluated. This would require

appropriate regulatory approvals, the on-boarding of several research and

development departments across several hospitals that have an AICU. This

would provide further external validity of the networks for the ultimate goal

of using the platform for the automated diagnosis of delirium.



132 conclusions and future work

10.3.2 Neuro-computational models

Given the success of the competing forward models at identifying differences

between delirious and non-delirious episodes, a finer grained approach that

is closer to the biological neuronal representation would facilitate a deeper

and fuller understanding of visual attention in delirium. This would identify

specific neuronal machinery that could be used as a therapeutic target.

10.4 epilogue

Delirium, a disturbance of cognition and consciousness, operationalised to be

a disturbance of memory and attention, has significant clinical consequences

and thus the prompt diagnosis is of importance. In this thesis, we highlighted

avenues for the classification of delirium and developed a novel platform

for the non-invasive acquisition of eye-movements from patients in AICU.

Despite the limitations described above, we believe that the work presented

describes a path towards improved delirium detection for the ultimate goal

of improving patient care.
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AU T H O R ’ S P U B L I C AT I O N S

This section presents all peer-reviewed publications that resulted from this

thesis. For each publication, we provide a summary, the full reference, and

indicate how each publication relates to the thesis.

Al-Hindawi A, Vizcaychipi MP, Demiris Y. Faster, Better Blink Detection

through Curriculum Learning by Augmentation. In 2022 Symposium on Eye

Tracking Research and Applications 2022 Jun 8 (pp. 1-7).

doi:10.1145/3517031. 3529617

In this article, we present an algorithm for training of a blinking

classifer that combines Curriculum Learning and Data Augmen-

tation into a training regime called Curriculum Learning by Aug-

mentation (CLbA). The training regieme results in a state-of-the-art

blink detector whilst using a smaller, and thus more performant,

neural network.

This article contributed to Chapter 5

Al-Hindawi A, Vizcaychipi MP, Demiris Y. What Is The Patient Looking At?

Robust Gaze-Scene Intersection Under Free-Viewing Conditions. In ICASSP

2022-2022 IEEE International Conference on Acoustics, Speech and Signal

Processing (ICASSP) 2022 May 23 (pp. 2430-2434). IEEE.

doi:10.1109/ICASSP43922.2022.9746437

In this paper, we present a dichotomisation scheme for the es-

timation of the Point of Regard (PoR) from a quasi-egocentric

perspective. This scheme reduced the number of point-ray inter-
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section calculations required whilst also being more accurate and

robust to sparse depth maps.

This paper contributed to Chapter 6

Al-Hindawi A, Vizcaychipi MP, Demiris Y. Continuous Non-Invasive Eye

Tracking In Intensive Care. In 2021 43rd Annual International Conference of

the IEEE Engineering in Medicine & Biology Society (EMBC) 2021 Nov 1 (pp.

1869-1873). IEEE.

doi:10.1109/EMBC46164.2021.9630999

In this paper, the eye-tracking platform for use in Adult Intensive

Care Unit (AICU) is presented alongside empiric evaulations of

its accuracy and performance. Posterior predictive checks on a

sample of patients in AICU demonstrate that the platform produces

distribution of data in-keeping with the training distributions.

The paper contributed to Chapter 4.

11.1 pending

The following articlces have been submitted and are currently under peer-

review:

Al-Hindawi A, Vizcaychipi MP, Demiris Y. Non-Invasive Eye Tracking for

the Diagnosis of Delirium in Intensive Care. Submitted to Nature Medicine

2022 Jun 14.

In this paper, we present the findings of our Temporal Convolu-

tional Networks (TCNs) in classifying delirium from eye-movement

data. We also present our theory of mind inspired hierarchical

competing forward models architecture which we demonstrate

http://dx.doi.org/10.1109/EMBC46164.2021.9630999
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that episodes of delirium are punctuated by visual in-attention to

a statistically significant degree.

The paper contributed to Chapters 8 and 9.





A
S C A N PAT H M E T R I C S

This appendix reports on a preliminary experiment in trying to ascertain

similarities between an observer and a baseline as a possible solution to

the inverse yarbus problem presented in Chapter 9. The models outlined

here were ultimately not used but could serve initial experiments for further

understanding of eye movements, specifically scan-paths.

Two main metrics have been created for the comparisons of scan paths

but challenges remain due to the complexities of what a scanpath represents.

Recently, an algorithm called MultiMatch was developed that fuses different

characteristics of scanpath metrics into a single metric. The aim of this

appendix is to compare and contrast MultiMatch with ScanMatch, a more

established scanpath comparison metric.

a.1 scanmatch algorithm

The ScanMatch algorithm is a variant on the Levenshtein distance metric

where the image is segmented into Regions Of Interests (ROIs) (Cristino et al.,

2010). Fixations are then encoded in terms of the ’hit’ on ROI. Durations

of fixation are encoded as multiple recurrent sequences of the ROI - the

’temporal bins’ have a fixed duration. Each ROI is coded as a string and string

comparison algorithms are then used to find alignment between two strings.

The Needleman-Wunsch algorithm globally aligns strings by using local

optimal alignment of sub-sequences to guarantee the best overall alignment.

The core of the algorithm is a substitution matrix that places a cost on the

substitution of one string for another; this matrix can be composed of any
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metric but the inverse of the Euclidean distance of the ROIs is often used; bins

are formulated based on the distance with positive scores given when the

distance is below threshold and a negative score when above. Differing length

strings are matched in length by the insertion of "gaps" - these have a penalty

score which can be inserted if they improve the overall global matching. The

score is then normalised.

The main drawbacks of ScanMatch has been its reliance on ROIs where

two fixations near boundaries of ROIs are given differing scores despite their

similarity. While this could be remedied by improved construction of the

substitution matrix, this requires foresight into the underlying processes that

created the scanpaths.

ScanMatch’s algorithm is also scan path shape invariant, a property which

is not ideal. Recent neurophysiological evidence suggests that the shape of the

scan path is highly relevant to the underlying cognitive processes (Johansson,

Holsanova, and Holmqvist, 2006).

a.2 multimatch

In trying to remedy the reliance of ScanMatch on ROIs, MultiMatch was

developed to addresses ScanMatch’s weaknesses by using a vector based

approach instead of ROI (Dewhurst et al., 2012). It also compares scan paths

along multiple dimensions of interest that would be sensitive to differing

processes; namely that of shape, position, length, direction and duration.

The algorithm is outlined in Figure A.1; the scan path vectors are compared

along a metric, usually Euclidean distance. An N × M Matrix is formed

where the elements of the matrix represent the metric (euclidean distance).

The matrix is then transformed to Adjacency Matrix A
(

k, l
)

and Dijkstra’s

algorithm is ran on A resulting in the shortest path. While Dijkstra’s algorithm

has been proven to find the shortest path in a graph (and in this case, a
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Table A.1: Distance metrics used in the evaluation of a scan path.

Dimension Distance Definition

Shape The vector difference between aligned saccade pairs

Length The difference in length between the end points of saccade
vectors

Direction Angular difference between the saccade vectors as a measure
of similarity in shape when saccadic amplitudes are different

Position The difference in position between aligned fixations using
euclidean distance

Duration This is the difference in fixation durations between aligned
fixations - a measure of processing time.

globally aligned scanpath), it does no guarantee optimal local matching

making the comparison of long sequences less reliable.

The matrix is normalised by the diagonal of the viewable area resulting

in a path that is normalised between 0 and 1 where 0 is a perfect match.

Table A.1 summarises the metrics.

a.3 dynamic time warping

Dynamic Time Warping (DTW) is an algorithm that globally aligns signals

that are often of differing lengths using dynamic programming (Berndt

and Clifford, 1994). The intuition is that locality based metrics often miss

better matching if the phases of the paths were slightly shifted - i.e. global

matching would be improved if one string would be ‘warped’ into the next.

The amount of warping necessary is the DTW distance. The algorithm starts

by the creation of an N × M matrix of distances (usually Euclidean) between

the two points. Dynamic programming then recursively matches the signals

according to the path of least resistance. This open strategy can lead to

spurious matches where the search space is continuously searched for a

better match due to its expansive nature, thus constraints have been imposed
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on the dynamic programming nature of the algorithm to ensure accurate and

speedy matching.

a.4 combining dtw and multimatch

One of the strength’s of Dynamic Time Warping (DTW) is it’s ability to

constrain the search space to maintain temporal coherency. The intuition here

is that it is not often ideal to match extremes of signals at the end of one

signal with the beginning of the other. Thus algorithms have been developed

to optimally constrain the search space for signal matching (Ratanamahatana

and Keogh, 2004).

This is in contrast to MultiMatch’s algorithm that relies on Dijkstra’s

algorithm for temporal coherency; while forward consistency is maintained,

matching is not performed to maintain locally optimality but finds the global

optimal shortest path. This has the effect that in scanpaths of differing

lengths, the matching fails to maintain local temporal coherency in favour for

an otherwise global match. This is due to DTW solving small repeated smaller

sub-problems and finding the optimal solution to this sub-problem rather

than Dijkstra’s finding the best fit globally.

We propose a solution to combine the strengths of MultiMatch with Dy-

namic Time Warping (DTW). Scanpaths are aligned within DTW using the

‘shape’ distance metric from MultiMatch in an initialisation step. Once initial-

isation is complete, aligned scan paths are then compared using the 3 other

MultiMatch metrics without further alignment. This ensures local consistency

and has the side effect of being a simpler algorithm.
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(a) Hypothetical scan paths where each suc-
cessive vector scan path is labelled tempo-
rally.

(b) Matrix M(i, j) with six elements and
weights indicating the similarity between
saccade vectors. Allowed transitions (adja-
cency indicator) are indicated by smaller
arrows. Weights Wn are calculated based
on differing dimensions of interest as per
Table A.1.

(c) Adjacency matrix, A(k, l) (d) Graph build according to the adjacency
matrix with the shortest path highlighted
in red.

Figure A.1: Multimatch Algorithm where Subfigure A.1a is the scan paths to com-
pare. Figure A.1b is the comparison matrix according to a predefined
metric. Subfigure A.1c is the adjacency matrix calculated from the com-
parator matrix in Figure A.1c. A graph is then constructed from top left
to bottom right and Dijkstra’s algorithm is used to find the shortest path
as per Figure A.1d (Jarodzka, Holmqvist, and Nyström, 2010).

a.4.1 Validation of MultiMatch DTW

The modification of MultiMatch through the use of DTW has since been

validated in a simulation of scan-paths. A total of 6000 sets of scan-paths

were generated where each set contains two scan paths that were randomly
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Figure A.2: Example of an interpolation between two scan-paths, sp1 (blue) and
sp2 (orange). sp3 (green) is being interpolated with the corresponding α
values from sp1 into sp2.

generated using a uniform distribution with an emulated size of 640 × 480

pixels. A third scan-path was interpolated between the first and the second

scan-paths using:

sp3 = (1 − α) sp1 + αsp2 (A.1)

where α is the interpolation constant that ranged from 0.1 to 0.9 in 9 steps;

Figure A.2 demonstrates an example of this.

The metrics of position, direction, shape and length were calculated for

the comparison using S (sp1, sp3) and S (sp2, sp3) where S is a function

that returns the above referenced scan-path metrics. sp3 was labelled as

having been correctly classified if S (sp1, sp3) > S (sp2, sp3) . Figure A.3

demonstrates the validation results. The percentage of correctly identified

scan-paths is demonstrated for α <0.5 which demonstrates high confidence

of correct classification.
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Figure A.3: Validation result of combining MultiMatch with DTW. As sp1 is interpo-
lated to sp2 as sp3 using the interpolation constant α the classification
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B
T R I A L D O C U M E N T S

b.1 protocol

Included in this section is the protocol for Continuous Non-Invasive Eye

Tracking for the Diagnosis of Delirium (CONfuSED). The trial’s protocol has

been reviewed and approved by Research & Ethics Committee (REC) and

Health Research Authority (HRA) on the 27th of July 2020. The study gained

Sponsorship by Chelsea and Westminster Hospital NHS Foundation Trust and

was subsequently adopted by National Institute of Health Research (NIHR).

The following documents are part of the Site File – working documents

for clinical trials across the UK. Due to regulatory requirements, they were

authored in Microsoft Word; PDFs of the final versions are thus appended

here.
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1 Synopsis 

Study Title Continuous Non-Invasive Eye Tracking for the Early Detection 

of Delirium on the Intensive Care Unit 
Short Title/Acronym CONfuSED 

Study Design Feasibility/Pilot study 

Study Participants Adult patients admitted to HDU/ICU at high risk of developing Delirium 

Planned Sample Size 30 

Planned Study Period Eight to Twelve months 

 Objectives Endpoints 

Primary 

 

1. Demonstrate eye gaze correlates 
with CAM-ICU. 

2. Acceptance of the use of cameras 
and artificial intelligence on ICU 

Development of Delirium 
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2 Abbreviations 

CAM-ICU Confusion Assessment Method in ICU - A scoring system used for the diagnosis 
of Delirium on Intensive Care  

ICU Intensive Care Unit 

E-PREDELIRIC Early PREdiction of DELIRium in ICu patients - Linear regression model that 
estimates the probability of developing delirium from baseline characteristics  

SVM Support Vector Machine 

ICF Informed Consent Form 

PIS Participant/Patient Information Sheet  

CWFT Chelsea & Westminster NHS Foundation Trust 

ICMJE International Committee of Medical Journal Editors 

LSTM Long Short-Term Memory – a type of neural network module aimed at learning 
time related data. 

ICH The International Council for Harmonisation of Technical Requirements for 
Pharmaceuticals for Human Use 

NOK Next of Kin  

SOP Standard Operating Procedure 

CRF Case Report Form 
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3 Background & Rationale 

The use of technology in health care is increasing 
with some implementation even reaching 
mainstream news media attention. This has had 
the impact of increasing the amount of data 
available to health care professionals which had 
led to the development of sophisticated machine 
learning frameworks that have significant 
predictive power [2]. Intensive Care, as a medical 
speciality, is a highly reliant on technology. 
Patients in the Intensive Care Unit (ICU) are 
continuously and invasively monitored throughout 
their stay leading to the generation of massive 
amounts of data. Technology has also led to the 
development of sophisticated treatment modalities 
such as ventilators and dialysis machines. This speciality is also very welcoming to novel 
technology; recent work introduced the NAO robot into a subsection of Intensive Care known as 
the High Dependency Unit [3]. One of the main challenges for the future of intensive care is 
improving long term outcomes following survival of a critical illness. Many patients suffer with 
psychological sequelae following their intensive care stay that often result in a dramatic impact on 
their quality of life. The psychological sequelae often stem from the development of Delirium. 

Delirium is defined as transient temporally fluctuating disorder of cognition and memory. It can 
occur at any age, but it occurs more commonly in patients who are elderly and have compromised 
mental status [4]. This state can occur in any acutely unwell patient and those who are socially 
isolated but older patients are often at risk as they have lower functional cognitive reserves to deal 
with pathological insults, such as surgery, sepsis, metabolic derangements and burns [5, 6, 7, 8, 9]. 
The development of delirium in patients can be thought of in terms of organ failure. This metaphor 
has implications as new data has suggested that patients who develop delirium during their stay in 
hospital have increased mortality compared to patients who do not (Figure 1)[10, 11, 1]. A 
conservative estimate of the incidence of delirium in acutely unwell patients is 20% and has been 
reported as high as 80% [12, 10]. Thus, the temporaneous diagnosis is of paramount importance 
to facilitate timely individualised treatment. 

Current detection methods of delirium require manual assessment of the patient, usually performed 
by the bed-side nurse. The assessment takes the form of a question-answer response where the 
nurse asks questions that probe into the memory and cognition that are then presented as 
diagnosis. The most widespread scoring system is the Confusion Assessment Method in ICU 
(CAM-ICU) scoring system. The central tenant of CAM-ICU is ‘in-attention’ whereby the patient is 
asked to follow a command repeatedly that tests memory and executive function; the operator asks 
the patient to squeeze their hand every-time the letter ‘A’ is said, the operator then would spell 
‘SAVE A HAART’, a squeeze on letter other than ‘A’ or failed to squeeze on ‘A’ are considered 
errors, more than 2 errors classify delirium. This test is intermittent and labour intensive. 

Eye tracking has a long history in the diagnosis and monitoring of neuropsychiatric disease. The 
advent of high frequency eye tracking hardware and appropriate algorithms led to the automatic 

Figure 1: Mortality of patients with and 
without delirium demonstrating increased 
mortality of patients who suffer with 
delirium during the in-patient stay. 
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measurement and classification of saccades, fixations and smooth pursuit. These three eye 
movements, in conjunction with eye tracking paradigms, have led to the accurate and 

system setup. The contemporaneous diagnosis of schizophrenia and affective disorders [13, 14, 
15]. More recently, Zhang et al have developed an automated algorithm that monitors dementia 
through the use of non-invasive eye tracking technology [16]. 

Exton et al hypothesised that delirium could be diagnosed through eye tracking [17]. The 
hypothesis hinges on clinical experience backed by earlier work in other domains as outlined 
above but doesn’t shed light on the practical aspects of eye-tracking in delirious patients that are 
often phenotypically agitated and by 
definition have cognitive and memory 
dysfunction. Thus, the diagnosis of 
delirium through eye tracking is currently 
withheld by the lack of a robust technical 
solution that is amenable to the use with 
delirious patients. The current devices 
available are mounted on the user in the 
form of glasses or caps and are 
unsuitable for the use in patients with 
delirium. Calibration, a requirement of 
current technologies is a further hurdle 
which delirious patients cannot participate 
in due to their cognitive dysfunction. 

To this extent, we have developed a non-
invasive, continuous, near real-time, bed camera-based system that measures the gaze of a 
participant, the setup of which is show in Figure 2. Two cameras are required, one at the end of the 
bed (termed the head camera) that looks at the patient and measures their gaze while the other is 
behind the patient looking at the scene (termed the scene camera). State of the art convolutional 
neural networks are run for facial recognition and then gaze regression to then be subsequently 
mapped out in the reference frame of the scene camera. The system performs with superhuman 
level accuracy at 12-14Hz [18]. In order to understand the participant’s gaze behaviour, simulations 
of gaze behaviour are concurrently run from the scene camera and are then compared to the gaze 
of the participant. This results in a score of how attentive the participant to the scene presented to 
them compared to controls. This document outlines the Protocol for a feasibility study looking into 
the use of eye-tracking on ICU as a method of diagnosis of delirium. 

 

  

Figure 2: Render of the system demonstrating the 
two -camera system setup. The Camera placed at 
the back of the bed (Outlined in Red) is a depth 
camera while the camera looking at the patient 
(Outlined in Blue) is a normal 2D camera. Both are 
connected to a laptop situated below the bed. 
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4 Objectives and Outcome Measures/Endpoints 

In this trial, we seek to demonstrate feasibility of the system in continuously detecting ‘inattention’ 
as a subset of CAM-ICU in a small representative sample of patients on ICU at Chelsea & 
Westminster NHS Foundation Trust (CWFT). Table 1 demonstrates the objectives of the study and 
Figure 3 demonstrates the feasibility trial’s process as a flow chart. 

Objectives Outcome Measures/Endpoints 

Primary Objective Demonstrate eye gaze correlates with CAM-ICU 

Secondary Objectives Acceptance of the use of cameras and artificial intelligence on ICU 

Tertiary Objectives None 

Table 1: Table demonstrating the objectives of the feasibility study 
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5 Study Design 

Figure 3 demonstrates the study design process of the feasibility trial and the patient’s course 
within it. Inclusion & Exclusion are highlighted as per Section 5 with the study procedures in 
Section 6. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Patients arriving to ICU will be highlighted to the research team by the clinical team. The clinical 
team will seek permission from the patient, if capacitious, to inform the research team. If inclusion 
criteria are met and none of the exclusion criteria are present, then the patient is approached for 
consent. If the patient’s capacity means that they are not able to consent, then the patient’s 
relatives/friends will be approached for advice or, if not available, a nominated consultee will be 
appointed. A nominated consultee will be one of the Intensivists at Chelsea & Westminster Hospital 
who are not involved in the care of the patient at time of advice. If in their opinion, the patient would 
not raise an objection to participate in the study then the usual care to the patient continues and 
the system will be set up within the bed space of the patient. The system is only switched on 5 
minutes prior and 5 minutes following the assessment of Delirium by CAM-ICU. At any other time, 
the system is switched off and the lenses covered.  

 

Figure 3: Process of recruiting patients into the clinical trial. Green box represents 
decision/questions while red boxes indicate start/stop conditions. Blue box indicates the 
research points within the trial. 

Discharge 
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6 Participants 

6.1 Participant Identification 

We aim to recruit patients into the trial that represent the general population admitted to a general 
ICU. Thus, we aim to recruit all comers into ICU that meet our inclusion and exclusion criteria. 

6.2 Inclusion Criteria 

1. Aged >18 

2. Predicted Delirium as defined by the Early PREdiction of DELIRium in ICu patients (E-
PREDELIRIC) score ≥ 20% 

3. Expected length of stay ≥ 2 days 

6.3 Exclusion Criteria 

1. Non-concordant eyes 

2. Visual Impairment 

3. Dementia 

4. Inability for facial recognition and eye tracking to be performed reliably 

5. Lack of consent 

6. In-ability to perform CAM-ICU reliably  
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7 Study Procedures 

7.1 Recruitment 
Patients will be identified as potential study subjects in ICU by the clinical team referring to the 
research team. If found to be eligible for inclusion once evaluated with the relevant inclusion and 
exclusion criteria, the patient is to be consented using the standardised Informed Consent Form 
(ICF) by one of the registered study personnel. 

7.2 Consent 
Consent to enter this study is to be obtained in one of two ways; as the trial studies delirium, a 
capacity losing state, the assessment of capacity and thus consent is of paramount importance. 
Once the patient has been flagged as a potential study participant, the research team will perform 
an assessment of the patient’s capacity and if present, fully informed consent will be gained from 
the patient directly. This is done following a full verbal and written account of the study’s nature, 
purpose, risks and potential benefits. A Participant/Patient Information Sheet (PIS) will be provided 
and the patient will have the opportunity to deliberate for 24 hours. It will be clearly stated that the 
patient is free to withdraw from the study at any time for any reason without prejudice to future 
care, and with no obligation to provide the reason for withdrawal. Should the patient feel that 
further deliberation will not lead to a change in their decision and the researcher seeking consent is 
satisfied that the patient has retained, understood and deliberated on the information provided, 
then consent can be taken. Before any study specific procedures are performed, patients will 
personally sign and date the ICF. One copy of the signed ICF will be given to the patient, one copy 
of the signed ICF will be placed in the patient’s medical notes and the original signed ICF will be 
retained at the study site in the Investigator File.  

Should the participant’s mental state, competence and capacity, mean that they are unable to 
provide consent, the patient’s relatives/friends will be approached for advice using the same 
procedure as above.  

Should the a relative/friend not be available, then a nominated consultee will be sought. They will 
be one of the Intensivists at Chelsea & Westminster Hospital who are not involved in the care of 
the patient at time of advice. 

Should the patient recover their capacity, fully informed consent will be undertaken to ensure that 
their participation in the study is in-line with their wishes. 

7.3 Risks & Benefits 

As this is a purely non-invasive feasibility study, the risks to patients are minimal and surround 
privacy and no direct patient contact will occur as a result of the research equipment. However, as 
the camera equipment will surrounding the patient and could be deemed intrusive, two techniques 
will be employed to minimise privacy intrusion: 

1. Cameras will be turned off and lenses physically covered when not recording. 
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2. Recording happens at the discretion of the bedside nurse around the time their assessment 
of the patient’s mental state occurs as part of routine clinical practice. This ensures patient’s 
privacy and integrity are maintained throughout the recording. 

3. No direct recording of the images is performed, but the mathematical representation of the 
comparison between simulations and eye gaze behaviour is recorded instead. This avoids 
any intrusion on patient’s privacy and maintains integrity. 

7.4 Screening & Eligibility Assessment 
Patients’ eligibility will be decided upon prior to obtaining consent and a completed checklist for 
each patient will be attached to the consent form in the study folder. 

7.5 Ongoing Assessments 

Patient’s usual clinical care will not be affected by the assessments performed by this study. In our 
institution, CAM-ICU is performed at least twice daily and more so if there are changes to mental 
status. The system will be switched on 5 minutes prior to performing CAM-ICU and will record for a 
duration of 10 minutes following which, the system will be turned off and the cameras covered. 
This procedure will occur every time CAM-ICU is performed. Once per day, due to nursing 
scheduling, a questionnaire (Outlined in Section 13) will be given and filled by the current nurse. 
The sum of which will be analysed using qualitative methods. 

7.6 Discontinuation/Withdrawal of Participants from Study 

Each patient has the right to withdraw from the study at any time. In addition, the Investigator may 
discontinue a participant from the study at any time if the Investigator considers it necessary for 
any reason including: 

• Ineligibility (either arising during the study or retrospectively having been overlooked at 
screening) 

• Significant non-compliance with study requirements 

• Withdrawal of consent 

• Other reasons outlined here 

If a patient withdraws from the trial, data already collected with consent will be retained and used in 
the study. However, the patient will be given the option, but encouraged not to, remove their data 
from the study. No further data will be collected or any other research procedures carried out on or 
in relation to the patient. The reason for withdrawal will be recorded in the Case Report Form 
(CRF). 

Furthermore, the clinical and/or research team can stop the system in the event of any unexpected 
complication. 

The system (cameras, laptop and cables) will be cleaned in accordance with their CE marking and 
by the recommended methods as per the manufacturers. 
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7.7 Definition of End of Study 

The end of the study will be when 30 patients have been recruited and completed their 
participation in the trial.  
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8 Statistics & Analysis 

8.1 Description of Statistical Methods 

Eye gaze data from delirious and non-delirious episodes will be labelled accordingly and machine 
learning approaches aimed at classifying time-series data will be used. These include Support 
Vector Machines (SVMs) and Long-Short Term Memory (LSTM) neural networks. 

Questionnaire responses will be analysed using qualitative descriptive statistical methods such as 
bar graphs, median and interquartile ranges. 

8.2 Number of Participants 

Due to the novel nature of the system, no prior study exists to infer sample size and thus this is a 
feasibility study. The suggested sample size is thus 30 patients split into two groups as per [19]. 

In order to maximise the chance of delirious patients being recruited, we aim to use the E-PRE-
DELIRIC score, a linear regression model that aims to predict the development of delirium in ICU. 
The ICU at Chelsea & Westminster Hospital’s a median E-PRE-DELIRIC score is 20%. Thus, by 
only including patients above this threshold, the number of patients who develop delirium is 
maximised. Some of those "high-risk" patients will develop delirium, some of them won't. The 
patients who will develop delirium will then form the positive cohort of patients and the ones that 
don't become the experimental control group. As the patient's order of coming into ICU is 
stochastically random, confounders will be distributed between the patients who will become 
delirious and not delirious thus matching the two groups as best as possible. 

Recruiting patients with a higher than median E-PRE-DELIRIC score of 20% yields a theoretical 

minimum of 6/30 delirious patients. However, as the system operates at 10-20Hz, our recording 

speed is sufficient to overcome this small sample size. 

Each patient will have at least twice daily CAM-ICUs with 5-minute recordings either side (10 

minutes/recording = 20 minutes/day). Chelsea & Westminster Hospital’s ICU's median length of 
stay is 3 days giving circa 60 minutes of recordings/patient. The system runs at 10-20Hz 

generating at least ~40,000 data points/patient which are then labelled according to whether the 

patient was CAM-ICU positive or not. 

The ~240,000 data points generated from the potential 6 delirious patients is sufficient as that will 

saturate the best time series machine learning algorithms available with the other 24 patients 

serving as controls.  
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9 Data Management 

9.1 Access to Data 

Direct access will be granted to authorised representatives from the Sponsor or host institution for 
monitoring and/or audit of the study to ensure compliance with regulations. The trial may be 
monitored, or audited in accordance with the current approved protocol, ICH GCP, relevant 
regulations and standard operating procedures. 

9.2 Data Recording & Record Keeping 

Data will be stored on secure encrypted laptop at CWFT. The laptop will be stored in a locker that 
is locked using a 4-digit key code that is only known to the principal investigator. The locker is 
situated behind secured doors that are only accessible using preauthorised personnel using ID 
badges supplied under the security of CWFT. The room is situated in a corridor also secured using 
ID badges. Both the room and the corridor’s access are monitored continuously and access is 
recorded centrally.  
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10 Ethical & Regulatory Considerations 

10.1 Declaration of Helsinki 
The Investigator will ensure that this study is conducted in accordance with the principles of the 
Declaration of Helsinki. 

10.2 ICH Guidelines for Good Clinical Practice 

The Investigator will ensure that this study is conducted in full conformity with relevant regulations 
and with The International Council for Harmonisation of Technical Requirements for 
Pharmaceuticals for Human Use (ICH) Guidelines for Good Clinical Practice. 

10.3 Approvals 

All relevant documentation will be submitted to the NHS REC and host institution R&D 
departments. The Investigator will submit and, where necessary, obtain approval from the above 
parties for all substantial amendments to the original approved documents. 

10.4 Reporting 

An End of Study notification and final report will be submitted to the same parties. Trials will be 
registered to clinicaltrials.gov. 

10.5 Participant Confidentiality 

All CRFs will contain a unique study identification number but not the patients name or other 
personal identifiable data, to prevent identification of subjects involved in the study, and the 
Sponsor Subject ID Log will be used to cross reference patient’s identifiable information. Of note, 
access to data will be in-line with Sponsor Standard Operating Procedure (SOP) and will abide to 
the Guide to the General Data Protection Regulation (GDPR) 2018 principles / be carried out in 
accordance to GDPR 2018 principles. 

11 Publication Policy 

After the study has ended, all results, once analysed and interpreted, will be used to draft a 
manuscript for submission and potential publication to an appropriate scientific journal. The 
Investigators will be involved in reviewing drafts of the manuscripts, abstracts, press releases and 
any other publications arising from the trial. Authorship will be determined in accordance with the 
International Committee of Medical Journal Editors (ICMJE) guidelines and other contributors will 
be acknowledged.  
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13 Calculation of E-PRE-DELIRIC 

Table 2 lists the variables and regression coefficients for the accurate calculation of the E- 

PREDELIRIC linear regression scoring system [20]. 

 

Variable Regression Coefficient 

Age 0.025 

History of Cognitive Impairment 0.878 

History of Alcohol Abuse 0.505 

Admission Category  

  Surgery 0.000 

  Medical 0.370 

  Trauma 1.219 

 Neurology/Neurosurgery 0.504 

Urgent Admission 0.612 

MAP at time of ICU admission -0.006 

Use of corticosteroids 0.283 

Respiratory Failure 0.982 

BUN at time of ICU admission 0.018 

Table 2: Variables and regression coefficients used in the E-PREDELIRIC model, reproduced from 
[20]. 

 

In order to calculate the risk of delirium for each patient, the applicable variables’ regression 
coefficients are summed into a logit as per the following equations: 𝑙𝑜𝑔𝑖𝑡 = ∑(𝑇𝑎𝑏𝑙𝑒 2 𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑠) 

𝑅𝑖𝑠𝑘𝑜𝑓𝐷𝑒𝑙𝑖𝑟𝑖𝑢𝑚 = 11 + 𝑒+3.907+𝑙𝑜𝑔𝑖𝑡 
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14 Acceptability Questionnaire 

This questionnaire is designed to ascertain the acceptability of the use of cameras within this study 
on day to day activities of the nursing staff on ICU. This questionnaire is based on work by 
MacMurchy et al [21]. 

 

 

Question Answer 

Did participating in this study affect your ability to care for your patients? Yes/No 

Did participating in this study affect your interactions with patients/families? Yes/No 

Did participating in this study affect your interactions with other nurses? Yes/No 

Did participating in this study affect your interactions with doctors? Yes/No 
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b.2 declaration forms

This section includes the declaration forms for personal and nominated

consultees as approved by REC and HRA.
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Declaration form – For Nominated Consultee 

 
 

Continuous Non-Invasive Eye Tracking for 

the Early Detection of Delirium on the 

Intensive Care Unit (CONfuSED) 
 
 
The nominated consultee should complete the whole of this sheet him/herself. 
 

The study has been explained to me by: 

  

Prof/Dr/Mr/Mrs/Ms_____________________________________________________________ 

 

 

I am the nominated consultee for:  

 

___________________________________________________________________________ 
 

Please initial each box: 
 
 
I have read the Information Sheet version number _____ date___________. 
 
I have been given the opportunity to ask questions and discuss this study. 
 
I have received satisfactory answers to all my questions and received 
enough information about the study. 
 
I understand that once the person, for whom I am being asked  
to act as a nominated consultee, has regained  
capacity they will be given a participant information sheet and asked for  
their consent. 
 
I understand that I can request he/she is withdrawn from the study at any time, 
without giving any reason and without his/her care or legal rights being affected. 
 
I believe the person, for whom I am being asked to act as a nominated consultee, 
would not object to the access of their records by responsible individuals from 
the site, from the sponsor, and from regulatory authorities, where it is relevant 
to taking part in this research. 
 
 
I believe that _________________________would have no objection to taking  
part in this study. 
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          ___________ 

Name of    Date    Signature 

Nominated Consultee      

 

 

 

 

 

Person undertaking consultation: 

 

   

          ___________ 

Investigator Date  Signature 

 
 
 
 
1 copy will be given to the consultee; 1 copy will be kept in the electronic medical notes and the 
original will be added to the investigator site file. 
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Declaration form – For Relative/Friend 

 

Continuous Non-Invasive Eye Tracking for 

the Early Detection of Delirium on the 

Intensive Care Unit (CONfuSED) 
 
The relative/friend should complete the whole of this sheet him/herself. 
 

The study has been explained to me by: 

Prof/Dr/Mr/Mrs/Ms_____________________________________________________________ 

 

I am the (please circle) relative/friend of  

 

___________________________________________________________________________ 
 
 

Please initial each box: 
 
 
I have read the Information Sheet version number ______date___________. 
 
I have been given the opportunity to ask questions and discuss this study. 
 
I have received satisfactory answers to all my questions and received 
enough information about the study. 
 
I understand that once my relative/friend has regained capacity  
they will be given the information sheet and asked for their consent. 
 
I believe that my relative/friend would not object to the access of their records 
by responsible individuals from the site, from the sponsor,  
and from regulatory authorities, where it is relevant to 
my relative/friend taking part in this research.  
 
 
 
I believe that _________________________would wish to take part in this study 
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Signed_____________________________________________Date_________ 
 
 
 
NAME IN BLOCK CAPITALS________________________________________ 
 
 
 
 
 
 
 
 
 
 
 
Investigator’s signature________________________________ Date_________ 
 
 
 
NAME IN BLOCK CAPITALS________________________________________ 
 
 
 
 
1 copy will be given to the consultee; 1 copy will be kept in the electronic medical notes and the 
original will be added to the investigator site file. 
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b.3 consent forms

This section includes the consent forms for patients with capacity and for

when a patient regains capacity as approved by REC and HRA.
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Patient Consent Form for Participants when they regain 
capacity 

 

Continuous	Non-Invasive	Eye	Tracking	for	

the	Early	Detection	of	Delirium	on	the	

Intensive	Care	Unit	(CONfuSED)	
 

The participant should complete the whole of this sheet him/herself. 
 
The study has been explained to me by: 

Prof/Dr/Mr/Mrs/Ms_________________________________________________ 
 
 

Please initial each statement  
as it applies to you. 

 
 
I have read the Information Sheet version n.________date___________. 
 
 
 
I have been given the opportunity to ask questions and discuss 
this study. 
 
 
I have received satisfactory answers to all my questions and received 
enough information about the study. 
 
 
I understand that I am free to withdraw from the study at any time, 
without having to give a reason for withdrawing and without affecting 
my future medical care. 
 
 
I understand and agree to include the data already collected in the study.  
 
 
I understand my medical notes may be looked 
at by responsible individuals from the site, from the sponsor,  
and from regulatory authorities, where it is relevant to 
my taking part in this research.  
I give permission for these individuals to access my records  
that are relevant to this research.  
I give permission to other researchers associated with the  
project to access study data in an anonymised format. 
 
 
I give consent to remain in this study. 
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Signed_____________________________________________Date_________ 
 
 
 
NAME IN BLOCK CAPITALS________________________________________ 
 
 
 
 
 
 
 
Investigator’s signature________________________________Date_________ 
 
 
 
NAME IN BLOCK CAPITALS________________________________________ 
 
 
 
1 copy will be given to the participant; 1 copy will be added to the investigator site file and 1 
(original) will be kept in the medical notes. 
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Participant Consent Form – Patients with Capacity  
 

Continuous	Non-Invasive	Eye	Tracking	for	

the	Early	Detection	of	Delirium	on	the	

Intensive	Care	Unit	(CONfuSED)	
 

 

The participant should complete the whole of this sheet him/herself. 
 
The study has been explained to me by: 

Prof/Dr/Mr/Mrs/Ms_________________________________________________ 
 
 
Please initial each statement as it applies to you. 
 
I have read the Information Sheet version n.________date___________. 
 
 
I have been given the opportunity to ask questions and discuss 
this study. 
 
 
I have received satisfactory answers to all my questions and received 
enough information about the study. 
 
 
I understand that I am free to withdraw from the study at any time, 
without having to give a reason for withdrawing and without affecting 
my future medical care. 
 
 
I understand that data generated by my participation will be stored in 
a secure electronic database.  
 
 
I understand that sections of any of my medical notes may be looked 
at by responsible individuals from either Chelsea and Westminster  
Hospital or West Middlesex University Hospital or from 
regulatory authorities where it is relevant to my taking part in this  
research.  I give permission for these individuals to access my records 
that are relevant to this research. I give permission to other  
researchers associated with the project to access study data in anonymized 
format 
 
 
 
I agree to take part in this study. 
 
 
Signed__________________________________________Date____________ 
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NAME IN BLOCK CAPITALS________________________________________ 
 
 
Investigator’s signature________________________________Date_________ 
 
 
NAME IN BLOCK CAPITALS________________________________________ 
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b.4 information sheets

This section includes the information sheets to be given to nominated and

personal consultees as approved by REC and HRA.
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Continuous Non-Invasive Eye Tracking for 

the Early Detection of Delirium on the 

Intensive Care Unit (CONfuSED) 
Information Sheet –  Guidance for Nominated Consultees 

Invitation 
We feel that the patient is unable to decide for himself/herself whether to participate in this 
research.  
  
To help decide if the patient should join the study, we’d like to ask your opinion on whether or 
not you think they would have any objection to taking part. We’d ask you to consider what 
you know of their wishes and feelings, and to consider their interests. Please let us know of 
any advance decisions they may have made about participating in research. These should 
take precedence. 
 
If you decide the patient would have no objection to taking part, we will ask you to read and 
sign the consultee declaration form. We’ll then give you a copy to keep.  We will keep you 
fully informed during the study so you can let us know if you have any concerns or you think 
the patient should be withdrawn. 
 
If you decide that the patient would not wish to take part, it will not affect the standard of care 
they receive in any way. 
 
If you are unsure about taking the role of consultee you may seek independent advice.  
  
You do not have to act as a consultee, and we will understand if you do not want to take on 
this responsibility.  
 
What is the purpose of the study? 
Delirium, or confusion, is unfortunately very common in Intensive Care. This is in part due to 
the disease process, the new environment that the patient is in but also due to personal 
factors like age. If it occurs, it can have an impact on the treatment, length of stay in hospital, 
and ultimately the development cognitive impairment following discharge from the hospital. 
It is therefore very important that we diagnose delirium as promptly as possible to facilitate 
prompt treatment of its underlying cause. 
 
The usual method of diagnosing delirium is through the bedside nurse asking the patient a 
question and the patient giving an answer. We then score the patient’s answers and see 
whether the patient is delirious. We carry out these tests twice a day. This is very sensitive at 
diagnosing delirium but is manual, laborious, and only picks up the possibility of delirium once 
it’s performed and thus can miss episodes of delirium. 
 
Our aim in this research study is to find out whether eye tracking, in the form of two cameras 
placed around the bedspace, can automatically diagnose delirium. 
 
The cameras around the bedspace do not record the patient. They measure out what the 
patient is looking at and compare that against simulations of non-delirious patients. We 
hypothesise that patients who are looking at things in the scene in-line with the simulations are 
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not confused and ones that are not in-line with the simulations are confused; but we don’t know 
for certain, hence the study. 
 
It is important to say that patients’ individual results from this study will not be/have not been 
shared with members of the clinical team who are not involved in the study. The clinical care 
is separate from this study and the study has no impact on the care the patient will receive/has 
received. 
 
Why they are eligible? 
They have been chosen because they are 18 years of age or older, are in a high 
dependency/intensive care unit and that we think they have a more than a 20% (one in five) 
chance of developing delirium. 
 
Does my patient have to take part? 
You are under no obligation to say the patient should take part and, even if you do, you are 
free to withdraw them at any time without giving a reason. A decision to withdraw at any time, 
or a decision not to take part, will not affect the standard of care they receive in any way. 
  
Once the patient is able to give consent themselves, we will seek their consent to remain in 
the study and consent to use the data already collected.  
 
What will happen to the patient if they take part? 
The participation in the study is for the duration of the patient’s stay at the intensive care unit. 
If you agree for them to take part, they will receive the usual clinical care which is not affected 
by this study at all. This includes twice daily assessments of delirium through the question-
answer paradigm. In addition, we will add two cameras to the bed-space, one behind the 
bedspace looking out to what the patient is seeing and one in-front of them looking at them, 
both connected to a laptop. 
 
The cameras will be turned off and the lenses covered most of the day. Five minutes prior to 
the manual assessment of delirium, the cameras will be uncovered and the system switched 
on. The assessment will then take place and the cameras will continue for a further 5 minutes 
afterwards. 
 
The cameras do not record. They form a mathematical representation of the eyes and compare 
what the patient is seeing with what simulations are expecting and we record the similarity. 
 
What do the cameras do? 
The camera behind the bed (the scene-camera) looks at the scene in a similar manner to what 
the patient is seeing. This allows us to run simulations of what most people would look at given 
the same scene – this is called saliency. 
 
The camera in-front of the patient will look at the patient’s face, finds their eyes and measures 
the direction of their gaze. 
 
Combining the two cameras, we know where they are looking at. Comparing what they are 
looking at with the simulation is the goal of the system. We do not record the patient at all. 
 
What do they have to do? 
The patient will not need to do anything during the course of the study. 
 
What are the possible benefits of taking part? 
The analysis of eye tracking in intensive care may help form a continuous measure of delirium 
for future patients. 
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What if there is a problem? 
 
Complaints 
If you have a concern about any aspect of this study, you should ask to speak to the 
researchers who will do their best to answer your questions. 
 
Will the patient’s involvement in this study be kept confidential? 
Chelsea and Westminster Hospital NHS Foundation Trust is the sponsor for this study based 
in the United Kingdom. We will be using information from you and the patient in order to 
undertake this study and will act as the data controller for this study. This means that we are 
responsible for looking after your and the patient’s information and using it properly. Chelsea 
and Westminster Hospital NHS Foundation Trust will keep identifiable information about you 
and the patient for 5 years after the study has finished. 
 
Your and the patient’s rights to access, change or move your information are limited, as we 
need to manage your information in specific ways in order for the research to be reliable and 
accurate. To safeguard your and the patient’s rights, we will use the minimum personally-
identifiable information possible. 
 
How will we use information about the patient?  
We will need to use information from the patient for this research project. This information will 
include their name, surname, date of birth, NHS number, hospital number and contact details. 
People will use this information to do the research or to check their records to make sure that 
the research is being done properly. 
 
People who do not need to know who they are will not be able to see their name or contact 
details. Their data will have a code number instead. We will keep all information about them 
safe and secure. Once we have finished the study, we will keep some of the data so we can 
check the results. We will write our reports in a way that no-one can work out that they took 
part in the study.  
 
What are your choices about how the patient’s information is used? 
You can stop the patient being part of the study at any time, without giving a reason, but we 
will keep information about them that we already have. We need to manage their records in 
specific ways for the research to be reliable. This means that we won’t be able to let you, or 
the patient see or change the data we hold about them.  
 
Where can you find out more about how your information is used? 
You can find out more about how we use the patient’s information by asking one of the research 
team (details of the principal investigator are at the bottom of the page)  
 

• at www.hra.nhs.uk/information-about-patients/  

• at https://www.chelwest.nhs.uk/about-us/research-development/gdpr-and-research or 

• by contacting the Data Protection Officer at DPO.Chelwest@nhs.net. 
 
Will the patient’s General Practitioner be informed? 
As this study is purely a data collection observational study of the patient’s time in intensive 
care, we will not inform the patient’s General Practitioners of the patients’ participation in this 
study. 
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What will happen to the results of the research study? 
If you or the patient wish to find out what the final results of the study are, we will be able 
contact you and the patient once we have completed it. It does tend to take some time to 
finalise the results from a study and so you or the patient may not hear from us for over a year. 
Our plan is to publish the results in an appropriate scientific journal so that others can read 
about and learn from the trial. Please note that you or the patient will not be identifiable in any 
publication related to this research. 
 
Who is organising and funding the research? 
It has been funded by Westminster Medical School Research Trust and it is being organised 
by Dr Marcela Vizcaychipi, Consultant in Anaesthesia at Chelsea and Westminster Hospital 
NHS Foundation Trust, and Dr Ahmed Al-Hindawi, Research Fellow in Anaesthetics also at 
Chelsea and Westminster Hospital NHS Foundation Trust.  
 
Who has reviewed the study? 
It has been peer reviewed by two Consultants in Intensive Care, both of whom have 
recommended the study be undertaken. 
 
Further information and contact details 
If you would like any further information about this trial, please contact the relevant study 
personnel as per the details below: 
 
Chelsea and Westminster Hospital NHS Foundation Trust 
Name: Dr Ahmed Al-Hindawi 
Position: Intensive Care Registrar, Magill Research Fellow 
Email: ahmed.al-hindawi@nhs.net 
Telephone, via Anila Qato, Anaesthetic Secretary: 02033158026 
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Continuous Non-Invasive Eye Tracking for 

the Early Detection of Delirium on the 

Intensive Care Unit (CONfuSED) 
Information Sheet –  Guidance for Relative/Friend 

Invitation 
We feel your relative/friend is unable to decide for himself/herself whether to participate in 
this research.  
  
To help decide if they should join the study, we’d like to ask your opinion on whether or not 
they would have any objection to taking part’. We’d ask you to consider what you know of 
their wishes and feelings, and to consider their interests. Please let us know of any advance 
decisions they may have made about participating in research. These should take 
precedence. 
 
If you decide your relative/friend would have no objection to taking part, we will ask you to 
read and sign the consultee declaration form. We’ll then give you a copy to keep.  We will 
keep you fully informed during the study so you can let us know if you have any concerns or 
you think your relative/friend should be withdrawn. 
 
If you decide that your friend/relative would not wish to take part, it will not affect the standard 
of care they receive in any way. 
 
If you are unsure about taking the role of consultee you may seek independent advice.  
  
You do not have to act as a consultee, and we will understand if you do not want to take on 
this responsibility.  
 
What is the purpose of the study? 
Delirium, or confusion, is unfortunately very common in Intensive Care. This is in part due to 
the disease process, the new environment that your relative/friend is in but also due to 
personal factors, like age. If it occurs, it can have an impact on the treatment, length of stay in 
hospital, and ultimately the development cognitive impairment following discharge from the 
hospital. It is therefore very important that we diagnose delirium as promptly as possible to 
facilitate prompt treatment of its underlying cause. 
 
The usual method of diagnosing delirium is through scoring the answers your friend/relative 
gives to some questions that their bedside nurse would ask them twice a day as part of their 
standard of care. This is very sensitive at diagnosing delirium but is manual, laborious, and 
only picks up the possibility of delirium once it’s performed and thus can miss episodes of 
delirium. 
 
Our aim in this research study is to find out whether eye tracking, in the form of two cameras 
placed around the bedspace, can automatically diagnose delirium. 
 
The cameras around the bedspace do not record your friend/relative. They measure out what 
they are looking at and compare that against simulations of non-delirious patients. We 
hypothesise that patients who are looking at things in the scene in-line with the simulations are 
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not confused and ones that are not-inline with the simulations are confused; but we don’t know 
for certain, hence the study. 
 
It is important to say that patients’ individual results from this study will not be/have not been 
shared with members of the clinical team who are not involved in the study. The clinical care 
is separate from this study and the study has no impact on the care that your relative/friend will 
receive/has received. 
 
Why they are eligible? 
They have been chosen because they are 18 years of age or older, are in a high 
dependency/intensive care unit and have a more than 20% (one in five) chance of developing 
delirium. 
 
Does my relative/friend have to take part? 
You are under no obligation to say your relative/friend should take part and, even if you do, 
you are free to withdraw them at any time without giving a reason. A decision to withdraw at 
any time, or a decision not to take part, will not affect the standard of care they receive in any 
way. 
  
Once your relative/friend is able to give consent themselves we will seek their consent to 
remain in the study and consent to use the data already collected.  
 
What will happen to my relative/friend if they take part? 
The participation in the study is for the duration of your relative’s/friend’s stay at the intensive 
care unit. If you agree for them to take part, they will receive the usual clinical care which is not 
affected by this study at all. This includes twice daily assessments of delirium through the 
question-answer paradigm. In addition, we will add two cameras to the bed-space, one behind 
the bedspace looking out to what your relative/friend is seeing and one in-front of them looking 
at them, both connected to a laptop. 
 
The cameras will be turned off and the lenses covered most of the day. Five minutes prior to 
the manual assessment of delirium, the cameras will be uncovered and the system switched 
on. The assessment will then take place and the cameras will continue for a further 5 minutes 
afterwards. 
 
The cameras do not record. They form a mathematical representation of the eyes and compare 
what your relative/friend is seeing with what simulations are expecting and we record the 
similarity. 
 
What do the cameras do? 
The camera behind the bed (the scene-camera) looks at the scene in a similar manner to what 
your friend/relative is seeing. This allows us to run simulations of what most people would look 
at given the same scene – this is called saliency. 
 
The camera in-front will look at your relative/friend’s face, find their eyes and measure the 
direction of their gaze. 
 
Combining the two cameras, we know what and where your relative/friend is looking at. 
Comparing what they are looking at with the simulation is the goal of the system. We do not 
record them at all. 
 
What do they have to do? 
Your relative/friend will not need to do anything during the course of the study. 
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What are the possible benefits of taking part? 
The analysis of eye tracking in intensive care may help form a continuous measure of delirium 
for future patients. 
 
What if there is a problem? 
 
Complaints 
If you have a concern about any aspect of this study, you should ask to speak to the 
researchers who will do their best to answer your questions. If you remain unhappy and wish 
to complain formally, you can do this by contacting the relevant Patient Advice and Liaison 
Service (PALS) as detailed below: 
 
Chelsea and Westminster Hospital NHS Foundation Trust 
Email: cwpals@chelwest.nhs.uk 
Telephone: 02033156727 
 
Harm 
If your relative/friend is harmed during the research and this is due to someone’s negligence, 
then they may have grounds for a legal action for compensation but they may have to pay their 
legal costs. The normal National Health Service complaints mechanisms will still be available 
to them. 
 
Will my relative/friend’s involvement in this study be kept confidential? 
Chelsea and Westminster Hospital NHS Foundation Trust is the sponsor for this study based 
in the United Kingdom. We will be using information from your relative/friend and their medical 
records in order to undertake this study and we will act as the data controller for this study. 
This means that we are responsible for looking after their information and using it properly. 
Chelsea and Westminster Hospital NHS Foundation Trust will keep identifiable information 
about you for 5 years after the study has finished. 
 
Your relative/friend’s rights to access, change or move your information are limited, as we need 
to manage their information in specific ways in order for the research to be reliable and 
accurate. To safeguard your rights, we will use the minimum personally-identifiable information 
possible. 
 
How will we use information about relative/friend?  
We will need to use information from your relative/friend for this research project. This 
information will include their name, surname, date of birth, NHS number, hospital number and 
contact details. People will use this information to do the research or to check their records to 
make sure that the research is being done properly. 
 
People who do not need to know who they are will not be able to see their name or contact 
details. Their data will have a code number instead. We will keep all information about them 
safe and secure. Once we have finished the study, we will keep some of the data so we can 
check the results. We will write our reports in a way that no-one can work out that they took 
part in the study.  
 
What are your choices about how your relative/friend information is used? 
You can stop your relative/friend being part of the study at any time, without giving a reason, 
but we will keep information about them that we already have. We need to manage their records 
in specific ways for the research to be reliable. This means that we won’t be ab le to let you, or 
your relative/friend see or change the data we hold about them.  
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Where can you find out more about how your information is used? 
You can find out more about how we use your relative/friend’s information by asking one of the 
research team (details of the principal investigator are at the bottom of the page)  
 

• at www.hra.nhs.uk/information-about-patients/  

• at https://www.chelwest.nhs.uk/about-us/research-development/gdpr-and-research or 

• by contacting the Data Protection Officer at DPO.Chelwest@nhs.net. 
 
Will my relative/friend’s General Practitioner be informed? 
As this study is purely a data collection observational study of your relative/friend’s time in 
intensive care, we will not inform their General Practitioner of their participation in this study. 
 
What will happen to the results of the research study? 
If your relative/friend wishes to find out what the final results of the study are, we will be able 
contact them once we have completed it. It does tend to take some time to finalise the results 
from a study and so they may not hear from us for over a year. Our plan is to publish the results 
in an appropriate scientific journal so that others can read about and learn from the trial. Please 
note that they will not be identifiable in any publication related to this research. 
 
Who is organising and funding the research? 
It has been funded by the Chelsea & Westminster Hospital NHS Foundation Trust and 
Westminster Research Fund. 
 
Who has reviewed the study? 
It has been peer reviewed by two Consultants in Intensive Care, both of whom have 
recommended the study be undertaken. 
 
Further information and contact details 
If you would like any further information about this trial, please contact the relevant study 
personnel as per the details below: 
 
Chelsea and Westminster Hospital NHS Foundation Trust 
Name: Dr Ahmed Al-Hindawi 
Position: Intensive Care Registrar, Magill Research Fellow 
Email: ahmed.al-hindawi@nhs.net 
Telephone, via Anila Qato, Anaesthetic Secretary: 02033158026 
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 Continuous Non-Invasive Eye Tracking for the Early Detection of Delirium on the Intensive Care Unit (CONfuSED) 
Information Sheet – Guidance for Patients Regaining Capacity 

Invitation 
You are currently taking part in a new research study. Earlier in your admission we felt that 
you were unable to decide for yourself whether to participate in this research. As such, we 
asked your relative/friend for their opinion and they advised us that, in their opinion, they 
thought you would have no objection to taking part. 
 
Before you decide whether to continue, it is important for you to understand why the research is 
being done and what it involves. Please take time to read the following information carefully and 
discuss it with a friend or relative if you wish. Ask us if there is anything that is not clear or if you 
would like more information. Please take time to decide whether or not you wish to continue 
taking part.   
 
What is the purpose of the study? 
Delirium, or confusion, is unfortunately very common in Intensive Care. This is in part due to 
your disease process, the new environment that you are in but also personal factors, like age. 
If it occurs, it can have an impact on your treatment, length of stay in hospital, and ultimately 
whether you develop cognitive impairment following your discharge from the hospital. It is 
therefore very important that we diagnose delirium as promptly as possible to facilitate prompt 
treatment of its underlying cause. 
 
The usual method of diagnosing delirium is through scoring the answers you give to some 
questions that your bedside nurse will ask you twice a day as part of your standard of care.. 
This is very sensitive at diagnosing delirium but is manual, laborious, and only picks up the 
possibility of delirium once it’s performed and thus can miss episodes of delirium. 
 
Our aim in this research study is to find out whether eye tracking, in the form of two cameras 

placed around the bedspace, can automatically diagnose delirium. 

 
The cameras around your bedspace do not record you. They measure out what you are looking 
at around you and compare what you are looking at against simulations of non-delirious 
patients. We hypothesise that patients who are looking at things in the scene in-line with the 
simulations are not confused and the ones that are looking at things which are not in-line with 
the simulations are confused; but we don’t know for certain, hence the study. 

 

It is important to say that patients’ individual results from this study will not be/have not been 
shared with members of your clinical team who are not involved in the study. Your clinical care 
is separate from this study and the study has had no impact on the care you have received. 
 
Why have I been invited? 
You have been chosen because you are 18 years of age or older, are in a high dependency 
/intensive care unit and we think you have a more than a 20% (one in five) chance of developing 
delirium. 
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We gave an information sheet, similar to this one, to your relative/friend earlier in your admission 
to hospital. On your behalf, your relative/friend advised that you would have wished to enter this 
study. If no relative was found, a nominated consultee was asked for their advice on your views 
and feelings about taking part in the study.In either case, this was recorded in a Consultee 
Declaration Form 
 
Do I have to continue to take part? 
At this point, it is entirely your decision whether or not you continue to take part. You are under 
no obligation to do so and you are free to withdraw at any time without giving a reason. A 
decision to withdraw at any time, or a decision not to continue taking part, will not affect the 
standard of care you receive. 
 
If you decide that you would like to continue to take part, you will be given this information sheet 
to keep and be asked to sign a consent form after you have discussed any questions you may 
still have with one of the investigators.  
 
What will happen to me if I continue to take part? 
The participation in the study is for your stay at the intensive care unit. We already taken some 
non-invasive measurements of your eyes and what you are looking at using the two cameras 
described above in a purely observational way.  
If you agree to continue to take part, we will continue to collect data, and use the data previously 
collected within the study.      
 

What do the cameras do? 
The camera behind the bed (the scene-camera) looks at the scene in a similar manner to what 
you’re seeing. This allows us to run simulations of what most people would look at given the 
same scene – this is called saliency. 
The camera in-front of you will look at your face, find your eyes and measure the direction of 
your gaze. 
Combining the two cameras, we know where you are looking at. Comparing what you are 
looking at with the simulation is the goal of the system. We do not record you at all. 
 

What do I have to do? 
You will not need to do anything during the course of the study.  
 
What are the possible benefits of taking part? 
The analysis of eye tracking in intensive care may help form a continuous measure of delirium 
for future patients. 
 
What if there is a problem? 
Any complaint about the way you have been dealt with during the study or any possible harm 
you might suffer will be addressed 
 
Will my taking part in the study be kept confidential? 
Yes. We will follow ethical and legal practice and all information about you will be handled in 

confidence. 
 
What will happen if I do not want to carry on with the study? 
If you decide to withdraw from the study, you can do so and the standard of medical care you 
receive will not be affected. We will stop the study and no further measurements will occur. 
You may withdraw the data already collected while you were lacking capacity, but we 
encourage you not to as it is important for the results of the study. 
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What if there is a problem? 
 
Complaints 
If you have a concern about any aspect of this study, you should ask to speak to the 
researchers who will do their best to answer your questions. If you remain unhappy and wish 
to complain formally, you can do this by contacting the relevant Patient Advice and Liaison 

Service (PALS) as detailed below: 
Chelsea and Westminster Hospital NHS Foundation Trust 
Email: cwpals@chelwest.nhs.uk 
Telephone: 02033156727 
 
Harm 
If you are harmed during the research and this is due to someone’s negligence, then you may 
have grounds for a legal action for compensation but you may have to pay your legal costs. 
The normal National Health Service complaints mechanisms will still be available to you. 
 
Will my taking part in this study be kept confidential? 
Chelsea and Westminster Hospital NHS Foundation Trust is the sponsor for this study based 
in the United Kingdom. We will be using information from you and your medical records in 
order to undertake this study and will act as the data controller for this study. This means that 
we are responsible for looking after your information and using it properly. Chelsea and 
Westminster Hospital NHS Foundation Trust will keep identifiable information about you for at 
least 5 years after the study has finished. 
  
Your rights to access, change or move your information are limited, as we need to manage 
your information in specific ways in order for the research to be reliable and accurate. To 
safeguard your rights, we will use the minimum personally-identifiable information possible. 
  
How will we use information about you?  
We will need to use information from you for this research project. This information will include 
your name, surname, date of birth, NHS number, hospital number and contact details. People 
will use this information to do the research or to check your records to make sure that the 
research is being done properly. 
 
People who do not need to know who you are will not be able to see your name or contact 
details. Your data will have a code number instead. We will keep all information about you safe 
and secure. Once we have finished the study, we will keep some of the data so we can check 
the results. We will write our reports in a way that no-one can work out that you took part in the 
study.  
 
What are your choices about how your information is used? 
You can stop being part of the study at any time, without giving a reason, but we will keep 
information about you that we already have. We need to manage your records in specific ways 
for the research to be reliable. This means that we won’t be able to let you see or change the 
data we hold about you.  
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Where can you find out more about how your information is used? 
You can find out more about how we use your information by asking one of the research 
team (details of the principal investigator are at the bottom of the page)  

● at www.hra.nhs.uk/information-about-patients/ 
● at  https://www.chelwest.nhs.uk/about-us/research-development/gdpr-and-research 
● by contacting the Data Protection Officer at DPO.Chelwest@nhs.net. 

  
Will my General Practitioner be informed? 
As this study is purely a data collection study of your time in intensive care, we will not inform 
your General Practitioner of your participation in this study. 

 
What will happen to the results of the research study? 
If you wish to find out what the final results of the study are, we will be able contact you once 
we have completed it. It does tend to take some time to finalise the results from a study and so 
you may not hear from us for over a year. Our plan is to publish the results in an appropriate 
scientific journal so that others can read about and learn from the trial. Please note that you 
will not be identifiable in any publication related to this research. 
 
Who is organising and funding the research? 
It has been funded by Westminster Medical School Research Trust and it is being organised 
by Dr Marcela Vizcaychipi, Consultant in Anaesthesia at Chelsea and Westminster Hospital 
NHS Foundation Trust, and Dr Ahmed Al-Hindawi, Research Fellow in Anaesthetics also at 

Chelsea and Westminster Hospital NHS Foundation Trust. 

  
Who has reviewed the study? 
It has been peer reviewed by two Consultants in Intensive Care, both of whom have 

recommended the study be undertaken. 

 
How will we use information about you?  
We will need to use information from your medical records for this research project.  
This information will include your NHS number held by Chelsea & Westminster Hospital NHS 
Foundation Trust.  People will use this information to do the research or to check your 
records to make sure that the research is being done properly. 
People who do not need to know who you are will not be able to see your name or contact 
details. Your data will have a code number instead.  
We will keep all information about you safe and secure.  
Once we have finished the study, we will keep some of the data so we can check the results. 

We will write our reports in a way that no-one can work out that you took part in the study. 
 
Further information and contact details 
If you would like any further information about this trial, please contact the relevant study 
personnel as per the details below: 
 
Chelsea and Westminster Hospital NHS Foundation Trust 
Name: Dr Ahmed Al-Hindawi 
Position: Intensive Care Registrar, Magill Research Fellow 
Email: ahmed.al-hindawi@nhs.net 
Telephone, via Anila Qato, Anaesthetic Secretary: 02033158026 
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 Continuous Non-Invasive Eye Tracking for the Early Detection of Delirium on the Intensive Care Unit (CONfuSED) 
Participant Information Sheet –  Adults with Capacity 

Invitation 
It is our pleasure to invite you to participate in a research study that is being undertaken at 
Chelsea and Westminster Hospital NHS Foundation Trust where we are hoping to find out 
how to best diagnose delirium in Intensive Care. 
 
Before you decide whether to participate or not, we would like you to understand why the 
research is being done and what it would involve for you. One of our team will go through the 
information sheet with you. Please discuss it with others if you wish to do so, feel free to ask 
us any questions and take the time to decide whether or not you want to be involved. 
 
Part 1  
 
What is the purpose of the study? 
Delirium, or confusion, is unfortunately very common in Intensive Care. This is in part due to 
your disease process, the new environment that you are in but also personal factors, like age. 
If it occurs, it can have an impact on your treatment, length of stay in hospital, and ultimately 
whether you develop cognitive impairment following your discharge from the hospital. 
It is therefore very important that we diagnose delirium as promptly as possible to facilitate 
prompt treatment of its underlying cause 
 
The usual method of diagnosing delirium is through scoring the answers you give to some 
questions that your bedside nurse will ask you twice a day as part of your standard of care.. 
This is very sensitive at diagnosing delirium but is manual, laborious, and only picks up the 
possibility of delirium once it’s performed and thus can miss episodes of delirium. 
 
Our aim in this research study is to find out whether eye tracking, in the form of two cameras 
placed around the bedspace, can automatically diagnose delirium. 
 
The cameras around your bedspace do not record you. They measure out what you are 
looking at around you and compare what you are looking at against simulations of non-
delirious patients. We hypothesise that patients who are looking at things in the scene in-line 
with the simulations are not confused and ones that are not-inline with the simulations are 
confused; but we don’t know for certain, hence the study. 
 
It is important to say that patients’ individual results from this study will not be shared with 
members of your clinical team who are not involved in the study. Your clinical care is separate 
from this study and the study will have no impact on the care you receive. 
 
Why have I been invited? 
You have been chosen because you are 18 years of age or older, are in a high dependency 
/intensive care unit and that we think you have a more than a 20% (one in five) chance of 
developing delirium. 
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Do I have to take part? 
Your participation in this research is completely voluntary and it is up to you to decide whether 
or not to take part. We will describe the study and go through this information sheet with you. 
If you agree to take part, we will then ask you to sign a consent form. You are free to withdraw 
at any time, without giving a reason. If you would prefer not to participate or withdraw from the 
trial at a later date, the standard of medical care you receive will not be affected. 

 
What will happen to me if I take part? 
You will receive the usual clinical care which is not affected by this study at all. This includes 
twice daily assessments of delirium (which consists of questions asked by your bedside 
nurse). In addition, we will add two cameras to the bed-space, one behind you looking out to 
what you’re seeing and one in-front of you looking at you, both connected to a laptop. 
 
The cameras will be turned off and the lenses covered most of the day. Five minutes prior to 
the manual assessment of delirium, the cameras will be uncovered and the system switched 
on. The assessment will then take place and the cameras will continue for a further 5 minutes 
afterwards. The cameras do not record. They form a mathematical representation of your eyes 
and compare what you are seeing with what simulations are expecting and we record the 
similarity. 
 
If you lose capacity during the study (for example because you developed delirium), we will 
ask a personal consultee or a nominated consultee to make sure that it is still your wish to 
continue taking part in the study. 
 
What do the cameras do? 
The camera behind the bed (the scene-camera) looks at the scene in a similar manner to what 
you’re seeing. This allows us to run simulations of what most people would look at given the 
same scene – this is called saliency. 
 
The camera in-front of you will look at your face, find your eyes and measure the direction of 
your gaze. 
 
Combining the two cameras, we know where you are looking at. Comparing what you are 
looking at with the simulation is the goal of the system. We do not record you at all. 
 
What will I have to do? 
If you agree to participate in this trial, there is no work to be done on your part – the cameras 
will be setup in the bed space and will be present till your discharge or if you wish to no longer 
take part in the study. 
 
If you do become delirious during your stay in ICU and thus lose capacity, we will continue to 
use the cameras throughout your stay in conjunction with normal clinical tests. 
 
What are the possible benefits of taking part? 
The analysis of eye tracking in intensive care may help form a continuous measure of delirium 
for future patients. 
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What if there is a problem? 
Any complaint about the way you have been dealt with during the study or any possible harm 
you might suffer will be addressed. Detailed information on this is included in Part 2. 
 
 
Will my taking part in the study be kept confidential? 
Yes. We will follow ethical and legal practice and all information about you will be handled in 
confidence. Details are provided in Part 2. 
 
This completes Part 1. If the information in Part 1 has interested you and you are 
considering participation, please read the additional information in Part 2 before 
making any decision. 
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Part 2 
 
What if relevant new information becomes available? 
Sometimes we receive new information about the treatment being studied. If this happens, 
your research doctor will tell you and discuss whether you should continue in the study. If you 
decide not to carry on, your research doctor will make arrangements for your care to continue. 
If you decide to continue in the study, he or she may ask you to sign an agreement outlining 
the discussion. 
 
What will happen if I do not want to carry on with the study? 
If you decide to withdraw from the study, you can do so and the standard of medical care you 
receive will not be affected. Information collected up until the point you withdraw from the study 
will still be used. 
 
What if there is a problem? 
 
Complaints 
If you have a concern about any aspect of this study, you should ask to speak to the 
researchers who will do their best to answer your questions. If you remain unhappy and wish 
to complain formally, you can do this by contacting the relevant Patient Advice and Liaison 
Service (PALS) as detailed below: 
 
Chelsea and Westminster Hospital NHS Foundation Trust 
Email: cwpals@chelwest.nhs.uk 
Telephone: 02033156727 
 
Harm 
If you are harmed during the research and this is due to someone’s negligence, then you may 
have grounds for a legal action for compensation but you may have to pay your legal costs. 
The normal National Health Service complaints mechanisms will still be available to you. 
 
Will my taking part in this study be kept confidential? 
Chelsea and Westminster Hospital NHS Foundation Trust is the sponsor for this study based 
in the United Kingdom. We will be using information from you and your medical records in 
order to undertake this study and will act as the data controller for this study. This means that 
we are responsible for looking after your information and using it properly. Chelsea and 
Westminster Hospital NHS Foundation Trust will keep identifiable information about you for 5 
years after the study has finished. 
 
Your rights to access, change or move your information are limited, as we need to manage 
your information in specific ways in order for the research to be reliable and accurate. To 
safeguard your rights, we will use the minimum personally-identifiable information possible. 
 
How will we use information about you?  
We will need to use information from you for this research project. This information will include 
your name, surname, date of birth, NHS number, hospital number and contact details. People 
will use this information to do the research or to check your records to make sure that the 
research is being done properly. 
 
People who do not need to know who you are will not be able to see your name or contact 
details. Your data will have a code number instead. We will keep all information about you 
safe and secure. Once we have finished the study, we will keep some of the data so we can 
check the results. We will write our reports in a way that no-one can work out that you took 
part in the study.  
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What are your choices about how your information is used? 
You can stop being part of the study at any time, without giving a reason, but we will keep 
information about you that we already have. We need to manage your records in specific ways 
for the research to be reliable. This means that we won’t be able to let you see or change the 
data we hold about you.  
 
Where can you find out more about how your information is used? 
You can find out more about how we use your information by asking one of the research team 
(details of the principal investigator are at the bottom of the page)  

• at www.hra.nhs.uk/information-about-patients/  

• at https://www.chelwest.nhs.uk/about-us/research-development/gdpr-and-research or 

• by contacting the Data Protection Officer at DPO.Chelwest@nhs.net. 
 
Will my General Practitioner be informed? 
As this study is purely a data collection study of your time in intensive care, we will not inform 
your General Practitioner of your participation in this study. 
 
What will happen to the results of the research study? 
If you wish to find out what the final results of the study are, we will be able contact you once 
we have completed it. It does tend to take some time to finalise the results from a study and 
so you may not hear from us for over a year. Our plan is to publish the results in an appropriate 
scientific journal so that others can read about and learn from the trial. Please note that you 
will not be identifiable in any publication related to this research. 
 
Who is organising and funding the research? 
It has been funded by Westminster Medical School Research Trust and it is being organised 
by Dr Marcela Vizcaychipi, Consultant in Anaesthesia at Chelsea and Westminster Hospital 
NHS Foundation Trust, and Dr Ahmed Al-Hindawi, Research Fellow in Anaesthetics also at 
Chelsea and Westminster Hospital NHS Foundation Trust.  
 
Who has reviewed the study? 
It has been peer reviewed by two Consultants in Intensive Care, both of whom have 
recommended the study be undertaken. 
 
Further information and contact details 
If you would like any further information about this trial, please contact the relevant study 
personnel as per the details below: 
 
Chelsea and Westminster Hospital NHS Foundation Trust 
Name: Dr Ahmed Al-Hindawi 
Position: Intensive Care Registrar, Magill Research Fellow 
Email: ahmed.al-hindawi@nhs.net 
Telephone, via Anila Qato, Anaesthetic Secretary: 02033158026 
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